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Dear Dr Lichand,

Thank you once again for your manuscript, entitled "The Impacts of Remote Learning in Secondary
Education: Evidence from Brazil during the Pandemic", and for your patience during the peer review
process.

Your Article has now been evaluated by 3 referees. You will see from their comments copied below
that, although they find your work of potential interest, they have raised quite substantial (and in
some cases, fundamental) methodological and conceptual issues. In light of these comments, we
cannot accept the manuscript for publication, but would be interested in considering a revised version
if you are willing and able to fully address reviewer and editorial concerns.

We hope you will find the referees' comments useful as you decide how to proceed. If you wish to
submit a substantially revised manuscript, please bear in mind that we will be reluctant to approach
the referees again in the absence of major revisions. We are committed to providing a fair and
constructive peer-review process. Do not hesitate to contact us if there are specific requests from the
reviewers that you believe are technically impossible or unlikely to yield a meaningful outcome.

Finally, your revised manuscript must comply fully with our editorial policies and formatting
requirements. Failure to do so will result in your manuscript being returned to you, which will delay its
consideration. To assist you in this process, I have attached a checklist that lists all of our
requirements. If you have any questions about any of our policies or formatting, please don't hesitate
to contact me.
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If you wish to submit a suitably revised manuscript we would hope to receive it *within 8 weeks*. We
understand that the COVID-19 pandemic is causing significant disruptions which may prevent you
from carrying out the additional work required for resubmission of your manuscript within this
timeframe. If you are unable to submit your revised manuscript within 6 months, please let us know.
We will be happy to extend the submission date to enable you to complete your work on the revision.

With your revision, please:

e Include a “Response to the editors and reviewers” document detailing, point-by-point, how you
addressed each editor and referee comment. If no action was taken to address a point, you must
provide a compelling argument. This response will be used by the editors to evaluate your revision and
sent back to the reviewers along with the revised manuscript.

¢ Highlight all changes made to your manuscript or provide us with a version that tracks changes.
Please use the link below to submit your revised manuscript and related files:
[REDACTED]

<strong>Note: </strong> This URL links to your confidential home page and associated information
about manuscripts you may have submitted, or that you are reviewing for us. If you wish to forward
this email to co-authors, please delete the link to your homepage.

Thank you for the opportunity to review your work. Please do not hesitate to contact me if you have
any questions or would like to discuss the required revisions further.

Sincerely,

Arunas Radzvilavicius, PhD

Editor
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Reviewer #3: education policy, education in developing countries
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Reviewer #1:

Remarks to the Author:

Following the worldwide school closures starting in March 2020, there has been an outpouring of
studies collecting data on the time use and academic outcomes of children and youth who are kept at
home. Many of these have been from Europe and the US, while data from other parts of the world
have been lacking. This study presents evidence from Brazil (Sao Paulo), which offers an important
case given the long duration of school closures and the developing country context.

The study is well-designed, using a differences-in-differences design that compares test scores before
and after remote learning to corresponding test score growth during the same period in the previous
year. It also implements a triple-difference design comparing differences between middle- and
high-school students in municipalities where the latter group was allowed to return to school. The
study finds large increases in incomplete grades (which they call "dropout risk") and drops in test
scores, as well as improvements in test scores among high-school students who were allowed to
return.

The study appears to confirm evidence from previous work. The design is close to that of Engzell et al
(2021), and better than most other studies. This study is also valuable for estimating treatment
effects across the age distribution, across population groups, and by local disease intensity. The
finding that disease intensity is mostly unrelated to student outcomes is important since it counters a
key objection to studies of learning loss in the wake of COVID: that they reflect wider impacts of the
pandemic and not that of school closures as such. The added analysis of the effect of school reopening
is well executed and does not have a parallel in existing literature.

My main concern is that the study is not appropriately contextualized with respect to existing studies
of COVID-induced learning loss. There are by now dozens of studies on this subject (see bibliography
below). Some of them are briefly discussed in the paper, but not until the concluding discussion. The
motivation of this paper with respect to other works needs to be made clear already in the
introduction. Specifically, the abstract and introduction overclaim when they say that "no study has
rigorously documented the educational impacts of remote learning relative to in-person classes within
primary and secondary education" and that "the evidence base for the impacts of remote learning is
thin".

To my mind, the main contributions of this paper is that it a) uses sound data and methods to expand
the evidence on COVID-induced learning loss, b) extends previous evidence centered on Europe and
the US to a Latin American country, c) studies population heterogeneity along several dimensions, and
d) studies the effect of school re-opening and not just closure.

In addition, I have several smaller comments on the analysis and discussion.

More information on the tests needs to be included. How were these designed and for how long did
the students sit them? Is there any sense of the reliability? Did the remote testing regime offer any
opportunities for cheating? Were the tests taken at Q1 and Q4 identical in design? If not, how was a
difference score calculated and what is its interpretation?
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To better allow comparison with existing work, effect sizes should be discussed in light of the exact
length of school closures. What is the expected loss per week of school closure, and what is the
expected gain per week of opening up? How does this compare to the estimates reported by Engzell et
al (2021) for a European country or Kuhfeld et al for the US?
(https://www.nwea.org/content/uploads/2020/11/Collaborative-brief-Learning-during-COVID-19.NOV
2020.pdf)

Test scores are markedly higher in 2020 compared to 2019. There are several potential reasons for
this: sample selection, mode effects on the test (online/take-home vs in person), and the simplified
curriculum during the pandemic. These points appear scattered throughout but need to be brought
together at some point in the text. Do the authors view any of them as a more likely explanation?

The main results report difference-in-difference estimates with 2019 as a single comparison year. I
assume that the results do not differ much if 2018 is used as a comparison instead, but this
information could be included to gauge the robustness. What is the estimate of (Q4 2020-Q1
2020)-(Q4 2018-Q1 2018)?

The introduction and discussion mention that in municipalities in which high school students were
allowed back, middle school students also partly returned. This information is not mentioned in the
subsection "Effects of Resuming In-person Classes", so a reader who skips to that section will be
puzzled about why attendance increased for both groups in Table 2.

The authors use incomplete grades as a proxy for dropout risk, arguing that enrollment was kept
artificially high by school administrators. This seems fine. But, incomplete grades do not appear to be
a very good predictor of dropout (Figure A.1). Please report the correlation in this figure. And as a
suggestion, why not call the outcome incomplete grades instead?

Figure B.1 suggests that most of the shortfall in test score growth occurred between Q1 and Q2 when
classes were supposedly still in person, and rates of learning were similar thereafter. Does this affect
conclusions about the efficacy of remote learning? Should we conclude that educators and families
struggled initially but eventually adapted with time?

Figure C.1-C.2. It seems unconventional to use a continuous density function to represent a discrete
outcome. These graphs could be made clearer if a histogram was used.

In the analysis of heterogeneous treatment effects by student demographics shown in Appendix D, no
coefficients or SEs are reported. There is little way to gauge the magnitude of these differences and
their significance. Adding these numbers would be helpful.

Table E.1 reveals that non-white, poorer and low-performing students are underrepresented in 2020.
The authors use propensity score reweighting to address this but confounding on unobservables might
remain. However, the fact that adjustment for observed confounders does not alter estimates much
between column (3) and (4)-(5) in Table 1 can be marshalled to claim that residual confounding is also
likely to be small.
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A key contribution of this paper is to study heterogeneity by local COVID incidence. The authors write
that "risk increased with local disease activity" but Figure F.1 largely looks like the absence of a
meaningful association to me. However, the detected case load depends on testing capacity. If
learning loss is larger in poorer communities and testing capacity correlates negatively with poverty,
null effects might be spurious. Is this a worry?

In referring to Supplementary Materials, please state the specific Figure/Table you are referring to.

Below is a partial list of relevant work. The authors do not need to cite all this, but they do need to
revise the abstract, introduction and discussion to reflect the fact that they are not alone in studying
the effect of school closures and remote learning during the pandemic.

* Ahn, Kunwon; Lee, Jun Yeong; and Winters, John V., "Employment Opportunities and High School
Completion during the COVID-19 Recession" IZA Discussion Paper

* Boruchowicz, Cynthia et al "Time Use of Youth during a Pandemic: Evidence from Mexico"
https://www.researchgate.net/publication/350122372_Time_Use_of_Youth_during_a_Pandemic_Evide
nce_from_Mexico

* Curriculum Associates, "Understanding Student Needs: Early Results from Fall Assessments"
https://www.curriculumassociates.com/-/media/mainsite/files/i-ready/iready-diagnostic-results-under
standing-student-needs-paper-2020.pdf

* Domingue, Hough, Lang, Yeatman, "Changing Patterns of Growth in Oral Reading Fluency During the
COVID-19 Pandemic"
https://edpolicyinca.org/publications/changing-patterns-growth-oral-reading-fluency-during-covid-19-
pandemic

* GL Assessment, "Impact of Covid-19 on attainment - initial analysis "
https://www.gl-assessment.co.uk/news-hub/research-reports/impact-of-covid-19-on-attainment-initial
-analysis/

* Gore, Jennifer, Leanne Fray, Andrew Miller, Jess Harris, and Wendy Taggart. "The impact of
COVID-19 on student learning in New South Wales primary schools: an empirical study." The
Australian Educational Researcher (2021): 1-33.

* Juniper Education, "The impact of the Covid-19 pandemic on primary school children’s learning"
https://21e8jl3324au2z28ej2uho3t-wpengine.netdna-ssl.com/wp-content/uploads/juniper_folder/Juni
per-Education-National-Benchmark-Dataset-Report.pdf

* Kofoed, Michael, Lucas Gebhart, Dallas Gilmore, and Ryan Moschitto. "Zooming to Class?:
Experimental Evidence on College Students Online Learning During Covid-19." IZA Discussion Paper

* Kogan, Vladimir and Stéphane Lavertu, "The COVID-19 Pandemic and Student Achievement on
Ohio’s Third-Grade English Language Arts Assessment"
http://glenn.osu.edu/educational-governance/reports/reports-attributes/ODE_ThirdGradeELA_KL_1-27
-2021.pdf

* Kuhfeld, Megan Beth Tarasawa, Angela Johnson, Erik Ruzek, and Karyn Lewis, "Learning during
COVID-19: Initial findings on students’ reading and math achievement and growth"
https://www.nwea.org/content/uploads/2020/11/Collaborative-brief-Learning-during-COVID-19.NOV2
020.pdf

* Orlov, George, Douglas McKee, James Berry, Austin Boyle, Thomas DiCiccio, Tyler Ransom, Alex
Rees-Jones, and Jérg Stoye. "Learning during the COVID-19 pandemic: It is not who you teach, but
how you teach." Economics Letters 202 (2021)
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* Pier, Hough, Christian, Bookman, Wilkenfeld, Miller, "Evidence on Learning Loss From the CORE Data
Collaborative" https://edpolicyinca.org/newsroom/covid-19-and-educational-equity-crisis

* RS Assessment "The impact of school closures on autumn 2020 attainment”
https://www.risingstars-uk.com/media/Rising-Stars/Assessment/RS_Assessment_white_paper_2021_i
mpact_of_school_closures_on_autumn_2020_attainment.pdf

* Schult, Johannes, and Marlit Annalena Lindner. "Did Students Learn Less During the COVID-19
Pandemic? Reading and Mathematics Competencies Before and After the First Pandemic Wave."
https://psyarxiv.com/pqtgf/

* Tomasik, Martin J., Laura A. Helbling, and Urs Moser. "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." International Journal of Psychology (2020).

* Weidmann, B., Allen, R., Bibby, D.,Coe, R., James, L., Plaister, N. and Thomson, D., "Covid-19
disruptions: Attainment gaps and primary school responses," Education Endowment Foundation.
https://educationendowmentfoundation.org.uk/public/files/Covid-19_disruptions_attainment_gaps_an
d_primary_school_responses_-_May_2021.pdf

Reviewer #2:

Remarks to the Author:

This paper analyses the impact of remote learning versus in person learning. To do so, the authors
exploit unique variation and data in Brazil. In the context of the COVID-19 pandemic, insights in the
difference between both education delivery forms is highly policy relevant. The estimated effects are
large, with standardized test scores of 0.32 SD and dropout risks of 365%. I also like that they show
that the negative effects are larger if schools did not offer online academic activities prior to the
pandemic. In fact, I think that the latter finding deserves even more attention than it received in the
submitted version of the paper.

e The authors have unique data, with quarterly standardized test scores in 2020. Unfortunately, there
is no information on which schools actually reopened. The authors circumvent this issue by using IV.
However, evidence from other countries shows that the leeway that schools receive is used in a
non-random way, with school characteristics correlating with the actual reopening. To the extent that
in the Brazilian education system more advantaged schools reopened sooner, the estimated effects will
be upward biased.

e More attention should be paid to defining the key variables. For example, how is remote learning in
Table 1 defined? For the dropout variable in Table 1: what about students without test scores in
Q2-Q3, and with a score in Q4, or vice-versa? In table 2, how are ‘in person activities’ defined? Why is
it not possible to define it as a continuous variable for the number of days that in person activities are
possible (as municipalities probably did not open simultaneously on the same day)?

¢ The analysis is Figure 1 is valuable. However, it is counter-intuitive that the risk of dropout is
decreasing from grade 9 onwards. I would expect that in the older grades, students would more easily
dropout than in the younger years. This might have to do with how the dropout variable is constructed
(i.e., a missing test result). Although the supplementary analysis clearly shows that a missing test
result is a good predictor for dropout in earlier years, during the pandemic this might be different.
More discussion and (anecdotical) evidence would be in place here. Related is the lack of an attrition
analysis. This might show whether there is (selective) attrition in the sample (and hence, the
dropout).
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e For the analysis in Table 2, more discussion and evidence is needed on the characteristics of
municipalities that allowed for reopening the schools. This might not be random, but correlated with
the socio-economic pattern of the municipality. Although this will be partly captured in the DiD
specification, the differences in trend can potentially still result in biased estimates. In Table 2 student
characteristics are matched (using what matching method?), but not municipality characteristics.
Given that students are non-randomly allocated in municipalities, I would be more interested in the
latter.

e It is unclear how the tests are standardized? Did you standardize them by quarter (and if so, how
can you compare the estimates without linking questions)? Please discuss this more extensively, as it
matters for the internal validity.

* Related to the earlier comment, the authors average math and Portuguese scores because for
Q4-2020 only the overall standardized test is available. However, the literature on COVID-19 learning
losses shows significant differences between subjects. In the approach taken, the estimates might
result in a regression to the mean. Therefore, the authors should also provide estimates (without Q4)
for the subjects separately.

e The COVID-19 crisis came as a surprise. In some education systems, there was initially a lack of
hardware and software. However, as time passed, education systems could adopt to the new situation.
Unfortunately, this might undermine the external validity of the estimates. On the bright side, given
that the authors have detailed quarterly data, the could examine how the availability of hardware and
software changed the estimated impact of online versus in person learning.

¢ There are significant differences (even in sign) between the naive estimates and the DiD estimates
in Table 1. Although this is briefly mentioned, a more profound discussion is needed as similar naive
estimates have been used broadly in earlier literature.

Reviewer #3:

Remarks to the Author:

The authors take advantage of a relatively unique situation during Covid, the application every quarter
in Sao Paolo Brazil of standardized achievement exams as well as the combination of some in person
and some online classes which potentially allows effects of online schooling on learning to be isolated.
The authors study both risk of dropout and impacts on learning and find large negative effects on the
risk of dropout and on learning during the pandemic. While the topic is of great interest and
importance, I have some concerns on the validity of the empirics which I detail below.

1. Defining students to be at risk of dropout if they do not take a quarterly exam applied online during
the pandemic strikes me as not very convincing indicator of dropout risk. The authors provide
evidence (in the supplementary material) this variable is correlated with actual dropout using
pre-pandemic data when students were attending in person classes. I do not believe this is a valid
exercise to demonstrate that the same indicator is a predictor of dropout during the pandemic when
all school activities are remote. I thus suggest the authors drop this analysis (or call it what it
is-probability of not taking the exam) or study the correlation between this variable and returning to
school later using actual data from the pandemic on to provide evidence that it effectively measures
dropout risk later on e.g. during/after the pandemic.

2. The impacts on learning using the two experiments (e.g. the period of closure to measure reduction
in learning and the period when some schools reopen to measure the improvement in learning) have
different results by an order of magnitude and this discrepancy casts doubt on what to believe about
the true impacts of learning losses. Table 1 (columns 3 to 5) suggests reductions in learning over 9
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months of online learning on standardized tests of 0.3 standard deviations whereas Table 2 suggests
comparing municipalities where schools returned to those who did not that the return to in person
learning led to an increase in test scores of 0.024 standard deviations e.g. less than one tenth the
effects implied by Table 1. What are the reasons for this enormous discrepancy and which are we to
believe represents the true learning losses due to the closure of schools? The authors need to
reconcile these differences and provide guidance to the reader as what the takeaways of the analysis
are.

| Author Rebuttal to Initial comments




natureresearch

Reviewer 1

Following the worldwide school closures starting in March 2020, there has
been an outpouring of studies collecting data on the time use and academic
outcomes of children and youth who are kept at home. Many of these have been
from Europe and the US, while data from other parts of the world have been
lacking. This study presents evidence from Brazil (Sao Paulo), which offers an
important case given the long duration of school closures and the developing
country context.

The study 1s well-designed, using a differences-in-differences design that com-
pares test scores before and after remote learning to corresponding test score
growth during the same period in the previous year. It also implements a
triple-difference design comparing differences betwesen middle- and high-school
students in municipalities where the latter group was allowed to return to school.
The study finds large increases in incomplete grades {which they call " dropout
rsk”) and drops in test scores, as well as improvements in test scores among
high-school students who were allowed to return.

The study appears to confirm evidence from previous work. The design is
close to that of Engzell et al {2021), and better than most other studies. This
study 1= also valuable for estimating treatment effects across the age distribution,
across population groups, and by local disease intensity. The finding that disease
mntensity 15 mostly unrelated to student outcomes 1s important since 1t counters
a key objection to studies of learning loss in the wake of COVID: that they
reflect wider impacts of the pandemic and not that of school closures as such.
The added analysis of the effect of school reopening 1s well executed and does
not have a parallel in existing literature.

My main concern s that the study is not appropriately contextualized with
respect to existing studies of COVID-induced learning loss. There are by now
dozens of studies on this subject (see bibliography below). Some of them are
briefly discussed in the paper, but not until the concluding discussion. The mo-
tivation of this paper with respect to other works needs to be made clear already
in the introduction. Specifically, the abstract and introduction overclaim when
they say that "no study has rigorously documented the educational impacts
of remote learning relative to in-person classes within primary and secondary
education” and that "the evidence base for the impacts of remote learming is
thm”.

To my mind, the main contributions of this paper 1s that it a) uses sound
data and methods to expand the evidence on COVID-induced learning loss, b)
extends previous evidence centered on Europe and the US to a Latin American
country, ¢} studies population heterogeneity along several dimensions, and d)
studies the effect of school re-opening and not just closure.

We really appreciate your summary of the contributions of the paper, and
thank you for raising the coneern about appropriately contextualizing it relative
to previous studies on COVID-induced learning losses. We significantly revised
the introduction of the paper following your suggestion. Now, we write (pp.3-4):

*Quantifying learning losses due to remote learning within primary and sec-
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ondary education is urgent, as governments need to make informed decisions
when trading off the potential health risks of reopening schools in the pan-
demic( 1) against its potential educational benefits. This remains to be the case
even with high immunization coverage; in Brazil, while over 45% of the popula-
tion had received the full course of COVID-19 vaccines by September 2021, only
approximately 25% of students had returned to in-person classes until July 2021
(2). Several papers attempt to quantify learning losses from remote relative to
in-person classes before the pandemic, but with important limitations when 1t
comes to generalizability. Most studies are based on developed country settings:
some focus on tertiary education, contrasting online to in-person instruction at
community colleges (7)), 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 (4 —7). In contrast, evidence for developing coun-
tries 1s thinner, and mostly from experiments that use remote learning to expand
educational access to rural and remote regions that had no access to education
before (8-11) — a very different counterfactual than in-person classes hefore
the pandemic. In turn, the studies that try to estimate the extent of learning
losses due to remote learning during the pandemic either rely on simulations
(12, 13) or suffer from comparability issues, contrasting different tests and stu-
dent populations before and during the pandemie, without parsing out other
direct effects of COVID-19 above and bevond the transition to remote learning
(14-24). Even the few studies that rely on appropriate counterfactuals to study
this question have to rest on strong assumptions, given the nature of the vari-
ation they use to identify causal effects; in particular, differences in the length
of school recess across geographical units or that induced by previous epidemics
(25, 26) are only loosely related to the changes in instruction mode observed
in the context of COVID-19. As such, the only credible available evidence for
the impacts of remote learning on secondary schools during the pandemic is for
developed countries (27) — leaving key questions unanswered, from the extent of
its impacts on student dropouts (an issue relatively unimportant in developed
countries, but eritical in the developing world) to the extent of heterogeneity of
those Impacts with respect to student characteristics, such as age, gender and
race,

We contribute to this literature in several respects. First, we take advantage
of a natural experiment in Sac Paulo State to provide estimates of the effects of
remote learning under appropriate counterfactuals. In particular, our estimates
allow for potential differences between remote and in-person exams, and in the
set of students taking them, by leveraging changes in mstruction mode between
1 and Q2-04 within the 2020 school year, while assessments were kept fully
remote across all 2020 school quarters. An additional natural experiment, linked
to staggered school reopening in Sao Paulo State over the course of (4/2020,
further corroborates the evidence. Second, we provide first-hand evidence on the
effects of remote learning in secondary education within developing countries,
a context in which most school systems did not even conduct assessments in
the context of remote classes (28). Third, we are able to parse out the effects
of COVID-19 local disease activity to disentangle the effects of remote learning
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from other effects of the pandemic on educational outeomes (from health shocks
to income losses to effects on students’ mental health). Last, we document
that the negative impacts of remote learning were larger for girls and for non-
white students, and for schools in low-income neighborhoods and those without
previous experience with online teaching.™

We also excluded from the abstract the sentence that “no study has rig-
orously documented the educational impacts of remote learning relative to in-
person classes within primary and secondary education”. We also deleted from
the mtroduction the sentence stating that: “the evidence base for the impacts
of remote learning 1s thin"”; instead, now we claim that the conclusions from this
literature suffer from generalizability issues (as discussed in detail above). We
think that these edits better reflect the current state of the related literature,
and thank vou for pushing us to characterize it more accurately.

In addition, I have several smaller comments on the analysis and discussion.

More information on the tests needs to be included. How were these designed
and for how long did the students sit them? Is there any sense of the reliability?
Dhd the remote testing regime offer any opportumties for cheating? Were the
tests taken at (1 and (4 identical in design? If not, how was a difference score
caleulated and what is its interpretation?

We wrote a new section in the Appendix providing additional details on
the standardized tests (Supplementary Materials, Appendix C.1, p.5). We
write: “The Sao Paulo State Secretariat (SEDUC) conducts standardized tests
{Avaliacoes de Aprendizagem em Processo, AAPs) with the aim of evaluating
students’ quarterly progress in Math and Portugnese. Participation in these
tests 1s not mandatory, and students who do not participate or those with low
scores are not penalized n any way. Having said that, SEDUC strongly incen-
tivizes participation. Schools are required to print materials promoting each
test, and to recurrently remind and motivate students to take part in the exam.
Such engagement ensured a participation rate of no less than 80% in each and
every test throughout 2019 and 2020 — even in those conducted remotely over
the course of the pandemic.

The evaluation consists of one math and one Portuguese exam each school
quarter. The exams started off as a pilot in 2011, and remained in the same
format between 2015 and 2019, Each year, a group of public school teachers 1s
designated to prepare questions for the exams following guidelines on the topies
and difficulty level. This is meant to make test scores comparable across years
(29). AAPs have been found to contribute to the teaching of Portuguese and
to the identification of learning sethacks in specific subjects (30).

In 2020, all exams were applied online (alternatively, students without access
to connectivity could fetch printouts at the school gate, and return them the
same way ). Students had 48 hours to complete the exam. Questions for the
exam were prepared the same way as in previous vears, except that in 2020
the guidelines for the school curriculum were simplified as soon as it was clear
that in-person classes would have to be suspended, to account for the fact that
remote learning would not be able to cover as much (31). Exams were applied
consistently throughout all schools quarters of 2020, which enables the within-
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year comparisons we pursue in the main text.

One important issue 1s potential cheating in the remote application of the
standardized tests. While the Education Secretary had no enforceable mecha-
ni=m to prevent cheating in remote exams, as discussed above, students had no
discernible benefits (costs) from scoring high (low) in the AAPs. Most impor-
tantly, as long as cheating is not differential between (1 and Q2-04, it does
not affect the comparisons of interests in the main text. Moreover, Appendix
.2 shows that while the distnibution of GPA (a key determinant of whether
the student graduates or advances to the next grade) considerably changed in
2020 relative to previous years — with significant bunching on mimmum pass-
ing grades —, the same did nof happen with the distribution of AAPs" scores,
which displays no evidence of bunching neither in previous years nor during the
pandemic.”

To better allow comparison with existing work, effect sizes should be dis-
cussed in light of the exact length of school closures. What is the expected loss
per week of school closure, and what 1s the expected gain per week of opening
up? How does this compare to the estimates reported by Engzell et al (2021)
for a European country or Kuhfeld et al for the US?

Thank you for pushing us to present results in a way that helps the reader
better contextualize them in the literature. We included these comparisons in
the Results section. We now write (p.6): “The average school in Sao Paulo
State remained closed for approximately 35 weeks throughout 2020, As such,
our estimates 1mply that students lost approxdamately 0.009 standard-deviations
of learning each week, relative to in-person classes. This effect size 15 only
shightly higher than that n (27) but at least 4-fold that in (21)." In a footnote
(pp.6-T), we explain that “Estimates in (27) imply a learning loss of 0.3 to 0.4
s.d a year, which translates to 0.005-0.007 s.d a week. Estimates in ( 21 ) suggest
average learning losses of 3-5 percentiles over the course of a year. In order to
make our estimates comparable, we ordered test scores in the baseline period
(Q4,/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,
s0 as to keep the time frame constant. Based on those estimates, remote learning
would have led to a 22-25 percentile decrease relative to in-person classes — a
dramatic effect size.”

Al=o, when discussing the effects of reopening schools for in-person classes
(pp.10-11}, we write: “In municipalities that authorized schools to reopen for
in-person academic activities in 2020, the average school could have done so for
at most 5 weeks. Thus, resuming in-person classes contributed to an increase
in test scores of about (L005 s.d a week. While this effect size 1= lower than
that estimated leveraging school closures, it 1s actually remarkably high (just
as large as weekly learning losses from school closures estimated in (27)) once
accounting for the fact that it is based on intention-to-treat (ITT) estimates, as
we do not have data on which schools actually reopened (and for how long) in
the municipalities that 1ssued anthorization decrees”

Test scores are markedly higher in 2020 compared to 2019, There are
several potential reasons for thiz: sample selection, mode effects on the test
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(online /take-home vs in person), and the simplified curriculum during the pan-
demic. These points appear scattered throughout but need to be brought to-
gether at some point in the text. Do the authors view any of them as a more
likely explanation?

In the revised manuscript, we discuss this issue more explicitly after Table
1. In page 6, we write: “These naive estimates reflect the fact that average
grades are higher in 2020 than in 2019, There are two mmportant factors that
likely explain these pattern. First, a selection effect, linked to both higher
student dropouts and differential selection into standardized tests during remote
learning. This selection effect 1= what motivate us to implement a matching
strategy in column (5). Second, differences in assessment mode between years.
In particular, AAPs in 2020 covered a simplified curriculum, and students had
much more time to take the exam in 2020 than in previous vears (two days,
relative to a couple of hours). See Appendix C.1 for a detalled discussion of
differences between in-person and remote exams in the context of Sac Paulo
State.”

The main results report differences-in-differences estimates with 2019 as a
single comparison year. | assume that the results do not differ much if 2018 15
used as a comparison instead, but this information could be included to gauge
the robustness. What s the estimate of ((J4 2020-0Q1 2020)-{ Q4 2018-01 2018)7

Thank you for suggesting this additional robustness check for our results. We
now present this estimate in Appendix E (Supplementary Materials, p.12-13).
We write: “In Table E.2, we present a slight variation of the main results shown
in Table 1, estimating the differences-in-differences model with 2018 instead of
2019 as the counterfactual vear. Results are very robust to that alternative
definition.”
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Table E.2: Effects of remote learning on dropout risk and test scores with
alternative baseline period

(04 2020-Q1 2020)-
-(Q)4 2018-)1 2018)
(1) (2) (3)

Panel A: High dropout risk

Remote learning 0.0655%+* 0.0G635%%* 0.0655%+*
(0.0002) (0.0002) (0.0002)

Mean 2018 (4 0.016 0.016 0.016

N 8,312,220

Panel B: Standardized test scores

Remote learning -0.304%¥* 0291 %** ) [
(0.0001) (0.0001) (0.0001)

In-person learning equivalent 0.44 0.44 0.44

N 7,001,012

Grade fixed-effect=s ves yes ves

Matching no yes ves

Inverse probability weighting no no ves

The introduction and discussion mention that in municipalities in which high
school students were allowed back, middle school students also partly returned.
This information s not mentioned in the subsection “Effects of Resuming In-
person Classe”, so a reader who skips to that section will be puzzled about why
attendanece increased for both groups in Table 2.

Thank you for pointing that out, and apologies for the omission in the org-
inal manuscript. We now make this clearer at the beginning of the section on
the effects of resuming in-person classes.

The authors use incomplete grades as a proxy for dropout risk, arguing that
enrollment was kept artificially high by school administrators. This seems fine.
But, incomplete grades do not appear to be a very good predictor of dropout
(Figure A.1). Please report the correlation in this figure. And as a suggestion,
why not call the outcome incomplete grades instead?

Motivated by this comment (and similar ones from others referees), we pro-
vided more extensive justification for the connection between our proxy and
actual dropouts. We start by better motivating this proxy using anecdotal evi-
dence. We write (in p.5}): “This proxy has been used for years by the Education
Secretary and by philanthropic organizations that support quality education in
Brazil to predict student dropouts, especially when it comes to identifyving the
schools most likely to be affected.” Next, in Section A.1 of the Supplementary
Materials, we show that this proxy reliably predicts actual aggregate dropouts
in the years hefore the pandemic. We also collected additional data for the
first quarter of 2021, and now show that students who had missing grades in
2020 were much more likely not to have engaged in any academic activity in

Q1,/2021.
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Concretely, we write (Supplementary Materials, p.2), when discussing the
correlation between our proxy and actual dropouts: “(...) the figure showcases
that the classroom-level actual and proxy dropouts are highly correlated, with
a coefficient of approximately 0.7, Since measurement error tends to attenuate
this correlation, the coefficient represents a lower-bound to the actual prediction
power of this proxy. Moreover, actual dropout rates m 2019 were over 6-fold
higher among students with missing math and Portuguese grades by the end of
the previous school year.”

Last, in Section A.2 of the Supplementary Materials, we write (pp. 2-3):

“The last section shows that, before the pandemic, our proxy reliably pre-
dicted actual student dropouts. Nevertheless, its predictive power might have
changed during such exceptional times; for instance, many students might have
failed to hand in homework and exams in 2020 due to atypical circumstances
— e.g., limited connectivity or fear of leaving home to hand them in person -
despite no intention of dropping out the following year.

To address this concern, we collected additional admimstrative data for
31/2021, when in-person classes had been authorized to return in all munici-
palities of Sao Paulo State. As explained in the main text, all students who had
not yet graduated from high school were automatically enrolled in 2021; hence,
there is no data on actual dropouts for 2020, Instead, we focus on whether stu-
dents engaged in any academic activity during this school quarter: attending
classes, handing in assignments or taking exams that would qualify for scorecard
grades in ()1,/2021, across all school subjects. If our proxy still predicts actual
dropouts in 2020, we would expect that students at high dropout risk during
that year are less likely to participate in any academic activity in 2021, As such,
we compute the odd ratio of participating in academic activities for students
classified as high risk of dropout or not.

We find that students with missing grades in the last quarter of 2020 were 8.6
times more likely not to have attended a single class, and 9.7 times more likely
not to have taken a single test in )1,/2021. Hence, we conclude that our proscy
remains a reliable predictor of dropout risk even throughout the pandemic.”

Nevertheless, we added nuance to our discussion of the potential caveats of
relying on this proxy. We write (in p.10): *Will students that did not engage
with schools activities in the absence of in-person classes remain permanently
out of the school system? Worryingly, we find that students at high dropout risk
in 2020 are almost 10 times more likely to continue not engaged with schools
actlvities even as in-person classes returned in 2021, suggesting that this is not a
transitory phenomenon. Having said that, it might be too early to answer that
question. Whether the high risk of student dropouts will ultimately materialize
depends on public policy responses — from engaging students’ families (32)
to creating additional (possibly finaneial) incentives for secondary students to
remain in school.”

Figure B.1 suggests that most of the shortfall in test score growth occurred
between ()1 and 2 when classes were supposedly still in person, and rates of
learning were similar thereatter. Does this affect conclusions about the efficacy
of remote learning? Should we conclude that educators and families struggled
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mitially but eventually adapted with time?

We thank vou for this excellent ohservation, which we had not appropriately
discussed in the previous version of the mamuscript. We now address the dy-
namic pattern of treatment effects in the Discussion section of the paper. We
write (in p.9): “The lion's share of the impacts on test scores takes place over
the first quarter of remote classes. This might lead to the concern that learning
losses are not the result of remote learning, but rather of the transition 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 teachers had the time to adapt to
the new instruction mode, the effectiveness of remote learning would converge
to that of m-person classes. This hypothesis 15, however, inconsistent with two
key findings of the paper. First, dropout risk surges after the ()3, inconsistent
with the idea of a transitory shock. Second, the return of in-person activities
in November, already 8 months into remote learning, significantly increases stu-
dents’ test scores; as discussed, the effect size i1s very large, especially before
the facts that schools were open for a short period of time, and that we can
only estimate intention-to-treat effects. As such, our interpretation is that the
early onset of learning losses 1s rather linked to non-linear treatment effects: the
magnitude of learning losses is o large at 2 that it 15 simply not possible that
the test scores keep deteriorating at that same pace indefinitely.”

Figure C.1-C.2. It seems unconventional to use a continuous density func-
tion to represent a discrete outcome. These graphs could be made clearer if a
histogram was used.

We thank vou for this suggestion. Actually, the GPA distribution in Fig-
ure C1 is approximately continuous in the interval [0,10]; we apologize for not
making 1t clearer in the original manuseript. Using a continnous density to ap-
proximate the GPA distribution also allows us to better highlight the bunching
at minimum passing grades in 2020, in Figure Cl. In turn, while standardized
test scores depicted in Figure C2 are computed as the normalized % of cor-
rect answers — indeed, a dizscrete variable — the range of possible values 15 very
large. We experimented with alternative visualizations, ncluding histograms
with bins for each possible value, but the version included in the manuscript
remained our favorite. Having said that, if you would like us to include the
discrete visualization in the revised manuscript we would be happy to do so.

In the analysis of heterogeneous treatment effects by student demographics
shown in Appendix D, no coefficients or SEs are reported. There s little way to
gauge the magnitude of these differences and their significance. Adding these
numbers would be helpful.

We thank you for raising this issue, which has led us to completely re-write
Appendix D for ease of visualization and interpretation. Instead of only depict-
g effect sizes relative to imitial conditions, the updated figures now showease
the evolution of the outcomes over time for each sub-group. We also included
a new table with estimated coefficients and standard-errors. Now, we write
{Supplementary Materials, pp. 810): “Figures S.10.1 and 5.1).2 showcase aver-
age standardized test scores and dropout risk, respectively, by school quarter of
2019 and 2020 and hy selected student and school characteristics.
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Figure 5.1).2: Average high dropout risk, by school quarter and sub-group
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Table S.D.1: Heterogeneous treatment effects of remote learning on test
scores and dropout risk

Group Treatment effects
Std. test scores  High dropout nisk
Male -0.321%%* 0.060==*
(0.0006 (0.0003)
Female 0.321%%* 0.071%*=*
(0.0006 (0.0003)
p-value difference 0.54 0.00
White 0,280 = 0.068*=*
(0.0006) (0.0003)
Non-white -0.344*=* 0.081*=*
p-value difference 0.00 0.00
(0.0009) (0.0005)
High income -0.291%%* 0.054%=*
(0.0006 (0.0003)
Low income 0,420 =* 0.007*=*
(0.0006 (0.0003)
p-value difference 0.00 0.00
Online -0.271%%* 0.053%=*
(0.0006 (0.0004)
Not online -0.431%%* 0.0G0*=*
(0.0006 (0.0003)
p-value difference 0.00 0.00

While Figure 5.10.1 suggests that girls — whose average test scores were
higher than those of boys by Q4,/2019, but lower by Q42020 — were hurt dis-
proportionately by remote learning, Table 5.10.1 shows that this = actually not
the case, at least when it comes to test scores. That false impression stems
from naive comparisons of test scores coming from different assessment modes;
in effect, the differences-in-differences estimate documents that remote learning
hurt boys' and girls’ test scores by exactly the same extent. When 1t comes to
dropout risk, however, girls were really hurt to a greater extent (a nearly 18%
higher effect size, significant at the 1% level). Table 5.1D.1 also shows that, rel-
ative to white students, non-whites experienced 19% larger losses in test scores
due to remote learning (p=0.00} and a 19% larger increase in dropout risk
(p=0.00). Strikingly, learning losses due to remote learning were much more
dramatic in low-income schools: relative to schools located in above-median
per capita income nelghborhoods, the former experienced a 44% larger impacts
on standardized test scores (p=0.00) and a 69% larger increase in dropout risk
{p=0.00). Similarly, schools without online academic activities prior to the pan-
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demic experienced 59% larger impacts on standardized test scores (p=0.00) and
a T0% larger increase in dropout risk (p=0.00)."

These results are important enough that we added them to the introdue-
tion of the revised manuseript. We now write (in p.2) “Learning losses were
significantly larger among non-white students, and within vulnerable schools
located in low-income neighborhoods and without prior experience with online
academic activities”.

Table E.1 reveals that non-white, poorer and low-performing students are
underrepresented in 2020, The authors use propensity score reweighting to
address this but confounding on unohservables might remain. However, the
fact that adjustment for observed confounders does not alter estimates much
between column (3) and (4)-(5) in Table 1 can be marshalled to claim that
residual confounding is also likely to be small.

We thank you for raising that 1ssue. We have now included an observa-
tion that explicitly makes this point. Specifically, we write in p.6:%In Panel B,
columns (4) and (5), we use propensity score matching to aceount for potential
selection of students into standardized tests based on characteristics, especially
given the significant treatment effects of remote learning on dropout risk docu-
mented in Panel A. Results are very robust to the matching procedure. This 15
not because selection 1s unimportant — Table S.E.1 shows that student charac-
teristics matter significantly for differential take-up of standardized tests in 2020
—; rather, this presumably largely reflects the fact that the nature of selection
does not change between ()1 and Q2-04 /2020, As such, self-selection into the
exams has small to no impacts on our main results.”

A key contribution of this paper is to study heterogeneity by local COVID
incidence. The authors write that "risk increased with local disease activity™
but Figure F.1 largely looks like the absence of a meaningful association to me.

We agree with that conclusion. The way we framed this in the original
manuscript was conservative, based on the fact that our non-parametric es-
timate of the effects of remote learning on dropout risk inereases with local
disease activity in Panel A of Figure 5.F.1; however, as you correctly point out,
this increase 1s not statistically significant. We have changed the text to reflect
this comment; specifically, we now write (in p.5): “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 student
characteristics (zee section E of the Supplementary Materials), and control flex-
ibly for it (with a cuble polynomial) to parse out selection. We also use these
propensity scores to re-welght 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 over
that period, to gange the magnitude of treatment effects in the absence of other
effects of disease activity on learning outeomes and find losses did not vary
systematically with local disease activity.”.

However, the detected case load depends on testing capacity. If learning loss
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1= larger In poorer communities and testing capacity correlates negatively with
poverty, null effects might be spurious. Is this a worry?

Thank you for raising this potentially important concern. To test whether
under-reporting could drive our null results, we replicated the non-parametric
analyses using COVID-19 deaths rather than eases as our measure of local dis-
ease activity. Deaths are much less hkely to be under-notified than cases (see
the discussion in (1)), and are much less likely to merely reflect local testing
capacity. Figure F.2, included below for your convenience, shows very simi-
lar patterns for our results: non-parametric treatment effects do not increase
with local COVID-19 deaths either. These results are included in Appendix F
(Supplementary Materials, p.18):
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Figure 5.F.2: Non-parametric heterogeneous treatment effects on
educational outcomes by local COVID-19 deaths
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In referring to Supplementary Materials, please state the specific Figure/Table
you are referring to.

We apologize for the imprecision in the original manuscript. We now make
explicit reference to the specific sections of the Supplementary Materials we
allude to in the main text. We thank you for all your comments and suggestions,
which we think have helped us greatly improve the paper.
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Reviewer 2

This paper analyses the impact of remote learning versus in person learning.
To do =0, the authors exploit unique varnation and data in Brazl. In the context
of the COVID-19 pandemie, insights in the difference between hoth education
delivery forms 1= highly policy relevant. The estimated effects are large, with
standardized test scores of 0L32 SD and dropout risks of 365%. 1 also like
that they show that the negative effects are larger if schools did not offer online
academic activities prior to the pandemic. In fact, [ think that the latter inding
deserves even more attention than it received in the submitted version of the
paper.

Thank you for this suggestion and for the attention you have given to the
paper. We now give more emphasis to heterogeneous treatment effects in the
introduction of the paper. Specifically, we now write (in p.4d) “Last, we focus a
great deal on heterogeneous treatment effects, illustrating how the impacts of
remote learning on test scores and dropout risk vary by students’ age, gender
and race, and by school's socioeconomic status and access to online activities
prior to the pandemic.”.

The authors have unique data, with quarterly standardized test scores in
2020. Unfortunately, there is no information on which schools actually reopened.
The authors circumvent this issue by using IV. However, evidence from other
countries shows that the leeway that schools receive is used in a non-random
way, with school characteristics correlating with the actual reopening. To the
extent that in the Brazilian education system more advantaged schools reopened
sooner, the estimated effects will be upward biased.

Thank you for raising this important concern. To clarify, we cannot es-
timate IV because we do not observe which schools actually reopened (and
for how long). As such, we can only estimate intention-to-treat (ITT) effects,
based on municipal-level authorization decrees. The decision to reopen schools
was undertaken at the municipal level. Since primary and secondary education
1= mandatory in Brazil, there 1z ultimately no leeway for school-level decizions
beyond what 1s determined by municipal decrees. In any case, municipalities
that authorized schools to reopen in 2020 had indeed different characteristies;
in particular, they had higher per eapita income than those that did not (see
discussion below). Nevertheless, any such differences should not bias the results
in Table 2; the reason 1= that the differences-in-differences strategy parses out
the effects of any municipality, school or student characteristics that do not
change over time. Importantly, in a companion paper (1), we document that
the decision to reopen schools was also uncorrelated with the recent local evolu-
tion of COVID-19 cases or deaths. While the differences-in-differences strategy
cannot parse out the effects of other characteristics that changed differentially
over time across municipalities that decided to reopen schools and those that did
not, we additionally undertake a triple-differences analysis, comparing different
students within each municipality, taking advantage of the fact that in-person
classes returned in 2020 only for high-school students, but not for middle-school
ones. Panel C of Table 2 shows that treatment effects on test scores are entirely
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driven by high-school students within municipalities that anthorized schools to
reopen, confirming that our estimates capture the effects of in-person classes
rather than other differences in municipal characteristics,

More attention should be paild to defining the key variables. For example,
how 1s remote learning in Table 1 defined? For the dropout variable in Table
1: what about students without test scores in J2-Q3, and with a score in
4, or vice-versa? In table 2, how are ‘in person activities’ defined? Why
1= 1t not possible to define it as a continuous variable for the number of days
that in person activities are possible (as municipalities probably did not open
simultanecusly on the same day)?

We apologize for the imprecision in the previous version of the manuscript.
We have now meluded detailed deseriptions of all key variables in the revised
manuseript. Specifically, we write (in p.6): * We define ligh dropout risk as
equal to 1 if a student had no math and no Portuguese grades on record in
that school quarter, and 0 otherwise. (...) 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). We keep in the sample only
students with valid test scores in )1 and Q4 of each school year. Our main
treatment variable indicates whether students were exposed to remote rather
than n-person classes; as such, it equals 1 for Q2-0Q4 /2020, and 0 otherwise.”

Also, we write (in p.8): “In this section, we examine a second natural ex-
periment. From October 2020 onwards, some municipalities allowed schools to
reopen for in-person activities, following safe reopening protocols. In schools
that actually reopened, from November 2020 onwards high-school classes were
allowed to resume in-perszon; in contrast, middle-school classes remained com-
pletely remote until the end of 2020, That motivates the additional differences-
m-differences estimates, and the triple-differences strategy that we pursue in
thi= section. (...} where In-person activities 1= an indicator variable equal to 1
if a municipality authorized schools to reopen, and O otherwise”.

When it comes to the definition of in-person activities, your comment 1s
correct: we now estimate an alternative version of Table 2, with a continuous
variable indicating the number of weeks that schools were authorized to reopen
for in-person activities in 2020 instead. While this 15 not our favorite specifi-
catlon, since the length of actual reopening 15 measured with error (see (1) for
further details), Table S.E.4 shows that the pattern of results are very robust
to this alternative definition of treatment for in-person classes. We now write
(in pp. 8): “In municipalities that authorized schools to reopen for in-person
academic activities in 2020, the average school could have done so for at most 5
weelks, Thus, resuming In-person classes contributed to an increase in test scores
of about 0.005 s.d a week. While this effect size 1= lower than that estimated
leveraging school closures, it i1s actually remarkably high (just the same as in
(27)) once accounting for the fact that it 1s based on intention-to-treat (ITT)
estimates, as we do not have data on which schools actually reopened {and for
how long) in the municipalities that 1=sued authorization decrees.”
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Table S.E.4: ITT effects of resuming in-person school activities on dropout
risk and test scores with continuous treatment
(1) (2) (3)
Attendance Std. test Dropout
sCOres risk

Panel A: Diffan-diff: Middle school

In-person activities 0.001 0.002 0.0002
{0.001) (0.001) (0.001)

Panel B: Diffiin-diff: High schoaol

In-person activities 0.0001 0.005%** 0.0003
(0.001) (0.0002) (00002}

Panel C: Triple differences

In-person activities -0.00001 0.00g*=* 0.0001
(0.002) (0.0001)  (0.0001)

Grade fixed-effects ves yes yes

Matching yes yes yes

N 3,701,482 2624943 3,701 482

The analysis 1s Figure 1 iz valuable. However, it 1= counter-intuitive that
the risk of dropout is decreasing from grade 9 onwards. 1 would expect that
in the older grades, students would more easily dropout than in the younger
years. This might have to do with how the dropout variable 1s constructed (1.e.,
a missing test result). Although the supplementary analysis clearly shows that
a missing test result 1s a good predictor for dropout in earlier years, during
the pandemic this might be different. More discussion and {anecdotical) evi-
dence would be in place here. Related is the lack of an attrition analysis. This
might show whether there is (selective) attrition in the sample (and hence, the
dropout).

Motivated by this comment (and similar ones from others referees), we pro-
vided more extensive justification for the connection between our proxy and
actual dropouts. We start by better motivating this proxy using anecdotal evi-
dence. We write (in p.5): “This proxy has been used for years by the Education
Secretary and by philanthropic organizations that support quality education in
Brazil to predict student dropouts, especially when it comes to identifying the
schools most likely to be affected.” Next, in Section A.1 of the Supplementary
Materials, we show that this proxy reliably predicts actual aggregate dropouts
in the yvears before the pandemic. We also collected additional data for the
first quarter of 2021, and now show that students who had missing grades in
2020 were much more likely not to have engaged in any academic activity in
J1,/2021.

Concretely, we write (Supplementary Materials, p.2), when discussing the
correlation between our proxy and actual dropouts: “(...) the fipure showcases
that the classroom-level actual and proxy dropouts are highly correlated, with
a coefficient of approximately 0.7, Since measurement error tends to attenuate
this correlation, the coefficient represents a lower-bound to the actual prediction
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power of this proxy. Moreover, actual dropout rates in 2019 were over 6-fold
higher among students with missing math and Portuguese grades by the end of
the previous school vear.”

Last, in Section A.2 of the Supplementary Materials, we write (pp. 2-3):

*The last section shows that, before the pandemie, our proxy rehably pre-
dicted actual student dropouts. Nevertheless, its predictive power might have
changed during such exceptional times; for instance, many students might have
failed to hand in homework and exams in 2020 due to atypical cirenmstances
— e.g., limited connectivity or fear of leaving home to hand them in person —
despite no intention of dropping out the following vear.

To address this concern, we collected additional administrative data for
01/2021, when in-person classes had been authorized to return in all muniei-
palities of Sao Paulo State. As explained in the main text, all students who had
not yet graduated from high school were automatically enrolled in 2021; hence,
there is no data on actual dropouts for 2020, Instead, we focus on whether stu-
dents engaged in eny academic activity during this school quarter: attending
classes, handing in assignments or taking exams that would qualify for scorecard
grades in (31 /2021, across all school subjects. If our proxy still predicts actual
dropouts in 2020, we would expect that students at high dropout risk during
that year are less likely to participate in any academic activity in 2021, As such,
we compute the odd ratio of participating in academic activities for students
classified as high risk of dropout or not.

We find that students with missing grades in the last quarter of 2020 were 8.6
times more likely not to have attended a single class, and 9.7 times more likely
not to have taken a single test in (1 /2021, Hence, we conclude that our proxy
remains a reliable predictor of dropout risk even throughout the pandemic.”

When it comes to the pattern of heterogeneous treatment effects depicted in
Figure 1, it turns out that estimated treatment effects are actually higher for
high-school students (in percentage points), in line with vour intuition. Figure 1,
however, expresses effect sizes as a proportion of average baseline dropout risk,
which was much higher for high-school students (2-3-fold that for middle-school
students) in 2019, We added this arpument in p.7 of the revised manuscript).

When it comes to attrition, for the analysis of treatment effects on dropout
risk we have data on the universe of students from Sao Paulo State secondary
schools. This 1= why the analyses in Panel A of Table 1 and Panel A of Figure
1 require no statistical correction for sample selection. In turn, attrition poten-
tially matters for our estimates of treatment effects on standardized test scores,
since we only ohserve that outeome for the students who ultimately take the
exams. This 15 why we rely on propensity score matehing in columns (4) and
(5) of Table 1. We explicitly discuss these issues in the revised version of the
manuscript. Specifically, we write in p.6-7:%In Panel B, columns (4) and (5),
we use propensity score matching to account for potential selection of students
into standardized tests based on characteristics, especially given the significant
treatment effects of remote learning on dropout risk documented in Panel AL
Results are very robust to the matching procedure. This i1s not because se-
lection 1s unimportant — Table S.E.1 shows that student characteristics matter
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significantly for differential take-up of standardized tests in 2020 —; rather, this
presumably largely reflects the fact that the nature of selection does not change
between (1 and Q2-0Q4/2020. As such, self-selection into the exams has small
to no impacts on our main results.”

For the analysis in Table 2, more discussion and evidence is needed on the
characteristics of municipalities that allowed for reopening the schools. This
might not be random, but correlated with the soclo-economic pattern of the
municipality. Although this will be partly captured im the DD specification,
the differences in trend can potentially still result in biased estimates. In Tahle
2 student characteristics are matched (using what matching method?), but not
municipality characteristics. Given that students are non-randomly allocated in
municipalities, I would be more interested in the latter.

Thank you again for raising this important concern. We included an addi-
tional Appendix to provide details on the school reopening process. In Appendix
= of the supplementary materials, we now write: “As discussed in the main text,
some schools partially reopened to in-person activities at the end of 2020, In
this section, we provide additional details on the reopening process. Sac Paulo
State authorized municipalities to reopen schools for optional activities (reme-
dial classes for students lagging behind, and extra-curricular activities, such
as psychological counselling) from September 8th to high-school students, and
from October Tth to primary- and middle-school students. Regular in-person
classes for high-school students were authorized to return from November 3rd.
Only municipalities within health regions with stable pandemic conditions were
allowed to return.

Municipalities had autonomy to decree whether schools could reopen, as long
as safe reopening protocols were in place; in particular, all school staff had to
wear personal protective equipment, alechol had to be made available at the
school gate, and attendance was hmited (e.g. at 35% capacity in reglons where
the severity of the pandemic was high). The State Secretariat of Education
estimates that 1,700 schools were in fact open for in-person activities and that
at least 2 million students did go to school during that period.

The reopening process was staggered across munieipalities. Figure 5.G.1
shows the cumulative distribution of municipalities which authorized schools to
recpen over time.
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Table G.1: Cumulative distribution of school reopening authorization decrees
in Sao Paulo State
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Naturally, the decision to reopen schools for In-person activities was not ran-
domly assigned. External conditions mattered; in particular, municipalities in
health regions with high disease activity could not 1ssue authorization decrees
before reaching a low enough threshold for COVID-19 cases and in-patient hos-
pitalizations. Moreover, even among those that could, municipalities that au-
thorized schools to reopen were not identical to those that did not. Table 5.1
provides descriptive statistics of the municipalities that reopened schools and
those that did not. Municipalities that reopened schools had a lower number of
new COVID-19 cases and deaths, were relatively poorer, and less populous™.

Table 5.G.1: Descriptive statistics in the baseline (end of September)

Never treated  Ewver treated p-value difference

New cases per thousand 0.79 0.76 0.71
New deaths per thousand 0.03 0.02 0.23
Acenmulated deaths per thousand 0.44 0.49 0.20
Income per capita 67217 804.58 0.00
Population (thousands) 3865 200.37 0.049
Number of schools 19.41 67.04 0.03
Number of students (thousands) 7.2 34.34 0.55
School infrastructure -0.01 0.00 0.88
Municipalities 514 129

Nevertheless, any such differences should not bias the results in Table 2; the
reason 1s that the differences-in-differences strategy parses out the effects of any
municipality, school or student characteristics that do not change over time.
lmportantly, in a companion paper (1), we document that the decision to re-
open schools was also uncorrelated with the recent local evolution of COVID-19
cases or deaths. While the differences-in-differences strategy cannot parse out
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the effects of other characteristics that changed differentially over time across
municipalities that decided to reopen schools and those that did not, we ad-
ditionally undertake a triple-differences analysis, comparing different students
within each municipality, taking advantage of the fact that in-person classes
returned in 2020 only for high-school students, but not for middle-school ones.
Panel C of Table 2 shows that treatment effects on test scores are entirely driven
by high-school students within municipalities that authorized schools to reopen,
confirming that our estimates capture the effects of in-person classes rather than
other differences in municipal characteristics.

As an additional robustness check, we also replicated the differences-in-
differences estimates in Table 2 while matching ohservations based on municipality-
level characteristics. Results in Table 5.E.5 are robust to that alternative match-
ing procedure.

Table S.E.5: I'TT effects of in-person school activities on dropout risk and
test scores matching on municipal characteristics

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

Panel A: Diffan-diff: Middle school

In-person activities 0.00G*** 0.001 0.001
(0.001) (0.001) (0.001)

Panel B: Diffiin-diff: High school

In-person classes (L00E*** 0027 #==* 0.002
{0.001) (0.0001) (0.002)

Grade fixed-effects yes yes yes

Municipality matching yes yes yes

N 3,701,482 2624943 3,701,482

e It 1= unclear how the tests are standardized? Did you standardize them
by quarter (and if so, how can you compare the estimates without linking ques-
tions)? Please discuss this more extensively, as it matters for the internal valid-
ity.

We apologize for not providing a more detailed explanation in the original
manuscript. In the revised manuscript we provide a much more extensive discus-
sion on the standardized tests. In Appendix C.1 (Supplementary Materials, p.5)
we write: “The Sao Paulo State Secretariat (SEDUC) conducts standardized
tests | Avaliagoes de Aprendizagem em Processo, AAPs) with the aim of eval-
uating students’ quarterly progress in Math and Portuguese. Participation in
these tests s not mandatory, and students who do not participate or those with
low scores are not penalized in any way. Having said that, SEDUC strongly in-
centivizes participation. Schools are required to print materials promoting each
test, and to recurrently remind and motivate students to take part in the exam.
Such engagement ensured a participation rate of no less than 80% in each and
every test throughout 2019 and 2020 - even in those conducted remotely over
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the course of the pandemic.

The evaluation consists of one math and one Portugnese exam each school
quarter. The exams started off as a pilot in 2011, and remained in the same
format hetween 2015 and 2019. Each year, a group of public school teachers 1s
designated to prepare questions for the exams following guidelines on the topics
and difficulty level. This iz meant to make test scores comparable across years
{29). AAPs have been found to contribute to the teaching of Portuguese and
to the identification of learning sethacks in specific subjects { 30).

In 2020, all exams were applied online (alternatively, students without access
to connectivity could fetch printouts at the school gate, and return them the
same way). Students had 48 hours to complete the exam. Questions for the
exam were prepared the same way as in previous vears, except that in 2020
the guidelines for the school curriculum were simplified as soon as it was clear
that in-person classes would have to be suspended, to account for the fact that
remote learning would not be able to cover as much (31). Exams were applied
consistently throughout all schools quarters of 2020, which enables the within-
year comparisons we pursue in the main text.

One important issue i1s potential cheating in the remote application of the
standardized tests. While the Education Secretary had no enforceable mecha-
ni=m to prevent cheating in remote exams, as discussed above, students had no
discernible benefits (costs) from scoring high (low) in the AAPs. Most impor-
tantly, as long as cheating 1s not differential between ()1 and (2-04, 1t does
not affect the comparisons of interests in the main text. Moreover, Appendix
(C.2 shows that while the distribution of GPA (a key determinant of whether
the student graduates or advances to the next grade) considerably changed n
2020 relative to previous years — with significant bunching on mimmum pass-
ing grades —, the same did not happen with the distribution of AAPs" scores,
which displays no evidence of bunching neither in previous years nor during the
pandemic”.

In Appendix C.1, we emphasize that the AAPs were built to allow exactly
this type of comparisons. We standardize grades relative to the baseline level
only in order to express effect sizes in standard deviations, as typically done in
the Education literature.

Related to the earlier comment, the authors average math and Portuguese
scores because for (J4-2020 only the overall standardized test 1s available. How-
ever, the literature on COVID-19 learning losses shows significant differences
between subjects. In the approach taken, the estimates might result in a regres-
sion to the mean. Therefore, the authors should also provide estimates (without
(34} for the subjects separately.

Thank vou so much for pushing us to estimate impacts separately for math
and Portuguese test scores. In the revised manuscript, we now estimate treat-
ment effects of remote learning separately for math and Portuguese grades based
off differences between ()1 and Q2-03 within 2020 relative to those within 2019,
Table S.E_3 shows that effect sizes are larger for math than Portuguese. Impor-
tantly, results are inconsistent with regression to the mean.
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Table S.E.3: Effects of remote learning on test scores, separately for
Portuguese and math
()3 2020-01 2020)-(0)3 2019-Q1 2019)
(1) (2) (3)

Panel A: Portuguese test scores

Remaote learning -0.255%%% 0. 265%%# -0.267%+#
(0.0002)  (0.0002) (0.0002)

In-person learning equivalent 0.44 0.44 0.44

N 7,131,022

Panel B: Math test scores

Remaote learning -0.361%%% -0, 342%%# -0.355%+#
(0.0002)  (0.0002) (0.0002)

In-person learning equivalent 0.44 0.44 0.44

N 7,131,022

Grade fixed-effects Ves Vs yies

Matching no yes ves

Inverse probability weighting no no yes

“Tahble 5.E.3 documents that learning losses due to remote learning are mas-
sive for both subjects, but especially so for math. While students learned only
40% of they would have learned under in-person classes in Portuguese, that
figure was only 20% in math classes.”

The COVID-19 crisis came as a surprise. In some education systems, there
was initially a lack of hardware and software. However, as time passed, ed-
ucation systems could adopt to the new situation. Unfortunately, this might
undermine the external validity of the estimates. On the bright side, given that
the authors have detailed quarterly data, the could examine how the availabil-
ity of hardware and software changed the estimated impact of online versus in
person learning,.

Thank you for raising this important concern. The data we have on online
access points out that over the course of 2020, only roughly 10% of secondary
school students were following remote classes online in Sao Paulo States; most
students actually experienced remote instruction through television (broad-
casted centrally and, hence, uniformly across schools). We unfortunately do
not have data on school-specific hardware utilization or availability. The hest
we can do 1z explore heterogeneity in the extent to which prior engagement in
online academic activities moderated the educational impacts of remote learn-
ing, according to the 2019 Educational Census. As the paper documents, effects
were in fact concentrated in schools without prior online engagement.

Nevertheless, in the revised manuscript we are now better able to shed light
on the short and long-run effects of remote learning. We consider this discussion
to be important because 1t distingnishes the learning losses generated by remote
classes more broadly from transitional costs linked to the surprise of the pan-
demie and adaptation costs. We now address the dynamic pattern of treatment
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effects in the Discussion section of the paper. We write (in p.8): “The hon's
share of the impacts on test scores takes place over the first quarter of remote
classes. This might lead to the concern that learning losses are not the result
of remote learning, but rather of the transition 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 teachers had the time to adapt to the new instruction mode,
the effectiveness of remote learning would converge to that of in-person classes.
This hypothesis 1s, however, inconsistent with two key findings of the paper.
First, dropout risk surges after the 3, inconsistent with the idea of a tran-
sitory shock. Second, the return of in-person activities in November, already
8 months into remote learning, significantly increases students’ test scores; as
discussed, the effect sive 1= very large, especially before the facts that schools
were open for a short period of time, and that we can only estimate intention-
to-treat 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 1s so large at Q2 that it s simply not possible that the test scores keep
deteriorating at that same pace indefinitely.”

There are significant differences (even in sign) between the naive estimates
and the [hD estimates in Table 1. Although this 1= briefly mentioned, a more
profound discussion is needed as similar naive estimates have been used broadly
in earler literature,

Thank you for pointing that out. In the revised manuseript, we discuss
this 1ssue more explicitly after Table 1. In page 6, we write: “These naive
estimates reflect the fact that average grades are higher in 2020 than in 2019,
There are two important factors that likely explain these pattern. First, a
selection effect, linked to both higher student dropouts and differential selection
into standardized tests during remote learning. This selection effect is what
motivate us to implement a matching strategy in column (5). Second, differences
in assessment mode between wyears. In particular, AAPs in 2020 covered a
simplified curriculum, and students had much more time to take the exam in
2020 than in previous vears (two days, relative to a couple of hours). See
Appendix C.1 for a detailed discussion of differences hetween in-person and
remote exams in the context of Sao Paulo State.”
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Reviewer 3

The authors take advantage of a relatively unique situation during COVID,
the application every quarter in Sao Paclo Brazil of standardized achievement
exams as well as the combination of some in person and some online classes
which potentially allows effects of online schooling on learning to be isolated.
The authors study both risk of dropout and impacts on learning and find large
negative effects on the risk of dropout and on learning during the pandemie.
While the topic is of great interest and importance, 1 have some concerns on
the validity of the empirics which I detail below.

1. Defining students to be at risk of dropout if they do not take a quarterly
exam applied online during the pandemic strikes me as not very convincing
indicator of dropout risk. The authors provide evidence (in the supplementary
material) this variable is correlated with actual dropout using pre-pandemic data
when students were attending in person classes. | do not believe this is a valid
exercise to demonstrate that the same imdicator 1= a predictor of dropout during
the pandemic when all school activities are remote. I thus suggest the authors
drop this analysis (or call it what it is-probability of not taking the exam)
or study the correlation between this variable and returning to school later
using actual data from the pandemic on to provide evidence that it effectively
measures dropout risk later on e.g. during/after the pandemic.

Motivated by this comment {and similar ones from others referees), we pro-
vided more extensive justification for the connection hetween our proxy and
actual dropouts. We start by better motivating this proxy using anecdotal evi-
dence. We write (in p.5): *This proxy has been used for years by the Education
Secretary and by philanthropic organizations that support quality eduecation in
Brazil to predict student dropouts, especially when it comes to identifying the
schools most likely to be affected.” Next, in Section A.1 of the Supplementary
Materials, we show that this proxy reliably predicts actual aggregate dropouts
in the years before the pandemic. We also collected additional data for the
first quarter of 2021, and now show that students who had missing grades in
2020 were much more likely not to have engaged in any academic activity in
(31,2021,

Concretely, we write (Supplementary Materials, p.2), when discussing the
correlation between our proxy and actual dropouts: “(...) the figure showeases
that the classroom-level actual and proxy dropouts are highly correlated, with
a coefficient of approximately 0.7, Since measurement error tends to attenuate
this correlation, the coefficient represents a lower-bound to the actual prediction
power of this proxy. Moreover, actual dropout rates in 2019 were over 6-fold
higher among students with missing math and Portuguese grades by the end of
the previous school year.”

Last, in Section A.2 of the Supplementary Materials, we write (pp. 2-3):

“The last section shows that, before the pandemic, our proxy reliably pre-
dicted actual student dropouts. Nevertheless, its predictive power might have
changed during such exceptional times; for instance, many students might have
failed to hand in homework and exams in 2020 due to atypical cirenmstances
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— e.g., lmited connectivity or fear of leaving home to hand them in person -
despite no intention of dropping out the following year.

To address thiz concern, we collected additional admimstrative data for
1/2021, when in-person classes had been authorized to return in all munici-
palities of Sao Paulo State. As explammed in the main text, all students who had
not yet graduated from high school were automatically enrolled 1 2021; hence,
there 1= no data on actual dropouts for 2020, Instead, we focus on whether stu-
dentz engaged n any academic activity during this school quarter: attending
classes, handing In assignments or taking exams that would qualify for scorecard
grades In ()1/2021, across all school subjects. If our proxy still predicts actual
dropouts 1n 2020, we would expect that students at high dropout risk during
that yvear are less likely to participate in any academic activity in 2021, As such,
we compute the odd ratio of participating in academic activities for students
classified as high risk of dropout or not.

We find that students with missing grades in the last quarter of 2020 were 8.6
times more likely not to have attended a single class, and 9.7 times more likely
not to have taken a single test in (J1,/2021. Hence, we conclude that our prosy
remains a reliable predictor of dropout risk even throughout the pandemie.”

Nevertheless, we added nuance to our discussion of the potential caveats of
relving on this proxy. We write (in p.10): “Will students that did not engage
with schools activities in the absence of in-person classes remain permanently
out of the school system? Worryingly, we find that students at high dropout risk
in 2020 are almost 10 times more likely to continue not engaged with schools
actlvities even as in-person classes returned in 2021, suggesting that this 1s not a
transitory phenomenon. Having said that, it might be too early to answer that
question. Whether the high risk of student dropouts will ultimately materialize
depends on public policy responses — from engaging students’ families (32)
to creating additional (possibly financial) incentives for secondary students to
remain in school.”

2. The impacts on learning using the two experiments (e.g. the period
of closure to measure reduction in learning and the period when some schools
reopen to measure the iImprovement in learning) have different results by an
order of magnitude and this discrepancy casts doubt on what to believe about
the true impacts of learning losses. Table 1 {columns 3 to 5) suggests reductions
in learning over 9 months of online learning on standardized tests of 0.3 standard
deviations whereas Tahle 2 suggests comparing municipalities where schools
returned to those who did not that the return to in person learning led to an
increase in test scores of (L024 standard deviations e.g. less than one tenth the
effects implied by Table 1. What are the reasons for this enormous discrepancy
and which are we to believe represents the true learning losses due to the closure
of schools? The authors need to reconcile these differences and provide guidance
to the reader as what the takeaways of the analysis are.

This iz, in fact, an important observation that we did not appropriately dis-
cuss In the previous version of the manuscript. We apologize for that omission.
This difference in effect sizes directly reflects difference in the duration and n-
tensity of each shock. When it comes to duration, the period during which
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schools remained closed in 2020 was much longer than that over which some of
them reopened for in-person activities. All in-person academic activities were
suspended at the end of March 2020, and remained so until the first week of
October. As such, the average school in Sao Paulo was closed for approamately
35 weeks during the year. In contrast, conditional on reopening, the average
school resumed in-person classes for about 5 weeks. One way to reconcile these
differences is to compute average treatment effects per weel, following (27).

We now write (p.7): “The average school in Sao Paulo State remained closed
for approximately 35 weeks throughout 2020, As such, our estimates imply that
students lost approximately 0,009 standard-deviations of learning each weelk,
relative to in-person classes. This effect size 1= only slightly higher than that in
(27) but at least 4-fold that in (21 )." We continue: “Estimates in (27) imply
a learning loss of 0.3 to 0.4 s.d a year, which translates to 0.005-0.007 s.d a
week " When discussing the effects of reopening schools for in-person classes
(pp.8), we write: “In municipalities that authorized schools to reopen for in-
person academic activities in 2020, the average school could have done so for at
most 5 weeks. Thus, resuming in-person classes contributed to an increase in
test scores of about 0,005 s.d a week.”

When it comes to intensity, it 1= important to bear in mind that our estimate
of the treatment effects of school reopening is based on intention-to-treat (ITT)
estimates, as we do not have data on which schools actually reopened (and for
exactly how long) in the municipalities that issued authorization decrees. As
such, we believe this effect size is actually substantially high — in fact, just as
large as weekly learning losses from school closures estimated in (27). 7
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Decision Letter, first revision:

2nd December 2021

Dear Dr Lichand,

Thank you once again for your manuscript, entitled "The Impacts of Remote Learning in Secondary
Education during the Pandemic in Brazil," and for your patience during the peer review process.

Your manuscript has now been evaluated by 3 reviewers, whose comments are included at the end of
this letter. Although two reviewers now recommend publication of your work, one reviewer has several
remaining concerns. We remain interested in the possibility of publishing your study in Nature Human
Behaviour, but would like to consider your response to these concerns in the form of a revised
manuscript before we make a decision on publication.

Specifically, Reviewer #3 is still concerned about the reliability of your dropout proxies. While we do
not believe that you should remove these analyses altogether, we ask you to be fully transparent
about the limitations of your proxy, and to report full statistics and figures of your supporting analyses
in Supplementary Sections A1 and A2. In your revision, we also ask you to strengthen your argument
showing that matching has appropriately controlled for selection effects, as requested by Reviewer #3.

Finally, your revised manuscript must comply fully with our editorial policies and formatting
requirements. Failure to do so will result in your manuscript being returned to you, which will delay its
consideration. To assist you in this process, I have attached a checklist that lists all of our
requirements. If you have any questions about any of our policies or formatting, please don't hesitate
to contact me.

In sum, we invite you to revise your manuscript taking into account all reviewer and editor comments.
We are committed to providing a fair and constructive peer-review process. Do not hesitate to contact
us if there are specific requests from the reviewers that you believe are technically impossible or
unlikely to yield a meaningful outcome.
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We hope to receive your revised manuscript within four to eight weeks. We understand that the
COVID-19 pandemic is causing significant disruption for many of our authors and reviewers. If you
cannot send your revised manuscript within this time, please let us know - we will be happy to extend
the submission date to enable you to complete your work on the revision.

With your revision, please:

e Include a “"Response to the editors and reviewers” document detailing, point-by-point, how you
addressed each editor and referee comment. If no action was taken to address a point, you must
provide a compelling argument. This response will be used by the editors to evaluate your revision and
sent back to the reviewers along with the revised manuscript.

¢ Highlight all changes made to your manuscript or provide us with a version that tracks changes.
Please use the link below to submit your revised manuscript and related files:
[REDACTED]

<strong>Note: </strong> This URL links to your confidential home page and associated information
about manuscripts you may have submitted, or that you are reviewing for us. If you wish to forward
this email to co-authors, please delete the link to your homepage.

We look forward to seeing the revised manuscript and thank you for the opportunity to review your
work. Please do not hesitate to contact me if you have any questions or would like to discuss these
revisions further.

Sincerely,

Arunas Radzvilavicius, PhD
Editor

Nature Human Behaviour
Reviewer expertise:
Reviewer #1:

Reviewer #2:

Reviewer #3:
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REVIEWER COMMENTS:

Reviewer #1:
Remarks to the Author:
The authors have addressed my comments and I am happy to recommend publication.

Reviewer #2:
Remarks to the Author:
Dear authors

Thank you very much for revised version. Although I was skeptical in my first review, your reply and
changes have significantly changed my mind. You did an excellent job in the revision. I fully agree
with your reply to my questions and the implemented changes in the paper. I also liked the multiple
additional robustness tests and the more detailed sub-group analyses. I have two remaining, though
minor, issues. Nevertheless, I think that implementing them might increase the attractiveness (and
hence, citations) of the paper even further.

Reading the comments and replies to the other referees, I agree with reviewer 1 that you embedded
the paper better in the literature. With respect to this, there are recently a few new papers published
on the theme that you might want to include (e.g. Donnelly and Patrinos; Werner and Woessmann;
Grewenig, Lergetporer, Werner, Zierow and Woessmann; Gambi and De Witte; Iterbeke and De Witte
- And references in these recent articles). Adding these will embed the paper also in the most recent
literature on the covid related learning losses. Moreover, some papers are recently published and do
not appear as working papers any longer. Please check in the reference list.

In the revised version, you discuss on page 6 the selection effect. I think that you underplay this
effect here. At the very least, you should refer to the recent paper by Werner and Woessmann (the
legacy of covid-19 in education) who devote significant attention to the cohort effects and how this
underestimates the true learning losses.

Reviewer #3:
Remarks to the Author:

1. "Defining students to be at risk of dropout if they do not take a quarterly exam applied online
during the pandemic strikes me as not very convincing indicator of dropout risk.”

Figure S.A.1 shows the correlation between actual dropouts and the proposed proxy using taking a
quarterly exam in the 4th quarter of 2019. As can be seen in the graph, there is some correlation but
hardly a very high one. Showing some correlation (0.7 is not that high actually) is not sufficient to
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argue that a variable is a good proxy. This graph overall I consider evidence that using taking the
exam is a poor proxy for actual dropout.

The authors provide a section in the supplementary materials on page 2 (section A2) describing how
they test that not taking the exam can proxy dropout during the pandemic. Here they do not show a
correlation or graph but construct an alternative proxy to dropout measured not as dropout but as the
probability of not attending class because in fact they do not have information on actual dropout.

It is difficult to understand why the authors insist on studying the effects of the pandemic on dropout
when they do not have information on dropout. The proxies reflect jointly current attendance,
knowledge about when the test would be applied/whether test perceived as important, incidence of
health problems which affect getting to school etc. etc. I suggest dropping this analysis all together.

2. There really needs to be some basic description of the characteristics of those who take the test and
those who don't before and after in 2019 and 2020 to provide an initial idea if selection changes over
time and during the pandemic and whether this selection affects the results of the paper. Such an
analysis is a basic ingredient to establishing whether the changes in test scores the paper describes in
fact reflect effects of online learning/pandemic or are simply differences in the characteristics of the
population taking the tests e.g. selection bias. The paper simply does not provide sufficient evidence
that the estimates are (at least largely) free of selection bias. Where is the evidence/arguments that
the matching has adequately controlled for selection?

Author Rebuttal, first revision:
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Reviewer 2

Dear authors, Thank you very much for revised version. Although 1 was
skeptical in my first review, your reply and changes have significantly changed
my mind. You did an excellent job in the revision. I fully agree with your reply to
my questions and the implemented changes in the paper. 1 also liked the multiple
additional robustness tests and the more detailed sub-group analyses. 1 have
two remaining, though minor, issues. Nevertheless, | think that implementing
them might increase the attractiveness (and hence, citations) of the paper even
further.

Reading the comments and replies to the other referees, 1 agree with reviewer
1 that you embedded the paper better in the literature. With respect to this,
there are recently a few new papers published on the theme that you might want
to nclude (e.g. Donnelly and Patrinos; Werner and Woessmann; Grewenig,
Lergetporer, Werner, Zierow and Woessmann; Gambi and De Witte; Iterbeke
and De Witte — And references in these recent articles). Adding these will embed
the paper also in the most recent literature on the covid related learning losses.
Moreover, some papers are recently published and do not appear as working
papers any longer. Please check in the reference list.

Thank you for your invaluable comments, which have helped us greatly im-
prove the paper in the revision process. In the new version of the manuscript,
we have updated the introduction to incorporate the suggested references and
additional ones. Now, in page 3, we write:

*Quantifying learning losses due to remote learning within primary and see-
ondary education i1s urgent, as governments need to make informed decisions
when trading off the potential health risks of reopening schools in the pandemic
(1) 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
(2). Several papers attempt 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 developed country set-
tings [ -5). Out of those, some contrast online to in-person instruction within
tertlary education (6-11), 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 (12-15). In contrast, evidence for developing
countries 15 thinner, and mostly from experiments that use remote learning to
expand educational access to rural and remote regions that had no access to ed-
ucation before (16-19) — 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 during the pandemic either rely on sim-
ulations and structural models (20-22) or suffer from comparability issues —
contrasting different tests and student populations before and during the pan-
demic, and without parsing out other direct effects of COVID-19, above and
beyond the transition to remote learning (25-3%). Even the few studies that
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rely on appropriate counterfactuals to study this question have to rest on strong
assumptions, given the nature of the variation they use to identify cansal effects;
in particular, differences in the length of school recess across geographical units
or that induced by previous epidemics (34, 35) are only loosely related to the
changes in instruction mode observed in the context of COVID-19. As such, the
only credible available evidence for the impacts of remote learning on secondary
schools during the pandemic 15 for developed countries (36, 37) — leaving key
questions unanswered, from the extent of its impacts on student dropouts (an
1=sue relatively unimportant in developed countries, but eritical in the dewvel-
oping world) to the extent of heterogeneity of those impacts with respect to
student characteristics, such as age, gender and race.”

In the revised version, you discuss on page 6 the selection effect. I think that
you underplay this effect here. At the very least, vou should refer to the recent
paper by Werner and Woessmann (the legacy of covid-19 in education) who
devote significant attention to the eohort effects and how this underestimates
the true learning losses.

Thank you for Hagging this. We now discuss the selection effect more thor-
oughly in the main text. We also added new analyses to document the nature of
selection and how our matching procedures adequately address it, and estimate
the sensitivity of our findings to selection using a balanced panel.

In page 7, we now write: “(22) documents, in a different context, that dif-
ferences between cohorts over time, in particular due to selection in the context
of COVID-19, can generate sizable differences in measured learning outcomes
throughout the pandemic. Our empirical analysis not only compares how the
same cohorts evolved over time, but also, our matching strategy in Columns
(4-5) ensures that the characteristics of students who took different exams are
balanced over time (see Table S.E.1 in the Supplementary Materials). Results
are very robust to the matching procedure. This s not hecanse selection is
unimportant — Table S.E.2 in the Supplementary Materials shows that student
characteristics matter significantly for differential take-up of standardized tests
m 2020 —; rather, this presumably largely reflects the fact that the nature of se-
lection does not change across ()1 and Q2-04 /2020, As such, self-selection into
the exams has small to no impacts on our main results. Table S.E.T additionally
re-estimates the results in Table 1 using a balanced panel, by restricting atten-
tion to the students who took all standardized tests in 2019 and 2020, Even
within this highly selected sub-sample (given the results in Panel A of Table
S.E.T), the effect size of remote learning on learning outecomes 1s still over 705
that within the whole sample, corroborating that findings are not an artifact of
selection in the context of our study.”

In Section E of the Supplementary Materials, Table S.E.1 discusses imbal-
ances without matching, and how our matehing procedures adequately address
them. We write: *Columns (1-2) in Table S.E.1 report mean values for student
characteristics, separately for those who took any standardized test in 2019 (col-
umn 1) and m 2020 (column 2). While most differences seem small, one can see
that, in 2020, not only attendance and grades were higher among the sample
with standardized test scores, but also, their characteristics indicate that they
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are Indeed positively selected: there is a higher share of white students among
test-takers, who also tend to come from higher-income schools and more likely
to have offered online activities prior to the pandemic. Differences across the
two samples are indeed highly statistically significant (p-value of an F-test of
joint significance = 0.000). Next, columns (3-4) report characteristics of the
sample of 2020 after applying matching procedures: column (3) displays those
using inverse probability weights, and column (4), controlling for the propen-
sity score. Sample means under both procedures approximate those of the 2019
sample to a much better extent; in particular, one can see that the proportion of
white students, the average per capita income of the school neighborhood and
the share of test-takers from schools with online activities prior to the pandemic
are (nearly) identical across matched samples. As a result, we no longer reject
the hypothesis that the samples are balanced at conventional significance levels
in each case (p=0.52 and 0.31, respectively).”

Table S.E.1: Student and school characteristics among
those who took standardized tests in 2019 and 2020, with and without matching

2019 sample 3020 =ample 2020 sample with inverse 2020 =ample controlling
probability weighting for propensity scores

Attendanee 0.80 0.95 081 081
Scorecard grades 6.21 6.9 6.20 6.21
Male 0.48 0.51 051 051
White 0.55 0.59 0.55 .56
Per capita income (R§)  913.00 990,38 912.93 913.08
Prior online activities 0.72 0.74 0.72 0.72
p-value{F-test) 0.0 0.52 0.31

Also in Section E of the Supplementary Materials, Table S E.7 analyzes the
extent to which selection might affect our estimates of the impacts of remote
learning on standardized test scores. We write: “Table 5.E.7 reports sensitiv-
ity tests for selection effects. For this analyses, we track students who took
standardized tests in 4,/2019 and i Q4,/2020. In Panel A, we estimate how
standardized test scores differ for those students, relative to other students, to
document the extent of selection. In Panel B, we re-estimate treatment effects
of remote learning on standardized test scores using differences-in-differences
with a balanced panel, restricting attention to students who took all exams.”

“Panel A shows that standardized test scores n 2019 were 0L09 standard-
deviations higher in the selected sample relative to other students (significant
at the 1% level), confirming that they are indeed positively selected. In turn,
Panel B shows that, even among this highly selected sample, the effects of remote
learning were substantially negative. We document that learning losses relative
to in-person classes were of the order of 0.225 s.d. (significant at the 1% level)
— over T0% of the coefficient reported in Table 1.”
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Table S.E.7T: Sensitivity tests for selection effects
Panel A: Standardized scores in 2019

Took the test 0.002%%%  0.0R0%**
in 2020 (0.0002)  (0.0002)
N 9,232 676

Panel B: Standardized scores in 2020

Remote learning 0. 232%%% (), 225%+*
(0.0002) (00002}

N 6,142 219
Grade fixed-effects no vies
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Reviewer 3

1. “Defining students to be at risk of dropout if they do not take a quarterly
exam applied online during the pandemic strikes me as not very convincing
indicator of dropout risk.” Figure S A1 shows the correlation between actual
dropouts and the proposed proxy using taking a quarterly exam in the 4th
quarter of 2019, As can be seen in the graph, there is some correlation but
hardly a very high one. Showing some correlation (017 1= not that high actually)
1= not sufficient to argue that a variable is a good proxy. This graph overall 1
consider evidence that using taking the exam is a poor proxy for actual dropout.

The authors provide a section in the supplementary materials on page 2 (sec-
tion A2} describing how they test that not taking the exam can proxy dropout
during the pandemic. Here they do not show a correlation or graph but con-
struct an alternative proxy to dropout measured not as dropout but as the
probahility of not attending class because in fact they do not have information
on actual dropout.

It 1= difficult to understand why the authors insist on studying the effects of
the pandemic on dropout when they do not have information on dropout. The
proxies reflect jointly current attendance, knowledge about when the test would
be applied /whether test perceived as important, incidence of health problems
which affect getting to school ete. ete. [ suggest dropping this analysis all
together.

Thank you for your concerns with this eritical issue. While 1t would have
been smmpler to just drop the analyses, we were motivated to strengthen the
arguments for the use of the proxy due to the complete absence of direct evidence
on the effects of remote learning on student dropouts during the pandemic,
particularly in developing countries. This is a eritical gap in the public debate
and policy discussions, one which continues to influence decisions to keep schools
open or not as the world 15 hard hit by new variants.

In response to your comments, we have now expanded our analyses of this
proxy extensively in Section A of the Supplementary Materials. In these analy-
ses, we added new administrative data from Q12021 that supports our claims
about the predictive power of the proxy even during the pandemic. We also
corrected our estimates for measurement error directly, using analytical formu-
las that consider how the effects of classification error on our estimates can be
parsed out by computing false positive and false negatives based on administra-
tive outcomes, both prior to and during the pandemic. Last, we also tried to
appropriately caveat for the use of the proxy in the Discussion section, pointing
out the limitations from not observing actual dropouts in the context of our
study.

Let us expand on each of the points above. In page 6, we now write: “In
Section A of Supplementary Materials we show that this finding 1= robust to cor-
recting for measurement error based on administrative data — which allows us
to compute false positives and false negatives both prior to and during the pan-
demie —, and provide evidence that the proxy is indeed highly predictive of not
attending any classes in (}1,/2021, when in-person classes had been authorized
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to return by all municipalities of Sao Paulo State.”

We added two new subsections to Section A. Section A.2 computes odds
ratios comparing the probability of participation in school activities of students
who had missing scorecard grades in the previous year to that of other students.
This subsection does that for actual re-enrollment in 2020, to validate the proxy
with pre-pandemic data, as well as for zero attendance and missing scorecard
grades in ()1,/2021, to validate it in the context of COVID-19. In that subsection,
we write: “Table 5.A.1 reports the results. Column (1) shows that students with
missing math and Portuguese scorecard grades in 2019 are seven times more
likely not to be enrolled in the following year than other students, validating
the proxy prior to the pandemic. Sinee the connection between our proxy and
actual dropouts might have changed during such exceptional times — concretely,
many students might have failed to hand in homework and take exams during
the pandemic due to atypieal circumstances, from connectivity constraints to
concerns about being exposed to COVID-19 — columns (2) and (3} estimate odds
ratios for indicators of school participation in 2021, when in-person classes had
been authorized to return by all municipalities of Sao Paulo State. We focus on
whether students engaged in any academic activity during this school quarter:
attending classes or taking exams that would qualify for scorecard grades in
1/2021, across all school subjects. If a student missed all classes across all
subjects during the whole school quarter, this 1s essentially equivalent to not
being enrolled in school. If our proxy still predicts intended non-enrollment in
2020, we would expect that students at high dropout risk during that vear are
less likely to participate in any academic activity in 2021, The table shows that
students with missing scorecard grades in (4/2020 were 8.0 times more likely
not to have attended a single class (column 2) and 9.7 times more likely not to
have taken a single exam (column 3) in Q1/2021. We reject the null hypothesis
that each odds ratio is equal to one at the 1% level. As such, we conclude that
this proxy remains a strong predictor of student dropouts even throughout the
pandemic.”

Table 5.A.1: Odds ratios for different measures of student engagement
relative to missing scorecard grades

(1) (2) (3)

Not enrollment No classes attended No tests taken

in 2020 in Q1 2021 in Q1 2021
0dds Ratio 7.01%** 8.5% %+ 0 78k

(0.001) (0.001) (0.001)
N 1,069,552 1,606,000

Next, subsection A3 assesses the sensitivity of our results to directly cor-
recting for measurement error from not directly observing actual dropouts. It
does so by deriving an analytical formula for the effects of classification error on
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the coeflicients we estimate. This formula depends on the false positive and false
negative rates from using our proxy. While we, of course, cannot compute these
rates based on actual dropouts in 2021 (otherwise we would not need a proscy
afterall), we can compute them in 2020, and approsimate them m 1,/2021 us-
ing other measures of school participation — concretely, whether students had
zero attendance across all classes in the school quarter, and whether they had
missing scorecard grades for all classes in that quarter. We write: “Table S A2
reports estimates for treatment effects on proxy dropouts corrected for mea-
surement error according to the procedure above., Column (1) assumes that
measurement error Is constant across X, and corrects coefficlents using equa-
tion (10). Colummn (2) allows measurement error to be correlated with covariates
— in particular, it allows it to vary by grade or school quarter —, correcting co-
efficients using equation (9). Panel A estimates false positive and false negative
rates based on actual dropouts in 2020; Panel B, based on zero attendance in
(31 2021; and Panel C, based on no scorecard grades in Q1,/2021. All corrected
estimates are very close to the ones estimated in Table 1; if anything, corrected
estimates are 4-12% higher than coefficients reported in Table 1.7

Table S.A.2: Effects of remote learning on dropout rates correcting for
measurement error

(04 2020-031 2020)-(Q4 2018-0)1 2019)
(1) (2)

Panel A: Actual Dropouts in 2020

Remote learning 0.0TO*T* 0.0Ga***
{o.000z2) {0.0002)

Panel B: Zero attendance in (1,/2021

Remote learning 0.0GE=** D.OGTH**
{o.000z2) {0.0002)

Panel C: Missing all scorecard grades in Q12021

Remote learning 0.065%%* 0.0G5*F*
{0.0002) (0.0002)

N 8,543 856

Grade fixed-effects yes ves

Matching no no

Last, we introduced a paragraph on the limitations of relying on that prosy
in the Discussion section. In page 9, we now write: “A limitation of our anal-
yses 15 that we will not know the extent of actual dropouts until later in 2022
{or even only in 2023), when school systems will no longer re-enroll students
antomatically (which happened 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 students at
high dropout risk. This proxy is also in line with the literature that attempts to
predict student dropouts by measuring their lack of engagement with school ac-
tivities {38 ). Section A of Supplementary Materials documents that this proxy
iz, in fact, predictive of actual dropouts. In 2019, students with missing score-
card grades were approximately seven times more likely not to be enrolled in
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the following year than other students. Nevertheless, the proxy 1= not flawless.
Relying on it generates both false positives and false negatives even during in-
person classes. Moreover, during the pandemic, missing scorecard grades might
rather reflect transitory shocks that prevent those students from handimg in
homework or taking exams but not necessarily imply that they will drop out of
school. Having said that, using administrative data for 2021°s first school quar-
ter — when in-person classes had been authorized to return by all municipalities
of Sao Paulo State — Section A of Supplementary Materials shows that students
with missing scorecard grades i the previous year were almost nine times more
likely not to attend a single class across all subjects n the following vear, rela-
tive to other students — corroborating the validity of our proxy even during the
pandemic. It also estimates the effects of remote learning correcting directly for
classification error, leveraging administrative data that allows computing false
positive and false negative rates both prior to and during the pandemic. In any
case, using this proxy mtroduces an additional layer of uncertainty in the esti-
mates, and makes it difficult to directly compare our results with other estimates
in the literature based on student dropouts measured from actual re-enrollment
decisions. Most mmportantly, as emphasized by (22), the long-term prospects
of these students might still be altered by targeted public policies, from reme-
dial education to cash transfers to active search for out-of-school children and
adolescents.”
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2. There really needs to be some basic description of the characteristics
of those who take the test and those who don’t before and after in 2019 and
2020 to provide an mitial idea if selection changes over time and during the
pandemic and whether this selection affects the results of the paper. Such
an analysis 15 a basic ingredient to establishing whether the changes in test
scores the paper describes in fact reflect effects of online learning /pandemic
or are simply differences in the characteristics of the population taking the
tests e.g. selection bias. The paper simply does not provide sufficient evidence
that the estimates are (at least largely) free of selection bias. Where 1s the
evidence /arguments that the matching has adequately controlled for selection?

We thank you for raising that concern. The previous version of the paper
already contained Tahle S.E.1, which provides descriptive evidence about dif-
ferences in characteristics of the students who took standardized tests in 2020
relative to those who took them in 2019, We apologize for not giving it enough
emphasis in the previous version of the manuscript.

Table S5.E.1: Selection into Q4 standardized test (across all grades)

Marginal probability change

White x 2020 0.051***
(0.001)
Male = 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 RE) (.01 %**
(0.001)

In response to your comment, we have now added new analyses to document
the nature of selection and how our matching procedures adequately address it,
and estimate the sensitivity of our findings to selection using a halanced panel.
We also discuss the selection effect more thoroughly in the main text. In page 7,
we now write: “(22) documents, in a different context, that differences between
cohorts over time, in particular due to selection in the context of COVID-19,
can generate sizable differences in measured learning outcomes throughout the
pandemic. Our empirical analysis not only compares how the same eohorts
evolved over time, but also, our matching strategy in Columns (4-53) ensures
that the characteristics of students who took different exams are balanced over
time (see Table S E.1 in the Supplementary Materials). Results are very robust
to the matching procedure. This i1s not because selection 1s unimportant — Tahble
5.E.2 in the Supplementary Materials shows that student characteristics matter
significantly for differential take-up of standardized tests in 2020 —; rather, this
presumably largely reflects the fact that the nature of selection does not change
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across ()1 and Q2-04/2020. As such, selfselection into the exams has small to
no impacts on our main results. Table 5. E.T additionally re-estimates the results
in Table 1 using a balanced panel, by restricting attention to the students who
took all standardized tests in 2019 and 2020, Even within this highly selected
sub-sample (given the results in Panel 4 of Table 5.E.T), the effect size of remote
learning on learning outcomes s still over T0% that within the whole sample,
corroborating that findings are not an artifact of selection in the context of our
study.”

In Section E of the Supplementary Matenals, Table 5.E.1 dizscusses imbal-
ances without matching, and how our matching procedures adequately address
them. We write: “Columns (1-2) in Table S.E.1 report mean values for student
characteristics, separately for those who took any standardized test in 2019 {col-
umn 1) and in 2020 (column 2). While most differences seem small, one can see
that, in 2020, not only attendance and grades were higher among the sample
with standardized test scores, but also, their characteristics indicate that they
are indeed positively selected: there is a higher share of white students among
test-takers, who also tend to come from higher-income schools and more likely
to have offered online activities prior to the pandemic. Differences across the
two samples are indeed highly statistically significant {p-value of an F-test of
joint significance = 0.000). Next, columns (3-4) report characteristics of the
sample of 2020 after applying matching procedures: column (3) displays those
using inverse probability weights, and column (4), controlling for the propen-
sity score. Sample means under both procedures approximate those of the 2019
sample to a much better extent; in particular, one can see that the proportion of
white students, the average per capita income of the school neighborhood and
the share of test-takers from schools with online activities prior to the pandemic
are (nearly) identical across matched samples. As a result, we no longer reject
the hypothesis that the samples are balanced at conventional significance levels
in each case (p=0.52 and (.31, respectively).”

Table S.E.1: Student and school characteristics among
those who took standardized tests in 2019 and 2020, with and without matching

2019 sample 220 sample 2020 sample with inverse 2020 sample controlling
probability weighting for propensity scores

Attendance 050 0,85 0.91 091
Scorecard prades 6.21 6.0 6.20 6.21
Male 048 051 0.5l 051
White 0.55 050 0.55 056
Per capita income (RE)  913.00 090,38 012,03 013,08
Prior online activities 0.72 0.74 0.72 072
pvahie{F-test) 000 0.52 021

Also in Section E of the Supplementary Materials, Tahle S E.7 analyzes the
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extent to which selection might affect our estimates of the mmpacts of remote
learning on standardized test scores. We write: “Table S.E.7 reports sensitiv-
ity tests for selection effects. For this analyses, we track students who took
standardized tests in (34,/2010 and in Q4,/2020. In Panel A, we estimate how
standardized test scores differ for those students, relative to other students, to
document the extent of selection. In Panel B, we re-estimate treatment effects
of remote learning on standardized test scores using differences-in-differences
with a balanced panel, restricting attention to students who tock all exams.”

“Panel A shows that standardized test scores in 2019 were 0,09 standard-
deviations higher in the selected sample relative to other students (significant
at the 1% level), confirming that they are indeed positively selected. In turn,
Panel B shows that, even among this highly selected sample, the effects of remote
learning were substantially negative. We document that learning losses relative
to in-person classes were of the order of 0.225 s.d. (significant at the 1% level)
— over T0% of the coefficient reported in Table 1.7

Table S.E.T: Sensitivity tests for selection effects
Panel A: Standardized scores in 2019

Took the test 0.002%%+ 0,080+
in 2020 (0.0002)  (0.0002)
N 2,232,676

Panel B: Standardized scores in 2020

Remote learning 0.222%*% (), 225%**
(0.0002)  (0.0002)

N 6,142,210
Grade fixed-effects no ves
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