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Abstract

We use a panel survey of ∼19,000 primary-school-aged children in rural Tamil Nadu to study
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reopened. Students tested in December 2021 (18 months after school closures) displayed learning
deficits of ∼0.7σ in math and 0.34σ in language compared to identically-aged students in the
same villages in 2019. Two-thirds of this deficit was made up within 6 months after schools
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1 Introduction
COVID-19 disrupted education systems worldwide. This shock was more severe in low-
and middle-income countries (LMICs), which had longer school closures than OECD
countries, and where schools and parents were less equipped to pivot to remote instruction
(Agarwal, 2022; UNESCO, 2022). Poor households were particularly limited in their ability
to compensate for school closures and more vulnerable to severe economic and health
shocks (Patrinos et al., 2022). Thus, the COVID-19 crisis may have substantially exacerbated
the ‘learning crisis’ in LMICs and increased educational inequality (World Bank, 2020).

India offers a leading example of such concerns. Compared to other establishments, schools
were first to close and last to open, resulting in about 18 months of school closures (Andrew
& Salisbury, 2022). Households faced significant economic hardship due to stringent
lockdowns (Kesar et al., 2021). Health shocks were also severe: independent estimates
indicate excess mortality of 3.2 million people between March 2020 and September 2021
(Jha et al., 2022). These shocks occurred in a context where, even before the pandemic, 50%
of rural children in Grade 5 could not read a Grade 2 level text (Pratham, 2019). Evidence on
past natural disasters and epidemics suggests that their negative effects on student learning,
and potentially outcomes later in life, could be long-lasting (Andrabi et al., 2021; Bandiera et
al., 2020). Yet, despite the scale of the disruption, and the large potential costs, remarkably
little is known about the magnitude and persistence of COVID-19-induced learning losses.

This paper presents new evidence on these questions using a large panel dataset from
a near-representative sample of rural students in a large Indian state (Tamil Nadu). We
use a household-based census of 25,126 children across 220 villages (conducted in 2019),
which includes cognitive tests for all children aged 2-7 years, as a baseline. In 2021-22,
we retested 19,289 of them using comparable assessments. These tests were administered
over three survey waves between December 2021 (soon after schools reopened) and May
2022. Each student was revisited once in 2021-22 and the timing of these revisits was
randomized within village. Thus, we observe population-level test score distributions four
times (2019, December 2021, February 2022, and April-May 2022), and observe individual
students twice (in 2019, and once in 2021-22).

We use these data to conduct three exercises. First, we quantify the magnitude of learning
loss in December 2021, using comparable assessments linked via Item Response Theory
(IRT) models, for students in early grades of primary schooling (a crucial stage for
achieving foundational skills). We find large learning losses in December 2021, after 18
months of school closures. On average, students between 5–7 years were 0.7 and 0.34
standard deviations (σ) behind in mathematics and language, respectively, compared
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to students of the same age in the same villages in 2019. This is equivalent to 1–2
years of schooling in this context. These learning losses were regressive, consistent
with a significant positive socioeconomic gradient in educational inputs received by
children during school closures. The magnitude of this heterogeneity is, however, small
relative to the size of the learning loss in the overall population.

Second, we estimate the pace of recovery and find a rapid catch-up in learning. Two-thirds
of the learning loss documented in December 2021 was made up for by May 2022 (after
5–6 months of schools reopening). This recovery was modestly larger for children from
more disadvantaged backgrounds, compensating fully for the socioeconomically unequal
learning loss found after 18 months of school closures.

Finally, we evaluate the effectiveness of the state government’s flagship COVID-recovery
intervention in education. To address learning loss when schools reopened, the
Government of Tamil Nadu introduced an after-school remedial program run by
community volunteers for 60-90 minutes daily. This program, called Illam Thedi
Kalvi (“Education at Doorstep”, or ITK), was rolled out state-wide in January 2022
and employed approximately 200,000 volunteers. These volunteers were typically
not trained or credentialed teachers, but had at least a high-school degree. It was
the largest supplementary instruction program for COVID learning loss recovery in
India (providing supplementary instruction to 3.3 million students) and among the
largest COVID education response initiatives globally. This model of after-school
remedial camps, led by locally-hired community volunteers, with content de-linked
from school curricula, is similar to interventions studied in non-pandemic settings
by Banerjee et al. (2017) and Duflo et al. (2020).

The program was salient: ∼57% of households reported sending their children to these
sessions; and of those doing so, ∼90% reported sending their children for 4 days or
more per week. Within villages, children from less-advantaged households were more
likely to attend ITK centers than students from better-off households. In particular,
74% of children enrolled in public schools attended ITK centers, compared to 19% of
children in private schools. This contrasts with other mechanisms to mitigate learning
loss during school closures, such as technology-based remote instruction or private
tutoring, which display a positive socioeconomic gradient.

We estimate the effects of attending the ITK program using value-added models that
incorporate rich measures of pre-pandemic achievement and household characteristics.1

1Value-added models have been shown to recover similar effects as estimates based on experiments,
lottery-induced variation, regression discontinuity designs, and dynamic panel models, both in the US
(Chetty et al., 2014; Deming et al., 2014; J. D. Angrist et al., 2017; J. Angrist et al., 2021) and in developing
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Attending ITK classes increased student test scores by 0.17σ and 0.09σ in mathematics
and Tamil language over 3-4 months, with the treatment effects concentrated in students
enrolled in public schools (who account for 90% of enrolled students in ITK centers). These
results are robust to including extensive vectors of educational resources available to the
child, compensatory inputs provided by schools and parents during school closures, or
measures of child activities during school closures. Bounds computed as in Oster (2019)
indicate robustness to relatively extreme selection from omitted variables.2

These gains from a statewide program are noteworthy given the well-documented tendency
for treatment effects to be smaller for programs implemented by governments at larger
scales (Vivalt, 2020; Bold et al., 2018). Adjusting for the 57.3% attendance rate, the ITK
program accounts for 28% of the population-level catch-up in Tamil and 20.7% of the
catch-up in math. Thus, about half of the initial learning losses documented in December
2021 would have been recovered after 6 months of school reopening even without the ITK
program, and we estimate that the ITK program increased this to two-thirds.

This paper contributes evidence to three key areas of the discourse on the impact
of COVID-19 school closures, which were forecast to cost up to $17 trillion in lost
lifetime earnings (World Bank, UNESCO and UNICEF, 2021). First, despite substantial
policy interest, the evidence to date on the extent of actual COVID-19 learning losses
in LMICs remains limited (see reviews by Patrinos et al. (2022) and Moscoviz & Evans
(2022)). In particular, given the difficulties of in-person testing during the pandemic,
most estimates of the learning costs of school closures have relied on simulations
or phone-based testing in non-representative samples.3

Second, we are unaware of any study that measures system-wide catch-up (or lack thereof)
in LMICs in representative samples and with IRT-linked measurement of primary-school
learning outcomes. Given the potential long-term costs of even limited durations of
school closure (Andrabi et al., 2021), this is a major gap in our understanding of learning
trajectories in the aftermath of the pandemic. One reason for our contrasting results
with those reported in Andrabi et al. (2021), may be that policymakers in Tamil Nadu
recognized the extent of disruption to schooling, and prioritized remediation in both
regular school instruction and in creating the ITK program.4

countries (Andrabi et al., 2011; Bau & Das, 2020; Singh, 2015, 2020a).
2Since we control for attending private or public school, this exercise considers robustness to selection on

omitted variables in ITK participation within public and private schools.
3Of the 36 studies reviewed in Patrinos et al. (2022), only one features representative samples of primary

school students with in-person testing in an LMIC (Hevia et al. (2022) in Mexico). Also, see Guariso &
Björkman Nyqvist (2023) who show learning loss using a panel of children in public schools in Assam, India.

4The Andrabi et al. (2021) results may reflect a setting where pedagogy had not adjusted for school
disruptions (because only a small fraction of students were affected). This may have contributed to their

3



Third, while there is evidence on the impacts of specific remote tutoring and technology
interventions on mitigating learning losses during school closures (N. Angrist et al., 2022;
Carlana & La Ferrara, 2021; Hassan et al., 2021), there is much less evidence on the
effectiveness of attempts to remediate learning losses upon school opening. Since schools
have now reopened, interventions based on in-person instruction may be more relevant for
remedying learning loss at scale. Our results suggest that the ITK program, designed and
implemented by a government in a short time and implemented state-wide, may provide
a useful template for LMIC governments seeking to mitigate COVID-19 learning loss.

Beyond the literature on the impact of COVID-19 on education, we also contribute to
the literature on after-school programs in LMICs, where programs run by non-profit
organizations have been shown to be effective at improving learning outcomes (e.g.,
Banerjee et al. (2017), Muralidharan et al. (2019)). Our results suggest the ITK program
may provide a template that can be followed by governments to run a highly-effective
and cost-effective after-school program at scale. Such programs can contribute to
ensuring universal foundational numeracy and literacy, and reducing socioeconomic
gaps in learning even in non-pandemic recovery settings.5

2 Data

2.1 Sampling
Our study is based in 220 villages in 4 districts of Tamil Nadu (see map in Figure A.1).
These districts were chosen based on probability proportional to size sampling and are
representative of rural Tamil Nadu. In these villages, we conducted a census of households
and tested all students between the ages of 24-95 months in August 2019 (i.e., between 2–7
completed years).6 Although the villages sampled within the district were not randomly
selected (the study universe is restricted to blocks with at least two government preschool
centers (anganwadis) co-located with middle schools), our baseline sample is mostly similar
on observable characteristics to the rural population of the state, albeit slightly poorer
in terms of asset ownership (see Table A.1).

finding that a 4-month school closure led to even larger learning gaps over time for children of less educated
mothers. In contrast, the COVID-19 education shock affected all children, and the Government of Tamil Nadu
prioritized remediation when schools reopened.

5There is a large literature on after-school programs in the US, where reviews of the evidence suggest that
summer and after-school programs can help improve learning outcomes, mitigate summer learning loss, and
reduce socioeconomic gaps in learning (Lynch et al., 2022; Kim & Quinn, 2013).

6This round of fieldwork was done as a baseline for an experimental evaluation of a government program
to improve preschool education. Given the onset of the pandemic, and subsequent preschool and school
closures from March 2020, the intervention and the evaluation were canceled. See https://doi.org/10

.1257/rct.5599 for more details.
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We revisited these communities and households between December 2021 and May 2022,
administering a comparable test of student achievement to all children between ages
36–131 months (i.e., between 3–10 completed years) and collecting detailed information
about household experiences and educational inputs during the COVID-19 pandemic.
Of 25,126 children (18,457 households) with completed baseline tests in 2019, we were
able to retest over 77% of the original sample (19,467 children, 14,648 households).
This attrition does not vary by gender, SES, or baseline test scores (see Table A.2).
The principal reason for not being able to interview the rest was that the household
had either moved or could not be found in the revisit.7 We restrict our sample to the
19,289 students aged between 48–131 months (i.e., between 4–10 completed years) at
the time of the 2021-22 survey rounds for whom we also have baseline scores. This
window covers the period leading up to school entry — which is mandated from 6
years of age — until the end of primary schooling in Grade 5.

2.2 Waves of measurement
Our surveys in 2021-22 were designed to (a) measure ‘learning loss’, which we define
as the deficit between what students know and what they might have been expected to
know in the absence of the pandemic and (b) the pace at which they recover (or not) to
pre-pandemic learning trajectories after schools reopened.

We randomized the initial sample within each village into an “early” and “late” follow-up
group. The two groups are balanced on observables, as expected (see Table 1, Columns
1–3). The fieldwork for the “early” follow-up group was divided into two phases:
5,554 children were tested between December 20 and January 7 (Wave 1), following
which fieldwork was paused due to the spread of the Omicron variant. Fieldwork was
resumed after two months and 3,993 children were tested between February 25 and March
23 (Wave 2). Fieldwork for the “late” follow-up group was started immediately after
completing Wave 2 in each district. 9,752 students were tested in a single contiguous
round from March 11 to May 7 (Wave 3) — see Figure 1 for a timeline of the fieldwork
alongside key dates of school closures and reopening. Although splitting the “early”
follow-up group into two phases was not by design, respondents are balanced on
observable characteristics across these three survey waves (see Table 1, Columns 4–7).
Therefore, our analyses treat the waves as exogenously assigned and focus primarily
on comparing Wave 1 (Dec 2021) to Wave 3 (April 2022).

7The main reasons for not being able to interview the household was that it had moved to a different
location (∼48% of the incomplete surveys) or that the household was not in their residence when we visited
multiple times (∼25% of the incomplete surveys). Roughly ∼18% of the incomplete surveys are because
households refused consent. The rest are mostly related to children not being available for different reasons.
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2.3 Learning Assessments
This paper focuses on student learning, which we assess through tests of cognitive skills
that we designed tailored for the study objectives. Surveyors administered these to children
individually and in person at the time of household visits.

In 2019, reflecting our principal focus on students of preschool and school-entry age, we
administered assessments of basic numeracy and language skills to all children between
2–7 completed years of age. These were based on assessments used in a complementary
project in the same state by Ganimian et al. (2021). All students were tested using the same
survey tool. In 2021-22, we redesigned our assessments to accommodate the full range
of student achievement by developing age-specific test booklets with an overlap of items
between successive ages. At younger ages, our assessment items are mostly taken from the
baseline test; at older ages (≥5 years), we introduce additional items in math and Tamil to
ensure better coverage of school-level competencies (and to address issues of ceiling and
floor effects). Identical tests were used across the three survey waves in 2021-22.

The common items across rounds and ages, allow us to link achievement on a common
metric using Item Response Theory (IRT) models (Das & Zajonc, 2010). We estimate
these pooling all test observations across rounds, separately for math and language.
We standardize test scores to have mean zero and standard deviation of one in the
sample of children aged 60–72 months at baseline. See Appendix B for details on test
construction, psychometric properties of individual test questions, and distribution
of student scores (to examine floor and ceiling effects).

2.4 Household characteristics and educational inputs
In both years, we collected extensive data from households about their socioeconomic
status and children’s education. From 2019, we mainly use household socioeconomic
status, measured using information about household ownership of various assets,
and maternal education. In 2022, we also collected information about the educational
inputs students received during school closures (e.g., video lectures, audio lectures,
homework assignments, parental support for instruction, private tutoring, and
the use of other online resources).

In Wave 3, surveyed in April-May 2022, we collected extensive information about the Illam
Thedi Kalvi (ITK) program. This includes parental reports of awareness about the program
and availability in the village, whether children from the household attend the ITK centers
(and how frequently), when children started attending the ITK center, and what parents
believe the ITK volunteers do in the remedial sessions.
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3 Measuring learning loss and post-pandemic recovery

3.1 Learning loss in December 2021
Figure 2a presents non-parametric learning profiles of test scores with respect to
age (at the time of testing) separately for the July-August 2019 and December
2021 rounds. Test scores increase monotonically with age in both rounds, but
the gradient is markedly less steep in 2021.

With test scores on the same IRT-equated scale across ages and rounds, we can compute
two measures of learning loss in each subject. The vertical distance between the 2019 and
2021 learning profiles provides an absolute measure of learning loss, expressed in standard
deviations, at every age. The horizontal distance between the two learning profiles provides
an alternative measure, namely how much older a student in 2021 was relative to a student
who achieved the same score in 2019 (i.e. a development lag).8

Both measures indicate learning losses of substantial magnitude, which we present at key
ages in Table 2, Panel A. In mathematics, we estimate an absolute learning loss of ∼0.45σ at
60 months, equaling a development lag of about 11 months; by 84 months, this loss expands
to ∼0.73 SD, a development lag of 15 months. In Tamil, absolute learning losses are smaller
in the standard deviations metric (∼0.15σ at 60 months and ∼0.39σ at 84 months), but
very similar in terms of developmental lag for 5–8-year-olds.

Larger learning losses for older students may result from several sources. In this setting, it
likely reflects that older students lost more months of in-person formal schooling compared
to younger students (who would have been out-of-school or in preschool centers even in
the absence of pandemic-induced closures).9 Public preschools (ICDS centers) provide very
little educational instruction and function largely as daycare and supplementary nutrition
centers in this setting (Ganimian et al., 2021). Thus, even though preschools were also
affected by pandemic-induced closures, the direct effects on lost instructional time are likely
insignificant. Further, parents may be able to compensate more at home for inputs provided
to preschool children compared to children at later stages of schooling.

Table 2, Panel B further investigates absolute learning loss using the following specification:

8Our measures of learning loss potentially combine an accelerated deterioration of previously acquired
skills and an “opportunity cost” portion — i.e., skills which students would have learned ordinarily but
did not due to school closures. This distinction between forgotten and foregone learning is prominent in
simulations of COVID-19 learning losses (see, e.g., N. Angrist et al. (2021)) but is not crucial for understanding
the aggregate effect of the pandemic on test scores, our principal object of interest.

9School enrollment in our sample is near-universal after 72 months of age — schooling is compulsory in
India from 6–14 years — and rates of formal enrollment are unchanged between 2019 and 2021.
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Yit = αv + β1Dec2021t + β2Xit + ϵit (1)

where αv is a vector of village-specific intercepts, Dec2021 is an indicator variable for
being in the December 2021 survey round (with the 2019 round as the base category),
and X is a vector of characteristics that includes the age of the child at the time of the
test, their gender, maternal education (in categories) and their socioeconomic status
(measured in percentiles of the 2019 distribution).10 We then examine how learning
loss differs by observed student/household characteristics using linear interactions.
Standard errors in all regressions are clustered at the village level. The sample is
restricted to students between 55–95 months of age at the time of the test to ensure
common support across the two years in the age of children.

Children score 0.7σ lower in math, and 0.34σ lower in Tamil language in December 2021
compared to similarly-aged children in the same villages in August 2019 (Columns 1 and 5).

Learning loss appears to have been severe for students of all backgrounds, and we do
not find heterogeneity by gender. We find greater learning losses among children whose
mothers had not completed high school (12th grade). Mothers’ education is both a direct
input into child learning, and a key determinant of the intergenerational transmission
of human capital. It is also a marker of socio-economic status that correlates with other
education inputs. Indeed, mothers’ education is significantly correlated with student
access to many educational inputs during school closures (see Table A.6), with most of
these inputs being significantly predictive of learning changes during the 18 months of
school closures. While we do not find significant differences in learning loss by SES, as
measured by ownership of consumer durables, the point estimates suggest greater learning
loss among lower SES children. We find similar differences in access to most education
inputs when children are ordered in terciles of socio-economic status, as measured by
consumer durables (Table A.7). Together, these results support the widely-held conjecture
that learning losses during the pandemic would be regressive.

3.2 Partial recovery after December 2021
The severity of estimated learning losses corroborates concerns about the worsening
of the learning crisis as a result of school closures (Pratham, 2021a,b). Yet, an
unanswered question is whether, after schools reopened, students “caught up” and

10By imposing a common coefficient on age for all children, this regression specification is less general than
Figure 2a or the estimates presented in Panel A of Table 2. In particular, it does not allow learning loss to
differ by age or account for a change in the age gradient across rounds. Our learning loss and recovery results
are robust to controlling for age fixed-effects, instead of age linearly (see Table A.3).
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recovered to pre-pandemic learning trajectories or whether the initial learning losses
persisted or even expanded due to the potential worsening of the mismatch between
student preparation and overambitious curricula (Banerjee et al., 2017; Pritchett &
Beatty, 2015; Muralidharan et al., 2019; Bau, 2022).

Figure 2b generates learning profiles, as previously, for all four survey waves over the
full age range tested in 2021. There are three main results, also shown numerically
at key ages in Table 3, Panel A. First, the absolute learning loss documented in
December 2021 is substantially reduced in the February 2022 wave and further still in
the April 2022 wave. By this point, about two-thirds of the learning loss appears to
be compensated in math and Tamil. Second, the shift across the three survey waves
in 2021/22 is a shift in intercepts rather than of gradient — i.e., recovery was largely
uniform regardless of age. Third, this shift in learning profiles in the post-pandemic
period happens over the entire span of primary school ages.

We investigate recovery in greater detail in Table 3. Students score 0.24σ higher in February
2022 and 0.47σ higher in April 2022 in mathematics (Columns 1), and 0.12/0.19σ higher in
Tamil in February/April (Columns 5), than those tested in December 2021 (the omitted
category). This recovery by April-May 2022 compensates for ∼67% of the estimated
learning loss of 0.7σ in December 2021 in mathematics and ∼56% of the initial loss of 0.34σ

in Tamil.11 All regressions include background covariates for precision; however, since
these are balanced between survey waves, the results are similar to those obtained from
only controlling for age. Investigating heterogeneity by background covariates, recovery
was faster for children with less-educated mothers and from poorer households (Columns
2-4 and Columns 6-8). We find no consistent evidence of heterogeneity by gender.

This pattern of rapid recovery — which is potentially surprising in light of evidence of
persistence of losses from school closures in localized disasters (Andrabi et al., 2021) — is
unlikely to be an artifact of test content, administration, or aggregation. Unlike typical
tests in school settings, our tests are administered at home in a one-to-one setting by
enumerators. They also include a substantial fraction of questions that rely on visual
stimuli without requiring the ability to write. Thus, they are unlikely to reflect test-taking
practice or familiarity. Recovery is also unlikely to be explained by issues of aggregating
test scores — it is evident not only using IRT scaled scores but also on individual test
items and in the percentage correct on common items (see Fig A.2). More generally, the
tests have good psychometric properties: they have good internal consistency (as measured

11To maximize coverage, we include all children over 55 months old at the time of the survey in Table 3.
However, the results are similar if we focus only on children 55–95 months old at the time of the survey,
which is the common support across all rounds (see Table A.5).
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by Cronbach (1951)’s alpha), the questions are able to discriminate students with different
abilities, the IRT model has a good empirical fit, and ceiling and floor effects are not an
issue in the 2021-22 rounds (see Appendix B).

4 Evaluating the ITK policy to remedy learning losses
The rapid recovery we document likely reflects both “natural” catch-up after schools
reopened and the effect of interventions designed to combat learning loss. In particular,
the Government of Tamil Nadu implemented an ambitious statewide remediation
program to help mitigate learning losses due to COVID-induced school closures called
Illam Thedi Kalvi (“Education at Doorstep”, or ITK). The amount of “natural” recovery
and the ITK program effects are of independent interest. The portion of catch-up not
attributable to the ITK program may be informative of learning dynamics in settings
where such programs do not exist, while the ITK effects indicate how much scaled-up
policy interventions may speed up such recovery. Since the ITK and “natural” recovery
happened contemporaneously, we first estimate the effects of attending ITK centers
and use them, together with program participation rates, to estimate the portion of the
catch-up that may have occurred even in the absence of the ITK program.

4.1 The Illam Thedi Kalvi Program
The Government of Tamil Nadu introduced the ITK program as a pilot in selected
geographies in November 2021 and then universalized it state-wide in January 2022. The
program uses community volunteers to provide remedial instruction for 60–90 minutes in
the evening. Instruction is delivered in small groups of 15–20 students and organized in
school premises, preschool centers, or volunteers’ homes. Volunteers were required to be
local residents who had at least completed high school (Grade 12) to teach primary school
children, and a Bachelor’s degree to teach middle school children. They are paid a stipend
of INR 1,000 (∼ 12 USD) per month for incidental expenses — compared to an average
primary teacher salary of INR 28,660 in 2014 (Ramachandran et al., 2015). In practice,
nearly all the volunteers were women (who were given explicit preference in recruitment).
See Appendix C for further details on the design and implementation of the program.

Although initially conceived to last until June 2022, the ITK program has been
extended to March 2023. It was estimated to have covered 3.3 million children, and
employed over 200,000 volunteers by June 2022.
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4.2 Take-up and selection into the program
The program was very salient: 91.3% of respondents reported having heard of it, and
57% of parents reported that their children attend the sessions. Approximately 87% of
the households reported the program as having started in January or February 2022, with
about 10.5% reporting the program having started in December. 92% of the children who
attended the center were reported to attend for at least 4 days per week.

Children attending ITK centers differ from those who do not on observed characteristics
(Table 4). They are slightly more likely to be female and older by 7–8 months on
average (higher participation among older children could reflect the need to travel
to the ITK centers after school hours). Importantly, they are from less-advantaged
backgrounds: their mothers are 13 percentage points less likely to have completed 12
or more years of education, and their households were significantly poorer. Adjusting
for age differences, ITK participants scored significantly lower in math and Tamil in
2019.12 Overall, ITK participation was highly progressive.

The progressive participation in ITK largely tracks differences in ITK enrollment rates
across public and private schools: In 2021-22, ITK attendees were much less likely to be
enrolled in private schools (by 35 percentage points) than students who did not attend ITK
centers.13 This greater propensity of public school students to enroll in ITK classes is likely
to be explained by the active role of public functionaries (including teachers) in promoting
the program, as well as the higher take-up of public services by poorer households. While
take-up is progressive within students enrolled in private schools — ITK participants
have less educated mothers than non-participants — students in private schools are
from substantially better-off households than students in public schools. However, ITK
participants and non-participants within public/private schools are more similar on fixed
background characteristics and lagged achievement than in the population overall.

The principal challenge for evaluating the causal effects of attending ITK centers is
addressing these non-random patterns of enrollment, which we turn to next.

12We adjust for age differences because test scores increase with age, and older children are more likely to
attend ITK.

13Decisions on enrollment for the 2021-22 school year would have been taken in June-July 2021, substantially
before the introduction of the program. The proportion of students enrolled in government or private schools
does not differ across our different survey waves (Table 1).
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4.3 Evaluating the causal effect of attending ITK
We estimate the effect of ITK using value-added models that control for lagged achievement
and child/household characteristics. Specifically, we estimate the following regression(s):

Yit = αv + β.AttendITKit + γ.Xi + ∑
a

ϕa.Ia.Yi,t−1 + ϵit (2)

Here, Yit is achievement in 2022; αv is a vector of village-level dummy variables;
AttendITKit is an indicator variable for whether child i attends an ITK center; Xi is
a vector of child and household background characteristics including SES, maternal
education, age at the time of the test, and enrollment in government or private school;
Yi,t−1 is a vector of lagged achievement measures in math and Tamil in 2019, which
we interact with age dummies (Ia) to allow the effect of lagged scores to vary flexibly
with age as in Chetty et al. (2014); and ϵit is an error term.14 We enter the control
variables sequentially to assess the direction of likely bias.

Specification (2) is a dynamic OLS lagged value-added model (VAM) which relies on an
assumption of conditional exogeneity for identification of the causal effect of attending ITK
centers (see e.g. Todd & Wolpin (2003, 2007)). Whether this assumption is satisfied in
practice depends on the nature of selection in the specific context and the extent to which
lagged achievement measures baseline ability accurately. In our setting, the major source
of non-random selection is whether children were enrolled in a private or a government
school. We control for this pre-program choice. Further, value-added models have been
shown to be reliable in addressing selection biases correlated with non-random school
choice in South Asia (Andrabi et al., 2011, 2022; Singh, 2015), as well as more generally.15

Thus, even though we do not have exogenous sources of variation for ITK participation,
our prior is that these estimates are likely to approximate the causal effect of interest. In
the population overall, given the substantial negative selection into attending ITK centers,
we expect any residual confounding factor to bias our estimates downwards and to be
conservative approximations of the true causal effect of attending ITK centers.

The value-added model estimates may still be biased if inputs that are not proxied

14The treatment effects of ITK are robust to controlling for age fixed-effects, instead of age linearly. See
Table A.9. They are also robust to restricting the sample to children 55–95 months old at the time of the
survey, which is the common support across all rounds (see Table A.10).

15In developing countries, Andrabi et al. (2011), Singh (2015) and Singh (2020a) studying school effects,
Bau & Das (2020) studying teacher effects, and Muralidharan et al. (2019) studying the dose-response of
(endogenously-chosen) usage of an after-school intervention, all find that value-added specifications yield
similar estimates as those based on experimental variation, regression discontinuity, or dynamic student-level
panel estimates. In the United States, Chetty et al. (2014) show similar reliability for teacher effects, as do
J. D. Angrist et al. (2017); J. Angrist et al. (2021) and Deming (2014) for school effects.
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by lagged achievement and included controls are correlated with program enrollment.
For example if, even conditional on covariates, ITK participation was correlated with
compensatory inputs provided by schools or households, effort and time invested by
students, or other inputs determining achievement, our estimates would be biased. We will
investigate the potential magnitude of these biases using two complementary strategies.

Our first strategy resembles validation exercises in Chetty et al. (2014). Specifically, we
collected detailed information on inputs provided to children during school closures. We
include extensive data on compensatory inputs and other resources, which are not included
in our benchmark specifications, in our value-added models to examine the sensitivity of
our program estimates to their exclusion. To the extent that confounding household- or
child-specific factors that raise the probability of enrollment in ITK centers also led to
increased compensatory investments in the period of school closures, we would expect
the inclusion of these investments to reduce bias.

Our second strategy takes this intuition of coefficient stability further and computes
Oster (2019) bounds for treatment effects assuming the selection on unobservables
is in the same direction as the selection on observables. We do this separately in
the subsamples of students in government and private schools (as selection is much
less stark within each sector and we control for attending private or public school
when estimating the effect of ITK, see Table 4).

Our benchmark results are presented in Table 5. Column 1 presents a “naive” regression
controlling for village fixed effects, gender and age, and shows that attending an ITK center
is associated with an increase of 0.083σ in math and 0.073σ in Tamil. Column 2 presents
a conventional value-added specification which includes the lagged test score and basic
background characteristics (maternal education, SES and whether the child was enrolled
in a government/private school). We estimate the effect of attending an ITK center to be
0.17σ in Math and 0.093σ in Tamil. The increase relative to the naive estimates in Column 1
is consistent with the negative selection into ITK observed in Table 4. This is our preferred
estimate and is similar to lagged score value-added models in Chetty et al. (2014) and
J. D. Angrist et al. (2017); J. Angrist et al. (2021).16

In Columns 3–5, we supplement our preferred value-added estimates above with three
vectors of inputs during school closures, entered sequentially, and examine the stability
of treatment effect estimates. First, a vector of resources for remote learning available to
children including TV, smartphone, internet, computers and WiFi. Second, compensatory
actions from schools and households, including video lessons, audio lessons, in-person

16These results are robust to controlling for age fixed-effects, instead of age linearly. See Table A.9.

13



classes, school-assigned homework, home-based help by household members, and
private tutoring. Third, compensatory activities by the child including accessing YouTube
for educational content, educational programs on TV, using books from school, using
books from home, and using other internet resources. Table A.8 provides summary
statistics of these three vectors, separately by individual’s participation status in ITK.17

Including vectors for resources for remote instruction and inputs provided by schools
and parents, or compensatory activities undertaken by children does not affect our
estimates (see Columns 3-5 in Table 5 and Table A.11).

Next, we estimate the sensitivity of our results to further omitted variables bias, following
the procedure of Oster (2019) (see Figure 3). We assume that selection-on-unobservables
equals selection on observed variables in Table 5 (other than village fixed effects and age
which are treated as orthogonal).18 In the sample of private school students, given the
negative selection of participants on observed characteristics, this procedure is informative
of the extent to which our value-added estimates may understate the program effects of
attending ITK. In the public school sample, where selection is mildly positive (see Table 4),
this procedure provides bounds of likely upwards bias in our estimates.

We provide estimates for a wide range of parameter values going from 10% to 130%
additional variation in Tables A.12-A.13. In practice, we expect much lower incremental
variation given the rich set of covariates. For instance, even the extensive vector of inputs
added in our validation exercise above, most of which are statistically significant, only
raises R2 by 0.01 (which is 15% additional variation). Thus, the exercise provides an extreme
scenario for bias. In the public school sample, where treatment effects are concentrated,
assuming that the unobserved variables further increase R2 by 50% as much as all controls
did over the “naive” specification with only village fixed effects and age, reduces the effect
size to 0.10σ in language and 0.17σ in math (from 0.11σ and 0.21σ respectively).

4.3.1 Heterogeneity in ITK program effects

We first investigate whether the effects of ITK differ across public and private school
students. We anticipate heterogeneity across this dimension for several reasons. First,
students in private schools differ substantially in their characteristics: they have more

17On nearly all measures of school and parental inputs and resources for remote learning, participants
in ITK have access to fewer inputs. In contrast, on child activities, we see higher reported usage of
educational TV programs and school books during school closures for ITK participants — this could represent
a mechanism for impacts if children were encouraged by ITK volunteers to access these materials when
schools closed due to the Omicron variant (after ITK introduction in many villages). We take a conservative
view and attribute these differences to unobserved individual-specific propensity for education and examine
if the treatment effects are substantially moderated by their inclusion.

18These controls include gender, maternal education, socioeconomic status, and lagged achievement in
math and language.
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educated mothers, are from much richer families and have much higher test scores at
baseline. As such, they may be less likely to have home support for education. Second,
private schools provided substantially more inputs for remote instruction during school
closures, including video and audio lectures (see Table A.8). Thus, even initial learning
loss may have been much less severe. Third, it is also likely that school responses to
learning loss after reopening also differed between private and public schools. This affects
whether ITK centers supplement school-based efforts or provide them in the absence (or
ineffectiveness) of such efforts in public school settings.

In Table 6, we estimate value-added models separately for the subsamples of students
in public and private schools. Estimates are stable across specifications (including from
the naive to the basic and the augmented value-added models), suggesting differences in
school type drive most of the selection into ITK enrollment. The effect of the program,
however, appears to be concentrated entirely in children enrolled in public schools (with
an average effect of 0.2σ in math and 0.11σ in Tamil), with private school effects being
close to zero and statistically insignificant in all specifications.

Finally, we investigate heterogeneity in program effects across four student characteristics:
maternal education, gender, socioeconomic status and age. We estimate this for the sample
overall and for private and public school students separately (see Table 7). Overall, we
find no significant evidence of heterogeneity. Thus, ITK appears to contribute to the
progressivity of cohort-level learning recovery (seen in Table 3) more through the greater
participation of disadvantaged students in the ITK program (seen in Table 4) than through
differential effects for more-disadvantaged participants.

4.4 Estimating the contribution of ITK to recovery from learning losses
The sensitivity checks above suggest our estimates approximate the causal effect of ITK.
The ITK effects in Table 5 equal ∼36.1% of the estimated recovery of 0.47σ in mathematics
between January-May 2022 and ∼48.9% of the estimated recovery of 0.19σ in Tamil (see
Table 3). However, our overall estimates of recovery are population-wide, whereas our ITK
effects are estimated based on attending the after-school classes. Accounting for the 57.3%
attendance rate, the ITK program accounts for about 20.7% of the population-level catch-up
in mathematics and 28% of the catch-up in Tamil between January and May 2022.

Since two-thirds of the learning loss had been bridged, and ∼24.4% of this can be attributed
to ITK (averaged across math and Tamil), this implies that around half the learning loss
would have been made up even without ITK. However, this calculation assumes no
spillovers from ITK to non-participants. In theory, spillovers could be positive (if ITK made
classroom instruction more productive for all students by helping with remediation) or
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negative (if regular teachers reduced their classroom effort due to ITK). In practice, these
spillovers are likely to be second-order since ITK was implemented outside school hours.

5 Discussion
We present direct evidence of the severity of learning losses caused by pandemic-induced
school closures using in-person testing in a near-representative sample of students and
IRT-linked test items. While estimated learning losses suggest a developmental lag of one
to two years, our results also provide grounds for cautious optimism. Much of the learning
loss was recovered within 5–6 months after schools reopened. This recovery was accelerated
by a supplemental remedial instruction program implemented by the government on a
state-wide scale. We draw three broader lessons from these results.

First, even though the pandemic has affected student achievement adversely (from an
already low base), compensating for these losses is possible, even at scale. The most
important policy action was simply to reopen schools (which accounted for the majority
of the recovery). In addition, programs that provide supplemental remedial instruction
can meaningfully accelerate recovery and compensate for regressive learning losses
during school closures. With sufficient prioritization within the education system, similar
programs could be successfully implemented more broadly. Given the breadth of COVID
learning losses, this is urgent for the global education community.

Second, continuing such remediation programs may be a cost-effective tool for remedying
the ‘learning crisis’ in developing countries, even beyond the period of post-pandemic
recovery (World Bank, 2017). The program has a yearly budget allocation of ∼25 million
USD (INR 2 billion) and is estimated to have benefited 3.3 million children, yielding
an annual per-child cost of USD 7.6, and a half-yearly cost of USD 3.8. We estimate
substantial gains (∼0.13σ, averaged across subjects) even in 4-5 months of exposure
(which is around half a school year), implying a gain of ∼3.4 standard deviations per
100 USD, which would be very cost-effective relative to other interventions around
the world (Kremer et al., 2013). Beyond cross-country and cross-study comparisons,
we can also assess the cost-effectiveness of the ITK program relative to the default
patterns of education spending in the same context. We estimate that the marginal
learning gains per unit of expenditure on the ITK program were over 10 times greater
than the average returns to status quo spending.19

19Annual program costs were ∼2% of the per-student spending in the public school system in Tamil Nadu
(which is estimated at ∼USD 350 per-child (CBGA, 2018)), but delivered learning gains of over 30% relative
to the “business as usual” learning gains.
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This cost-effectiveness is driven by volunteers being paid only modest stipends, that are
much lower than regular teacher salaries. However, there were nearly four applicants for
every opening, suggesting that the supply of volunteers is unlikely to be a constraint for
continuing the program at scale in this setting.20 Field reports by officials suggest that a
key attraction of the program for volunteers was the recognition and respect it provided
them in the community, and the empowerment from having a reason to leave the home,
and having an independent source of income. Thus, beyond the benefits to students, the
ITK program may have also benefited the tutors, and contributed to boosting female labor
force participation, which is very low in India (Mehrotra & Parida, 2017).

The combination of effectiveness, cost-effectiveness, positive effects on reducing learning
inequality, and likely positive effects on female empowerment and labor force participation,
makes the ITK program an attractive candidate for policymakers to continue as a long-term
after-school program beyond its short-term use for mitigating COVID-19 learning loss.
Further, since this program has already been deployed at scale across the state by the
government of Tamil Nadu, it suggests that it may be possible for other governments to
implement similar programs at scale Al-Ubaydli et al. (2017).

Finally, understanding the effects of the pandemic and school closures on student human
capital will require repeated follow-ups in representative samples. The effects of the
COVID-19 pandemic on education are expected to be long-lasting, and understanding
whether they persist, and how they affect outcomes later in life, are questions of substantial
importance. More generally, learning trajectories and persistence in LMICs remain poorly
understood (Bau et al., 2021). Yet, the data to generate such evidence, whether through
long-run panels such as the NAEP and ECLS in the US or reliable administrative registers as
in Scandinavia, do not exist in most LMIC outside of Latin America (Das et al., 2022; Singh,
2020b). Remedying this data deficit should be a priority for public research investment.

20Many other low- and middle-income countries also feature low economic opportunities for educated
women in rural areas (see, e.g., Andrabi et al. (2013)).
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Note: This figure shows the timeline of data collection and of key events during the
COVID-19 pandemic and school closures.



Figure 2: Learning loss and recovery in test scores across survey waves
(a) Learning loss in December 2021
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(b) Recovery between December 2021 and May 2022
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Note: These figures present local polynomial regressions with respect to age at the time of test-taking across
the four survey waves in the data. At any age, the decline in scores from Aug 2019 to Dec 2021 measures
learning loss. The shift from December 2021 to the two subsequent survey waves measures the degree of
recovery for children of a particular age at the time of testing (horizontal axis).24



Figure 3: Oster (2019) bounds of Illam Thedi Kalvi (ITK)
(a) Math
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Note: These figures present bias-adjusted treatment effects (i.e., Oster (2019) bounds). The x-axis represents
the additional variation (i.e., increase in R2) from controlling by unobservables (as a function of the increase
from controlling by observables). As long as the selection on unobservables is at most as large as the
selection on observables (i.e., δ = 1 in Oster (2019)), the treatment effect is between the original estimate
from controlling by observables (represented in the figure by the point when the additional variation from
unobservables is 0%) and the Oster (2019) bound. Tables A.12 and A.13 in the Appendix present additional
details from the bounds estimation.
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Table 1: Balance on respondent characteristics across survey rounds
As randomized

(1) (2) (3)
Early Late p-value

follow-up follow-up H0: Equality

Male 0.51 0.51 0.28
(0.50) (0.50)
[9,547] [9,752]

Mother Edu: < Gr. 9 0.35 0.34 0.05∗∗

(0.48) (0.47)
[9,480] [9,672]

Mother Edu: Gr. 9-11 0.31 0.33 0.04∗∗

(0.46) (0.47)
[9,480] [9,672]

Mother Edu: Gr. 12+ 0.33 0.33 0.76
(0.47) (0.47)
[9,480] [9,672]

SES Decile 4.93 4.97 0.38
(2.84) (2.84)
[9,547] [9,752]

Math (2019) -0.00 0.00 0.43
(1.10) (1.08)
[9,547] [9,752]

Tamil (2019) 0.00 0.00 0.71
(0.65) (0.64)
[9,547] [9,752]

Government school (2020-21) 0.51 0.50 0.25
(0.50) (0.50)
[9,301] [9,751]

Private school (2020-21) 0.29 0.27 0.11
(0.45) (0.45)
[9,301] [9,751]

Age at baseline (months) 55.98 55.76 0.47
(19.39) (19.54)
[9,547] [9,752]

Actual timing

(4) (5) (6) (7)
Dec/21- Feb/22- Mar/22- p-value
Jan/22 Mar/22 May/22 H0: Equality

0.51 0.52 0.51 0.553
(0.50) (0.50) (0.50)
[5,554] [3,993] [9,752]

0.35 0.36 0.34 0.121
(0.48) (0.48) (0.47)
[5,517] [3,963] [9,672]

0.32 0.31 0.33 0.097∗

(0.47) (0.46) (0.47)
[5,517] [3,963] [9,672]

0.33 0.34 0.33 0.486
(0.47) (0.47) (0.47)
[5,517] [3,963] [9,672]

4.99 4.85 4.97 0.563
(2.79) (2.92) (2.84)
[5,554] [3,993] [9,752]
-0.01 0.01 0.00 0.725
(1.10) (1.11) (1.08)
[5,554] [3,993] [9,752]
-0.00 0.01 0.00 0.908
(0.64) (0.65) (0.64)
[5,554] [3,993] [9,752]

0.51 0.51 0.50 0.493
(0.50) (0.50) (0.50)
[5,312] [3,989] [9,751]

0.29 0.29 0.27 0.281
(0.45) (0.45) (0.45)
[5,312] [3,989] [9,751]
55.87 56.13 55.76 0.293

(19.35) (19.45) (19.54)
[5,554] [3,993] [9,752]

Notes: The first three columns of this table present the mean and the standard deviation (in parenthesis) for children
randomly assigned to be surveyed early (Column 1) and those randomly assigned to be surveyed late (Column 2). The
number of observations appears in square brackets. The p-value in Column 3 is for a statistical test where the null is
that the means within village (i.e., taking into account village fixed effects) are equal, clustering standard errors at the
village level. The p-value of the joint F-statistic across rounds is 0.28. The last four columns of this table present the
mean and the standard deviation (in parenthesis) for each of the actual survey waves (Columns 4-6). The p-value in
Column 7 is for a statistical test where the null is that all three means within village (i.e., taking into account village
fixed effects) are equal, clustering standard errors at the village level. The p-value of the joint F-statistic across wave 1
and wave 2 is 0.45. The p-value of the joint F-statistic across wave 1 and wave 3 is 0.68. The p-value of the joint F-statistic
across wave 2 and wave 3 is 0.34. Math and Tamil (2019) baseline scores correspond to the residuals after regressing the
original scores on age brackets (in discrete years) and the age in months. Statistical significance at the 1, 5, 10% levels is
indicated by ∗∗∗, ∗∗, and ∗.
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Table 2: Learning loss between August 2019 and December 2021
(1) (2) (3) (4) (5) (6) (7) (8)

Panel A: Learning loss at different ages
Math Tamil

Age (in months) 60 72 84 96 60 72 84 96

IRT score (Aug 2019) -0.60 0.22 0.79 1.00 -0.14 0.34 0.67 0.82
IRT score (Dec 2021) -1.04 -0.46 0.06 0.28 -0.29 0.02 0.28 0.42
Absolute loss (in SD) 0.45 0.69 0.73 0.72 0.15 0.31 0.39 0.40
Developmental lag (in months) 10.5 10.0 14.5 23.0 6.0 8.0 13.5 21.5

Panel B: Learning loss in regression form
Math score (in SD) Tamil score (in SD)

Wave 1 (Dec 2021) -.7∗∗∗ -.71∗∗∗ -.75∗∗∗ -.72∗∗∗ -.34∗∗∗ -.33∗∗∗ -.37∗∗∗ -.37∗∗∗

(.03) (.037) (.041) (.048) (.02) (.023) (.025) (.028)
Male × Dec 21 .017 -.014

(.039) (.022)
Mother Edu: Gr. 9-11 × Dec 21 .023 .0097

(.052) (.029)
Mother Edu: Gr. 12+ × Dec 21 .1∗∗ .071∗∗∗

(.047) (.025)
SES Decile × Dec 21 .0033 .006

(.0074) (.0039)
N. of obs. 15,840 15,840 15,840 15,840 15,840 15,840 15,840 15,840
R-squared .31 .31 .31 .31 .29 .29 .29 .29

Notes: Panel A presents, for children of different ages, the raw IRT score in wave 0 (Aug
2019) and wave 1 (Dec 2021), as well as the difference between the two (the absolute learning
loss in standard deviations), and the developmental lag (i.e., how much longer, in months,
it took a student in 2021 to achieve the same score as a student in 2019). Panel B estimates
the learning loss following Equation 1. The estimation sample is restricted to individuals
tested in Aug 2019 (Wave 0) or December 2021 (Wave 1) who were aged between 55–95
months at the time of the test. All regressions in Panel B include village fixed effects and
control for age, gender, maternal education, and SES percentile. Test scores are normalized
for age 60–72 months in 2019. Standard errors are clustered at the village level. Statistical
significance at the 1, 5, 10% levels is indicated by ∗∗∗, ∗∗, and ∗.

27



Table 3: Recovery from learning loss
(1) (2) (3) (4) (5) (6) (7) (8)

Panel A: Recovery at different ages
Math Tamil

Age (in months) 60 72 84 96 60 72 84 96

IRT score (Aug 2019) -0.60 0.22 0.79 1.00 -0.14 0.34 0.67 0.82
IRT score (Dec 2021) -1.04 -0.46 0.06 0.28 -0.29 0.02 0.28 0.42
IRT score (Feb 2022) -0.72 -0.18 0.31 0.66 -0.13 0.17 0.42 0.69
IRT score (Apr 2022) -0.62 -0.02 0.55 0.88 -0.10 0.20 0.48 0.75
Absolute loss (in SD) 0.45 0.69 0.73 0.72 0.15 0.31 0.39 0.40
Absolute recovery (in SD) by Feb 22 0.32 0.28 0.26 0.38 0.16 0.15 0.14 0.26
Absolute recovery (in SD) by Apr 22 0.42 0.44 0.49 0.60 0.19 0.17 0.20 0.32

Panel B: Recovery in regression form
Math score (in SD) Tamil score (in SD)

Wave 2 (Feb 2022) .24∗∗∗ .27∗∗∗ .23∗∗∗ .26∗∗∗ .12∗∗∗ .11∗∗∗ .12∗∗∗ .14∗∗∗

(.043) (.047) (.056) (.061) (.024) (.026) (.031) (.031)
Wave 3 (April 2022) .46∗∗∗ .48∗∗∗ .48∗∗∗ .55∗∗∗ .19∗∗∗ .19∗∗∗ .2∗∗∗ .23∗∗∗

(.025) (.03) (.037) (.043) (.013) (.016) (.02) (.021)
Interactions:
Male × Feb 22 -.068 .023

(.045) (.023)
Male × Apr 22 -.044 -.0024

(.033) (.017)
Mother Edu: Gr. 9-11 × Feb 22 .027 .0047

(.057) (.029)
Mother Edu: Gr. 9-11 × Apr 22 .068 .023

(.047) (.025)
Mother Edu: Gr. 12+ × Feb 22 -.014 -.023

(.061) (.031)
Mother Edu: Gr. 12+ × Apr 22 -.13∗∗∗ -.061∗∗

(.043) (.024)
SES Decile × Feb 22 -.0055 -.0045

(.0089) (.0042)
SES Decile × Apr 22 -.017∗∗ -.008∗∗

(.0069) (.0034)
N. of obs. 18,978 18,978 18,978 18,978 18,978 18,978 18,978 18,978
R-squared .4 .4 .4 .4 .46 .46 .46 .46

Notes: Panel A presents, for children of different ages, the raw IRT score in wave 1 (Dec 2021), wave
2 (Feb 2022), and wave 3 (Apr 2022), as well as the difference between the wave 2 and 3 with wave 1
(the absolute recovery in standard deviations). Panel B estimates the rate of recovery via regressions
by comparing test scores in wave 1, 2 and 3. The estimation sample is restricted to individuals who
were aged between 55–131 months at the time of the survey and tested in December 2021 (Wave 1),
February 2022 (Wave 2), or April 2022 (Wave 3). Standard errors are clustered at the village level.
All regressions include village fixed effects and control for age, gender, maternal education, and SES
percentile. Test scores are normalized for age 60–72 months in 2019. Statistical significance at the 1,
5, 10% levels is indicated by ∗∗∗, ∗∗, and ∗.
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Table 4: Difference in characteristics across Illam Thedi Kalvi (ITK) participants and non-participants
Overall

(1) (2) (3)
Does not Attend Difference

attend ITK ITK (village FE)

Male 0.52 0.49 -0.03∗∗

(0.50) (0.50) (0.01)
[3,830] [5,136] [8,966]

Age in months 86.66 93.79 8.05∗∗∗

(19.11) (17.45) (0.49)
[3,830] [5,136] [8,966]

Mother Edu: < Gr. 9 0.29 0.39 0.09∗∗∗

(0.45) (0.49) (0.01)
[3,806] [5,096] [8,902]

Mother Edu: Gr. 9-11 0.31 0.35 0.03∗∗

(0.46) (0.48) (0.01)
[3,806] [5,096] [8,902]

Mother Edu: Gr. 12+ 0.39 0.26 -0.13∗∗∗

(0.49) (0.44) (0.01)
[3,806] [5,096] [8,902]

SES Decile 5.42 4.59 -0.77∗∗∗

(2.91) (2.73) (0.09)
[3,830] [5,136] [8,966]

Math (2019) 0.08 -0.05 -0.11∗∗∗

(1.12) (1.09) (0.03)
[3,830] [5,136] [8,966]

Tamil (2019) 0.04 -0.02 -0.06∗∗∗

(0.65) (0.65) (0.02)
[3,830] [5,136] [8,966]

Gov. school (2021-22) 0.42 0.90 0.47∗∗∗

(0.49) (0.30) (0.02)
[3,830] [5,136] [8,966]

Private school (2021-22) 0.47 0.08 -0.35∗∗∗

(0.50) (0.27) (0.02)
[3,830] [5,136] [8,966]

AWC (2021-22) 0.10 0.02 -0.10∗∗∗

(0.30) (0.13) (0.01)
[3,830] [5,136] [8,966]

Public

(4) (5) (6)
Does not Attend Difference

attend ITK ITK (village FE)

0.49 0.49 -0.00
(0.50) (0.50) (0.02)

[1,596] [4,616] [6,212]
89.04 94.48 6.17∗∗∗

(18.11) (16.98) (0.56)
[1,596] [4,616] [6,212]

0.44 0.41 -0.00
(0.50) (0.49) (0.02)

[1,584] [4,578] [6,162]
0.33 0.35 0.01

(0.47) (0.48) (0.02)
[1,584] [4,578] [6,162]

0.24 0.24 -0.01
(0.43) (0.43) (0.02)

[1,584] [4,578] [6,162]
4.40 4.43 -0.01

(2.80) (2.66) (0.11)
[1,596] [4,616] [6,212]
-0.10 -0.07 0.04
(1.09) (1.08) (0.04)

[1,596] [4,616] [6,212]
-0.04 -0.03 0.01
(0.66) (0.65) (0.03)

[1,596] [4,616] [6,212]

Private

(7) (8) (9)
Does not Attend Difference

attend ITK ITK (village FE)

0.55 0.55 -0.00
(0.50) (0.50) (0.03)
[1,789] [421] [2,198]
90.04 93.11 3.37∗∗∗

(18.45) (18.46) (1.25)
[1,789] [421] [2,198]

0.14 0.22 0.07∗∗

(0.35) (0.41) (0.03)
[1,779] [419] [2,185]

0.31 0.32 0.01
(0.46) (0.47) (0.04)
[1,779] [419] [2,185]

0.55 0.46 -0.08∗∗

(0.50) (0.50) (0.04)
[1,779] [419] [2,185]

6.53 6.31 -0.30
(2.62) (2.83) (0.18)
[1,789] [421] [2,198]

0.26 0.21 -0.03
(1.19) (1.16) (0.07)
[1,789] [421] [2,198]

0.11 0.06 -0.05
(0.67) (0.70) (0.04)
[1,789] [421] [2,198]

Notes: This table presents the mean and the standard deviation (in parenthesis) for children who do not attend ITK
(Columns 1, 4, and 7) and those who attend (Columns 2, 5, and 8). The number of observations appears in square
brackets. Columns 3, 6, and 9 have the difference in means within village (i.e., after taking into account village fixed
effects), as well as the standard error, clustered at the village level, of the difference (in parenthesis). Columns 1-3 use
the full sample, while Columns 4-6 restrict the sample to children enrolled in public schools and Columns 7-9 restrict
the sample to children enrolled in private schools. The estimation sample is restricted to individuals who were aged
between 55–131 months at the time of the survey. Math and Tamil (2019) baseline scores correspond to the residuals after
regressing the original scores on age brackets (in discrete years) and the age in months. Statistical significance at the 1, 5,
10% levels is indicated by ∗∗∗, ∗∗, and ∗.
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Table 5: Assessing effect of Illam Thedi Kalvi (ITK)
Naive VAM Augmented

(1) (2) (3) (4) (5)

Panel A: Math
ITK effect .08∗∗∗ .17∗∗∗ .16∗∗∗ .17∗∗∗ .16∗∗∗

(.027) (.026) (.026) (.025) (.025)
N. of obs. 8,966 8,902 8,901 8,901 8,901
R-squared .32 .38 .39 .39 .39

Panel B: Tamil
ITK effect .073∗∗∗ .093∗∗∗ .09∗∗∗ .092∗∗∗ .083∗∗∗

(.015) (.015) (.015) (.015) (.014)
N. of obs. 8,966 8,902 8,901 8,901 8,901
R-squared .4 .45 .45 .46 .46

Child demographic characteristics Yes Yes Yes Yes Yes
Household characteristics No Yes Yes Yes Yes
Lagged achievement No Yes Yes Yes Yes
Enrollment type No Yes Yes Yes Yes
Resources for remote instruction No No Yes Yes Yes
Compensatory inputs from parents and schools No No No Yes Yes
Child educational activities No No No No Yes

Notes: The estimation sample is restricted to individuals tested during wave 3 (March-May of 2022)
who were aged between 55–131 months at the time of the test. Column 1 has a naive specification that
only controls for children’s demographic characteristics (age and gender). Column 2 has the standard
value-added model (VAM) specification, which controls for children’s demographic characteristics, for
household characteristics (maternal education and SES percentile), for lagged tests scores (in math and
Tamil) allowing the effect of the lagged score to vary by age, and for enrollment type (private, public or
out of school). Columns 3-5 have augmented specifications that also control for resources during remote
instruction, compensatory inputs from parents and schools, and child educational activities. Table A.8
presents mean values for these inputs and Table A.11 presents the full list of estimated coefficients.
Standard errors are clustered at the village level. All regressions include village fixed effects. Statistical
significance at the 1, 5, 10% levels is indicated by ∗∗∗, ∗∗, and ∗.
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Table 6: Assessing effect of Illam Thedi Kalvi (ITK) for children in public and private
schools

Naive VAM Augmented

(1) (2) (3) (4) (5)

Panel A: Public
ITK effect on math test scores .21∗∗∗ .2∗∗∗ .19∗∗∗ .19∗∗∗ .18∗∗∗

(.031) (.031) (.031) (.03) (.03)
N. of obs. 6,212 6,162 6,161 6,161 6,161
R-squared .28 .32 .33 .33 .33

ITK effect on Tamil test scores .11∗∗∗ .11∗∗∗ .11∗∗∗ .11∗∗∗ .099∗∗∗

(.018) (.017) (.017) (.017) (.017)
N. of obs. 6,212 6,162 6,161 6,161 6,161
R-squared .39 .43 .43 .43 .44

Panel B: Private
ITK effect on math test scores -.044 -.015 -.014 .014 .014

(.065) (.067) (.067) (.069) (.067)
N. of obs. 2,198 2,185 2,185 2,185 2,185
R-squared .33 .36 .36 .37 .38

ITK effect on Tamil test scores -.021 -.01 -.01 -.0008 -.006
(.043) (.043) (.044) (.044) (.043)

N. of obs. 2,198 2,185 2,185 2,185 2,185
R-squared .39 .41 .41 .42 .43
Child demographic characteristics Yes Yes Yes Yes Yes
Household characteristics No Yes Yes Yes Yes
Lagged achievement No Yes Yes Yes Yes
Enrollment type No Yes Yes Yes Yes
Resources for remote instruction No No Yes Yes Yes
Compensatory inputs from parents and schools No No No Yes Yes
Child educational activities No No No No Yes

Notes: The estimation sample is restricted to individuals tested during wave 3 (March-May of 2022)
who were aged between 55–131 months at the time of the test. Column 1 has a naive specification that
only controls for children’s demographic characteristics (age and gender). Column 2 has the standard
value-added model (VAM) specification, which controls for children’s demographic characteristics,
for household characteristics (maternal education and SES percentile), for lagged tests scores (in math
and Tamil) allowing the effect of the lagged score to vary by age, and for enrollment type (private,
public or out of school). Columns 3-5 have augmented specifications that also control for resources
during remote instruction, compensatory inputs from parents and schools, and child educational
activities. Panel A presents results for children enrolled in public schools, while Panel B for children
enrolled in private schools. Standard errors are clustered at the village level. All regressions include
village fixed effects. Statistical significance at the 1, 5, 10% levels is indicated by ∗∗∗, ∗∗, and ∗.

31



Table 7: Heterogeneity in effect of Illam Thedi Kalvi (ITK)
Math Tamil

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Panel A: Overall
If child attends ITK .21∗∗∗ .19∗∗∗ .19∗∗∗ .31∗∗∗ .17∗∗∗ .11∗∗∗ .093∗∗∗ .11∗∗∗ .11∗ .17∗∗∗

(.041) (.049) (.032) (.11) (.026) (.022) (.028) (.018) (.06) (.026)
Interactions:
ITK × Mother Edu: Gr. 9-11 -.021 -.015

(.057) (.029)
ITK × Mother Edu: Gr. 12+ -.1∗ -.048

(.054) (.032)
ITK × SES Decile -.0033 -.000019

(.0081) (.0043)
ITK × Male -.04 -.036

(.038) (.022)
ITK × Age -.0015 -.0002

(.0012) (.00066)
ITK × Baseline score .0023 .032

(.02) (.038)
N. of obs. 8,902 8,902 8,902 8,902 8,902 8,902 8,902 8,902 8,902 8,902
R-squared .38 .38 .38 .38 .38 .45 .45 .45 .45 .38

Panel B: Public
If child attends ITK .22∗∗∗ .23∗∗∗ .23∗∗∗ .39∗∗∗ .2∗∗∗ .11∗∗∗ .1∗∗∗ .14∗∗∗ .2∗∗ .2∗∗∗

(.047) (.06) (.037) (.14) (.031) (.026) (.032) (.022) (.079) (.031)
Interactions:
ITK × Mother Edu: Gr. 9-11 -.011 .0097

(.069) (.038)
ITK × Mother Edu: Gr. 12+ -.09 -.013

(.077) (.043)
ITK × SES Decile -.0076 .0014

(.011) (.0057)
ITK × Male -.066 -.053∗

(.048) (.029)
ITK × Age -.0022 -.00094

(.0016) (.00084)
ITK × Baseline score -.014 .0025

(.03) (.054)
N. of obs. 6,162 6,162 6,162 6,162 6,162 6,162 6,162 6,162 6,162 6,162
R-squared .32 .32 .32 .32 .32 .43 .43 .43 .43 .32

Panel C: Private
If child attends ITK -.17 .00087 -.034 -.042 -.0068 .022 .05 -.021 .078 -.012

(.12) (.13) (.088) (.3) (.067) (.068) (.086) (.048) (.17) (.066)
Interactions:
ITK × Mother Edu: Gr. 9-11 .19 -.083

(.16) (.087)
ITK × Mother Edu: Gr. 12+ .19 -.01

(.14) (.084)
ITK × SES Decile -.0024 -.0095

(.018) (.011)
ITK × Male .035 .02

(.1) (.058)
ITK × Age .0003 -.00096

(.0034) (.0019)
ITK × Baseline score -.033 -.043

(.04) (.085)
N. of obs. 2,185 2,185 2,185 2,185 2,185 2,185 2,185 2,185 2,185 2,185
R-squared .36 .36 .36 .36 .36 .41 .41 .41 .41 .36

Notes: Standard errors are clustered at the village level. All regressions include village fixed effects and control
for lagged tests scores (in math and Tamil) allowing the effect of the lagged score to vary by age. Statistical
significance at the 1, 5, 10% levels is indicated by ∗∗∗, ∗∗, and ∗.
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A Additional tables and figures

Figure A.1: Map of sample districts in Tamil Nadu

0 250 500
KM

Note: This figure shows the four sample districts included in the data collection.
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Table A.1: Comparing the Baseline sample to National Family Health
Survey (NFHS-V) - Household characteristics

(1) (2) (3)
NFHS-V Baseline Difference
sample sample

Panel A: Assets
Internet 0.59 0.47 -0.12∗∗∗

(0.49) (0.50) (0.02)
Washing machine 0.14 0.09 -0.05∗∗∗

(0.35) (0.29) (0.02)
Fridge 0.55 0.47 -0.08∗∗∗

(0.50) (0.50) (0.02)
Computer 0.10 0.07 -0.03∗∗∗

(0.30) (0.26) (0.01)
Television 0.94 0.93 -0.01∗∗

(0.24) (0.26) (0.01)
Fan 0.97 0.97 -0.00

(0.16) (0.17) (0.01)
Electricity 0.99 0.94 -0.06∗∗∗

(0.08) (0.24) (0.01)
Car 0.05 0.05 0.00

(0.21) (0.21) (0.01)
Tractor 0.02 0.02 0.00

(0.14) (0.15) (0.00)
Bike 0.77 0.74 -0.03∗∗

(0.42) (0.44) (0.01)
Bicycle 0.46 0.35 -0.11∗∗∗

(0.50) (0.48) (0.02)
N. of Obs. 3,419 18,457
Panel B: Other characteristics
Number of children (2-7 yrs old) 1.36 1.36 -0.00

(0.56) (0.54) (0.01)
Scheduled caste 0.36 0.33 -0.04∗

(0.48) (0.47) (0.02)
Owns land 0.30 0.23 -0.07∗∗∗

(0.46) (0.42) (0.02)
N. of Obs. 3,419 18,457

Panel C: Parental education
Mother education: at least some primary 0.96 0.96 -0.00

(0.20) (0.20) (0.00)
Mother education: at least some secondary 0.87 0.93 0.06∗∗∗

(0.33) (0.25) (0.01)
N. of Obs. 3,399 16,932

Notes: This table presents the mean and the standard deviation (in parenthesis) for
households in Tamil Nadu with children between 2-7 years old in the NFHS-V survey
(Column 1) and households in our baseline sample (Column 2). Column 3 has the
difference in means, and whether this difference is significant (clustering standard
errors at the sampling cluster level for NFHS-V and at the village level in our sample).
Statistical significance at the 1, 5, 10% levels is indicated by ∗∗∗, ∗∗, and ∗.34



Table A.2: Comparing attriters to non-attriters

(1) (2) (3) (4)
Surveyed Attrited Difference Difference

at follow-up (overall) (village FE)

Male 0.51 0.50 -0.00 -0.00
(0.50) (0.50) (0.01) (0.01)
[5,267] [19,152] [24,419] [24,419]

Mother Edu: < Gr. 9 0.32 0.35 0.03∗∗ 0.00
(0.47) (0.48) (0.01) (0.01)
[5,267] [19,152] [24,419] [24,419]

Mother Edu: Gr. 9-11 0.31 0.32 0.01 0.02∗∗

(0.46) (0.47) (0.01) (0.01)
[5,267] [19,152] [24,419] [24,419]

Mother Edu: Gr. 12+ 0.37 0.33 -0.04∗∗ -0.03∗∗

(0.48) (0.47) (0.02) (0.01)
[5,267] [19,152] [24,419] [24,419]

SES Decile 5.07 4.96 -0.11 0.10
(3.00) (2.84) (0.10) (0.07)
[5,267] [19,152] [24,419] [24,419]

Math (2019) -0.01 0.00 0.01 0.06∗∗∗

(1.16) (1.09) (0.02) (0.02)
[5,267] [19,152] [24,419] [24,419]

Tamil (2019) -0.01 0.00 0.01 0.03∗∗

(0.67) (0.64) (0.01) (0.01)
[5,267] [19,152] [24,419] [24,419]

Age at baseline (months) 56.99 55.82 -1.17∗∗∗ -1.52∗∗∗

(20.08) (19.46) (0.35) (0.35)
[5,267] [19,152] [24,419] [24,419]

Notes: This table presents the mean and the standard deviation (in parenthesis) for children
who were resurveyed from the baseline (Column 1) and those that were lost to attrition
(Column 2). The number of observations appears in square brackets. Column 3 has the
difference in means, as well as the standard error, clustered at the village level, of the difference
(in parenthesis). Column 4 has the difference in means within village (i.e., after taking into
account village fixed effects), as well as the standard error, clustered at the village level, of the
difference (in parenthesis). Math and Tamil (2019) baseline scores correspond to the residuals
after regressing the original scores on age brackets (in discrete years) and the age in months.
Statistical significance at the 1, 5, 10% levels is indicated by ∗∗∗, ∗∗, and ∗.

35



Table A.3: Learning loss with age fixed effects
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Math score (in SD) Tamil score (in SD)

Dec 21 -.63∗∗∗ -.64∗∗∗ -.67∗∗∗ -.65∗∗∗ -.3∗∗∗ -.29∗∗∗ -.32∗∗∗ -.33∗∗∗

(.03) (.038) (.041) (.049) (.02) (.023) (.026) (.029)
Male × Dec 21 .01 -.018

(.04) (.021)
Mother Edu: Gr. 9-11 × Dec 21 .009 .0016

(.049) (.028)
Mother Edu: Gr. 12+ × Dec 21 .093∗ .066∗∗∗

(.048) (.025)
SES Decile × Dec 21 .0036 .0062

(.0074) (.004)
4-5 years × Dec 21 -.43∗∗∗ -.18∗∗∗

(.068) (.037)
5-6 years × Dec 21 -.58∗∗∗ -.21∗∗∗

(.043) (.027)
6-7 years × Dec 21 -.69∗∗∗ -.35∗∗∗

(.044) (.025)
7-8 years × Dec 21 -.72∗∗∗ -.41∗∗∗

(.047) (.029)
N. of obs. 15,840 15,840 15,840 15,840 15,840 15,840 15,840 15,840 15,840 15,840
R-squared .31 .31 .31 .31 .31 .29 .29 .29 .29 .29

Notes: This table presents estimates of learning loss following Equation 1, but with age fixed effects. The
estimation sample is restricted to individuals tested in Aug 2019 (Wave 0) or December 2021 (Wave 1) who
were aged between 55–95 months at the time of the test. All regressions include village and age (in years)
fixed effects and control for gender, maternal education, and SES percentile. Test scores are normalized for
age 60–72 months in 2019. Test scores are normalized for age 60–72 months in 2019. Standard errors are
clustered at the village level. Statistical significance at the 1, 5, 10% levels is indicated by ∗∗∗, ∗∗, and ∗.
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Table A.4: Recovery with age fixed effects
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Math score (in SD) Tamil score (in SD)

Feb 22 .24∗∗∗ .27∗∗∗ .24∗∗∗ .27∗∗∗ .12∗∗∗ .11∗∗∗ .13∗∗∗ .15∗∗∗
(.043) (.048) (.057) (.06) (.024) (.026) (.031) (.03)

Apr 22 .47∗∗∗ .49∗∗∗ .5∗∗∗ .55∗∗∗ .19∗∗∗ .19∗∗∗ .21∗∗∗ .23∗∗∗
(.026) (.031) (.037) (.042) (.014) (.016) (.02) (.02)

Interactions:
Male × Feb 22 -.052 .027

(.045) (.023)
Male × Apr 22 -.036 -.0024

(.033) (.017)
Mother Edu: Gr. 9-11 × Feb 22 .021 -.00033

(.056) (.029)
Mother Edu: Gr. 9-11 × Apr 22 .053 .016

(.045) (.024)
Mother Edu: Gr. 12+ × Feb 22 -.018 -.025

(.059) (.03)
Mother Edu: Gr. 12+ × Apr 22 -.15∗∗∗ -.068∗∗∗

(.042) (.024)
SES Decile × Feb 22 -.0055 -.0047

(.0086) (.0042)
SES Decile × Apr 22 -.017∗∗ -.0083∗∗

(.0068) (.0034)
4-5y × Feb 22 .23∗∗∗ .12∗∗

(.083) (.048)
5-6y × Feb 22 .23∗∗∗ .097∗∗∗

(.062) (.033)
6-7y × Feb 22 .23∗∗∗ .13∗∗∗

(.062) (.033)
7-8y × Feb 22 .29∗∗∗ .15∗∗∗

(.054) (.031)
8-9y × Feb 22 .2∗∗∗ .098∗∗∗

(.062) (.034)
9-10y × Feb 22 .23∗∗∗ .13∗∗∗

(.073) (.042)
10-11y × Feb 22 .41∗∗∗ .23∗∗∗

(.13) (.071)
4-5y × Apr 22 .36∗∗∗ .21∗∗∗

(.063) (.036)
5-6y × Apr 22 .39∗∗∗ .13∗∗∗

(.041) (.022)
6-7y × Apr 22 .47∗∗∗ .2∗∗∗

(.04) (.022)
7-8y × Apr 22 .51∗∗∗ .21∗∗∗

(.042) (.023)
8-9y × Apr 22 .53∗∗∗ .21∗∗∗

(.046) (.026)
9-10y × Apr 22 .43∗∗∗ .18∗∗∗

(.055) (.028)
10-11y × Apr 22 .67∗∗∗ .33∗∗∗

(.091) (.058)
N. of obs. 18,978 18,978 18,978 18,978 18,978 18,978 18,978 18,978 18,978 18,978
R-squared .41 .41 .41 .41 .41 .45 .45 .46 .45 .46

Notes: This table presents estimates of the rate of recovery via regressions by comparing test scores in wave 1, 2 and 3. The estimation
sample is restricted to individuals who were aged between 55–131 months at the time of the survey and tested in December 2021 (Wave
1), February 2022 (Wave 2), or April 2022 (Wave 3). All regressions include village and age (in years) fixed effects and control for
gender, maternal education, and SES percentile. Test scores are normalized for age 60–72 months in 2019. Standard errors are clustered
at the village level. Statistical significance at the 1, 5, 10% levels is indicated by ∗∗∗, ∗∗, and ∗.
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Table A.5: Learning loss and recovery restricting the sample to children
55–95 months old at the time of the survey

(1) (2) (3) (4) (5) (6) (7) (8)

Panel A: Learning loss in regression form
Math score (in SD) Tamil score (in SD)

Wave 1 (Dec 2021) -.7∗∗∗ -.71∗∗∗ -.75∗∗∗ -.72∗∗∗ -.34∗∗∗ -.33∗∗∗ -.37∗∗∗ -.37∗∗∗

(.03) (.037) (.041) (.048) (.02) (.023) (.025) (.028)
Male × Dec 21 .017 -.014

(.039) (.022)
Mother Edu: Gr. 9-11 × Dec 21 .023 .0097

(.052) (.029)
Mother Edu: Gr. 12+ × Dec 21 .1∗∗ .071∗∗∗

(.047) (.025)
SES Decile × Dec 21 .0033 .006

(.0074) (.0039)
N. of obs. 15,840 15,840 15,840 15,840 15,840 15,840 15,840 15,840
R-squared .31 .31 .31 .31 .29 .29 .29 .29

Panel B: Recovery in regression form
Math score (in SD) Tamil score (in SD)

Wave 2 (Feb 2022) .25∗∗∗ .28∗∗∗ .22∗∗∗ .26∗∗∗ .13∗∗∗ .12∗∗∗ .15∗∗∗ .18∗∗∗

(.043) (.052) (.064) (.066) (.024) (.028) (.034) (.032)
Wave 3 (April 2022) .44∗∗∗ .49∗∗∗ .47∗∗∗ .51∗∗∗ .18∗∗∗ .19∗∗∗ .21∗∗∗ .22∗∗∗

(.027) (.035) (.042) (.046) (.014) (.018) (.021) (.022)
Interactions:
Male × Feb 22 -.064 .023

(.055) (.027)
Male × Apr 22 -.081∗ -.018

(.043) (.021)
Mother Edu: Gr. 9-11 × Feb 22 .078 -.0031

(.069) (.038)
Mother Edu: Gr. 9-11 × Apr 22 .082 .016

(.057) (.03)
Mother Edu: Gr. 12+ × Feb 22 .011 -.055

(.069) (.037)
Mother Edu: Gr. 12+ × Apr 22 -.14∗∗∗ -.076∗∗

(.052) (.029)
SES Decile × Feb 22 -.00092 -.0096∗

(.0096) (.0049)
SES Decile × Apr 22 -.013 -.0079∗

(.0081) (.0041)
N. of obs. 11,971 11,971 11,971 11,971 11,971 11,971 11,971 11,971
R-squared .35 .35 .35 .35 .32 .32 .32 .32

Notes: Panel A estimates the learning loss following Equation 1, but with age fixed effects.
The estimation sample is restricted to individuals tested in Aug 2019 (Wave 0) or December
2021 (Wave 1) who were aged between 55–95 months at the time of the test. All regressions
include village and age (in years) fixed effects and control for gender, maternal education,
and SES percentile. Test scores are normalized for age 60–72 months in 2019. Panel B
estimates the rate of recovery via regressions by comparing test scores in wave 1, 2 and 3.
The estimation sample is restricted to individuals who were aged between 55–95 months at
the time of the survey and tested in December 2021 (Wave 1), February 2022 (Wave 2), or April
2022 (Wave 3). All regressions include village and age (in years) fixed effects and control for
gender, maternal education, and SES percentile. Test scores are normalized for age 60–72
months in 2019. Standard errors are clustered at the village level. Statistical significance at
the 1, 5, 10% levels is indicated by ∗∗∗, ∗∗, and ∗.38



Figure A.2: Learning loss and recovery in test scores across survey waves: % of correct
answers

(a) Learning loss in December 2021
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(b) Recovery between December 2021 and May 2022
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Note: These figures present local polynomial regressions with respect to age at the time of test-taking across
the four survey waves in the data. At any age, the decline in scores from Aug 2019 to Dec 2021 measures
learning loss. The shift from December 2021 to the two subsequent survey waves measures the degree of
recovery for children of a particular age at the time of testing (horizontal axis). The outcome is the percentage
of correct answers over the common items across rounds.39



Table A.6: Difference in resources, inputs and child activities by maternal education
(1) (2) (3) (4)

Primary Incomplete Grade 12 (3)-(1)
or less secondary or more

Video classes 0.08 0.12 0.22 0.136∗∗∗

(0.27) (0.32) (0.41) (0.41)
Audio classes 0.04 0.08 0.12 0.069∗∗∗

(0.20) (0.27) (0.32) (0.32)
In-person classes 0.08 0.08 0.04 -0.039∗∗∗

(0.28) (0.27) (0.21) (0.21)
School sent homework 0.13 0.19 0.27 0.125∗∗∗

(0.33) (0.40) (0.44) (0.44)
HH member teaches child 0.62 0.77 0.83 0.192∗∗∗

(0.48) (0.42) (0.37) (0.37)
Private tutoring 0.17 0.16 0.12 -0.065∗∗∗

(0.38) (0.37) (0.33) (0.33)
Child can access TV 0.78 0.81 0.80 0.002

(0.41) (0.39) (0.40) (0.40)
Child can access smartphone 0.50 0.62 0.76 0.248∗∗∗

(0.50) (0.48) (0.43) (0.43)
Child can access phone internet 0.21 0.28 0.37 0.135∗∗∗

(0.41) (0.45) (0.48) (0.48)
Child can access computer 0.01 0.02 0.06 0.052∗∗∗

(0.12) (0.13) (0.24) (0.24)
Child can access WiFi 0.00 0.01 0.03 0.029∗∗∗

(0.04) (0.07) (0.17) (0.17)
Used YouTube for edu content 0.28 0.45 0.56 0.246∗∗∗

(0.45) (0.50) (0.50) (0.50)
Used Educational TV 0.52 0.55 0.50 -0.047∗∗

(0.50) (0.50) (0.50) (0.50)
Used books from school 0.75 0.76 0.77 0.019

(0.43) (0.43) (0.42) (0.42)
Used books from home 0.40 0.46 0.52 0.086∗∗∗

(0.49) (0.50) (0.50) (0.50)
Used other internet resources 0.03 0.04 0.07 0.047∗∗∗

(0.17) (0.21) (0.26) (0.26)
No. of Obs. 1,782 1,633 1,696 3,478

(5) (6)
Math Tamil

value added value added

.2∗∗∗ .081∗∗∗

(.048) (.024)
.052 .0032

(.057) (.031)
.028 .0052

(.045) (.034)
.15∗∗∗ .045∗∗

(.046) (.019)
.095∗∗ .08∗∗∗

(.038) (.019)
.15∗∗∗ .048∗∗

(.038) (.02)
.097∗∗ .062∗∗∗

(.045) (.022)
.011 -.0051

(.038) (.021)
-.025 -.0086
(.042) (.02)

.13 .039
(.083) (.043)
.094 .0027
(.13) (.059)

.088∗∗ .056∗∗

(.036) (.022)
.11∗∗∗ .064∗∗∗

(.029) (.017)
.12∗∗∗ .055∗∗

(.045) (.022)
.045 .048∗∗∗

(.033) (.017)
-.065 -.0024
(.054) (.033)
5,111 5,111

Notes: This table presents the mean and the standard deviation (in parenthesis) for children with mothers who
have completed primary or less (Column 1), incomplete secondary (Column 2), and completed secondary or more
(Column 3). Column 4 presents the difference in means, as well as the standard error, clustered at the village level,
of the difference (in parenthesis) between children with mothers with secondary education or more and children
with mothers with primary education or less. Column 5 and 6 present the value added of each input on test-scores
in Math and Tamil, estimated with a regression that controls for village fixed effects, gender, baseline test scores,
parental education, SES, and age. The sample for all the estimations in this table is restricted to wave 1. Statistical
significance at the 1, 5, 10% levels is indicated by ∗∗∗, ∗∗, and ∗.
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Table A.7: Difference in resources, inputs and child activities by SES tercile
(1) (2) (3) (4)

Tercile 1 Tercile 2 Tercile 3 Tercile 3-Tercile 1
(3)-(1)

Video classes 0.08 0.12 0.22 0.144∗∗∗

(0.26) (0.33) (0.42) (0.42)
Audio classes 0.05 0.08 0.11 0.059∗∗∗

(0.21) (0.27) (0.32) (0.32)
In-person classes 0.09 0.07 0.05 -0.037∗∗∗

(0.28) (0.26) (0.22) (0.22)
School sent homework 0.13 0.19 0.28 0.129∗∗∗

(0.33) (0.39) (0.45) (0.45)
HH member teaches child 0.69 0.74 0.79 0.090∗∗∗

(0.46) (0.44) (0.41) (0.41)
Private tutoring 0.14 0.15 0.16 0.002

(0.35) (0.35) (0.37) (0.37)
Child can access TV 0.76 0.80 0.83 0.051∗∗∗

(0.43) (0.40) (0.37) (0.37)
Child can access smartphone 0.48 0.64 0.77 0.270∗∗∗

(0.50) (0.48) (0.42) (0.42)
Child can access phone internet 0.20 0.28 0.38 0.147∗∗∗

(0.40) (0.45) (0.49) (0.49)
Child can access computer 0.01 0.02 0.06 0.047∗∗∗

(0.11) (0.15) (0.24) (0.24)
Child can access WiFi 0.00 0.01 0.03 0.019∗∗∗

(0.07) (0.09) (0.16) (0.16)
Used YouTube for edu content 0.31 0.43 0.56 0.226∗∗∗

(0.46) (0.49) (0.50) (0.50)
Used Educational TV 0.51 0.54 0.50 -0.046∗∗

(0.50) (0.50) (0.50) (0.50)
Used books from school 0.74 0.75 0.79 0.039∗∗

(0.44) (0.43) (0.41) (0.41)
Used books from home 0.42 0.46 0.48 0.036∗∗

(0.49) (0.50) (0.50) (0.50)
Used other internet resources 0.03 0.05 0.06 0.030∗∗∗

(0.17) (0.23) (0.25) (0.25)
No. of Obs. 1,792 1,702 1,642 3,434

(5) (6)
Math Tamil

value added value added

.2∗∗∗ .081∗∗∗

(.048) (.024)
.052 .0032

(.057) (.031)
.028 .0052

(.045) (.034)
.15∗∗∗ .045∗∗

(.046) (.019)
.095∗∗ .08∗∗∗

(.038) (.019)
.15∗∗∗ .048∗∗

(.038) (.02)
.097∗∗ .062∗∗∗

(.045) (.022)
.011 -.0051

(.038) (.021)
-.025 -.0086
(.042) (.02)

.13 .039
(.083) (.043)
.094 .0027
(.13) (.059)

.088∗∗ .056∗∗

(.036) (.022)
.11∗∗∗ .064∗∗∗

(.029) (.017)
.12∗∗∗ .055∗∗

(.045) (.022)
.045 .048∗∗∗

(.033) (.017)
-.065 -.0024
(.054) (.033)
5,111 5,111

Notes: This table presents the mean and the standard deviation (in parenthesis) for children in different terciles of the
SES distribution (Columns 1–3). Column 4 presents the difference in means, as well as the standard error, clustered at
the village level, of the difference (in parenthesis) between the top and the bottom tercile. Column 5 and 6 presents the
value added of each input on test-scores in Math and Tamil, estimated with a regression that controls for village fixed
effects, gender, baseline test scores, parental education, SES, and age. The sample for all the estimations in this table is
restricted to wave 1. Statistical significance at the 1, 5, 10% levels is indicated by ∗∗∗, ∗∗, and ∗.
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Table A.8: Difference in resources, inputs and child activities, by Illam Thedi Kalvi (ITK) attendance
Overall

(1) (2) (3)
Does not Attend Difference

attend ITK ITK (village FE)

Panel A: Resources for remote instruction
Video classes 0.23 0.06 -0.15∗∗∗

(0.42) (0.24) (0.01)
Audio classes 0.09 0.06 -0.02∗∗∗

(0.29) (0.24) (0.01)
In-person classes 0.04 0.09 0.06∗∗∗

(0.19) (0.29) (0.01)
School sent homework 0.37 0.27 -0.07∗∗∗

(0.48) (0.44) (0.01)
HH member teaches child 0.86 0.87 0.01

(0.34) (0.33) (0.01)
Private tutoring 0.14 0.10 -0.01

(0.35) (0.30) (0.01)
N. of Obs. 3,830 5,136 8,966
Panel B: Compensatory inputs from parents and schools
Child can access...

TV 0.92 0.94 0.02∗∗∗

(0.26) (0.24) (0.01)
Smartphone 0.78 0.71 -0.06∗∗∗

(0.42) (0.45) (0.01)
Phone internet 0.52 0.48 -0.04∗∗∗

(0.50) (0.50) (0.01)
Computer 0.03 0.02 -0.01

(0.17) (0.14) (0.00)
WiFi 0.02 0.01 -0.00

(0.14) (0.12) (0.00)
N. of Obs. 3,829 5,136 8,965
Panel C: Child educational activities
YouTube for edu content 0.56 0.47 -0.07∗∗∗

(0.50) (0.50) (0.01)
Educational TV 0.44 0.65 0.22∗∗∗

(0.50) (0.48) (0.01)
Books from school 0.86 0.95 0.11∗∗∗

(0.35) (0.22) (0.01)
Books from home 0.61 0.57 -0.04∗∗

(0.49) (0.49) (0.01)
Other internet resources 0.07 0.05 -0.01

(0.25) (0.22) (0.01)
N. of Obs. 3,829 5,136 8,965

Public

(4) (5) (6)
Does not Attend Difference

attend ITK ITK (village FE)

0.04 0.04 0.01
(0.19) (0.19) (0.01)
0.04 0.06 0.02

(0.20) (0.23) (0.01)
0.06 0.10 0.05∗∗∗

(0.24) (0.31) (0.01)
0.26 0.27 0.02

(0.44) (0.44) (0.02)
0.82 0.87 0.03∗

(0.38) (0.34) (0.02)
0.13 0.11 -0.01

(0.34) (0.31) (0.01)
1,149 3,633 4,781

0.90 0.94 0.05∗∗∗

(0.30) (0.24) (0.01)
0.64 0.69 0.03

(0.48) (0.46) (0.02)
0.42 0.46 0.03

(0.49) (0.50) (0.02)
0.01 0.02 0.01∗

(0.11) (0.13) (0.00)
0.01 0.01 -0.00

(0.11) (0.11) (0.00)
1,149 3,633 4,781

0.41 0.44 0.03
(0.49) (0.50) (0.02)
0.59 0.70 0.11∗∗∗

(0.49) (0.46) (0.02)
0.92 0.96 0.04∗∗∗

(0.26) (0.19) (0.01)
0.57 0.56 -0.03

(0.50) (0.50) (0.02)
0.04 0.05 0.01

(0.20) (0.21) (0.01)
1,149 3,633 4,781

Private

(7) (7) (9)
Does not Attend Difference

attend ITK ITK (village FE)

0.45 0.20 -0.24∗∗∗

(0.50) (0.40) (0.03)
0.16 0.12 -0.03

(0.37) (0.33) (0.02)
0.02 0.06 0.03∗∗∗

(0.15) (0.23) (0.01)
0.58 0.43 -0.12∗∗∗

(0.49) (0.49) (0.03)
0.93 0.93 0.02

(0.26) (0.25) (0.01)
0.19 0.14 -0.00

(0.39) (0.35) (0.02)
1,802 795 2,585

0.95 0.96 0.01
(0.21) (0.20) (0.01)
0.90 0.87 -0.03∗

(0.30) (0.33) (0.02)
0.63 0.62 -0.01

(0.48) (0.49) (0.02)
0.05 0.04 -0.01

(0.21) (0.18) (0.01)
0.03 0.03 0.00

(0.18) (0.18) (0.01)
1,802 795 2,585

0.71 0.66 -0.05∗∗

(0.45) (0.48) (0.02)
0.42 0.58 0.17∗∗∗

(0.49) (0.49) (0.02)
0.96 0.97 0.02∗∗

(0.19) (0.17) (0.01)
0.65 0.64 0.01

(0.48) (0.48) (0.03)
0.10 0.10 -0.00

(0.30) (0.30) (0.01)
1,802 795 2,585

Notes: This table presents the mean and the standard deviation (in parenthesis) for children who do not attend ITK (Columns 1, 4, and 7) and those who attend (Columns 2, 5, and 8). The number of
observations appears in square brackets. Columns 3, 6, and 9 have the difference in means within village (i.e., after taking into account village fixed effects), as well as the standard error, clustered at
the village level, of the difference (in parenthesis). Columns 1-3 use the full sample, while Columns 4-6 restrict the sample to children enrolled in public schools and Columns 7-9 restrict the sample to
children enrolled in private schools. The sample for all the estimations in this table is restricted to wave 3 and to individuals who were aged between 55–131 months at the time of the survey. Statistical
significance at the 1, 5, 10% levels is indicated by ∗∗∗ , ∗∗ , and ∗ .

42



Table A.9: Assessing effect of Illam Thedi Kalvi (ITK) with age fixed effects

Naive VAM Augmented

(1) (2) (3) (4) (5)

ITK effect on math test scores .065∗∗ .17∗∗∗ .17∗∗∗ .18∗∗∗ .16∗∗∗

(.027) (.026) (.026) (.026) (.025)
N. of obs. 8,966 8,902 8,901 8,901 8,901
R-squared .32 .38 .39 .39 .39

ITK effect on Tamil test scores .077∗∗∗ .099∗∗∗ .095∗∗∗ .098∗∗∗ .088∗∗∗

(.015) (.015) (.015) (.015) (.015)
N. of obs. 8,966 8,902 8,901 8,901 8,901
R-squared .39 .45 .45 .45 .46
Child demographic characteristics Yes Yes Yes Yes Yes
Household characteristics No Yes Yes Yes Yes
Lagged achievement No Yes Yes Yes Yes
Enrollment type No Yes Yes Yes Yes
Resources for remote instruction No No Yes Yes Yes
Compensatory inputs from parents and schools No No No Yes Yes
Child educational activities No No No No Yes

Notes: The estimation sample is restricted to individuals tested during wave 3 (March-May of 2022) who were
aged between 55–131 months at the time of the test. Column 1 has a naive specification that only controls
for children’s demographic characteristics (age and gender). Column 2 has the standard value-added model
(VAM) specification, which controls for children’s demographic characteristics, for household characteristics
(maternal education and SES percentile), for lagged tests scores (in math and Tamil) allowing the effect of
the lagged score to vary by age, and for enrollment type (private, public or out of school). Columns 3-5 have
augmented specifications that also control for resources during remote instruction, compensatory inputs from
parents and schools, and child educational activities. Table A.8 presents mean values for these inputs and
Table A.11 presents the full list of estimated coefficients. Panel A presents results for math test scores, while
Panel B presents results for Tamil test scores. Standard errors are clustered at the village level. All regressions
include village fixed effects. Statistical significance at the 1, 5, 10% levels is indicated by ∗∗∗, ∗∗, and ∗.
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Table A.10: Assessing effect of Illam Thedi Kalvi (ITK) restricting the sample to children
55–95 at the time of the survey

Naive VAM Augmented

(1) (2) (3) (4) (5)

ITK effect on math test scores .085∗∗∗ .18∗∗∗ .18∗∗∗ .18∗∗∗ .17∗∗∗

(.031) (.031) (.031) (.031) (.031)
N. of obs. 5,328 5,284 5,284 5,284 5,284
R-squared .27 .34 .34 .35 .35

ITK effect on Tamil test scores .079∗∗∗ .1∗∗∗ .099∗∗∗ .1∗∗∗ .092∗∗∗

(.018) (.018) (.018) (.018) (.018)
N. of obs. 5,328 5,284 5,284 5,284 5,284
R-squared .27 .32 .32 .32 .33
Child demographic characteristics Yes Yes Yes Yes Yes
Household characteristics No Yes Yes Yes Yes
Lagged achievement No Yes Yes Yes Yes
Enrollment type No Yes Yes Yes Yes
Resources for remote instruction No No Yes Yes Yes
Compensatory inputs from parents and schools No No No Yes Yes
Child educational activities No No No No Yes

Notes: The estimation sample is restricted to individuals tested during wave 3 (March-May of 2022)
who were aged between 55–95 months at the time of the test. Column 1 has a naive specification that
only controls for children’s demographic characteristics (age and gender). Column 2 has the standard
value-added model (VAM) specification, which controls for children’s demographic characteristics, for
household characteristics (maternal education and SES percentile), for lagged tests scores (in math and
Tamil) allowing the effect of the lagged score to vary by age, and for enrollment type (private, public or
out of school). Columns 3-5 have augmented specifications that also control for resources during remote
instruction, compensatory inputs from parents and schools, and child educational activities. Table A.8
presents mean values for these inputs and Table A.11 presents the full list of estimated coefficients. Panel
A presents results for math test scores, while Panel B presents results for Tamil test scores. Standard errors
are clustered at the village level. All regressions include village fixed effects. Statistical significance at the
1, 5, 10% levels is indicated by ∗∗∗, ∗∗, and ∗.
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Table A.11: Sensitivity of Illam Thedi Kalvi estimates to including further inputs
Math Tamil

(1) (2) (3) (4) (5) (6) (7) (8)

If child attends ITK .17∗∗∗ .16∗∗∗ .17∗∗∗ .16∗∗∗ .093∗∗∗ .09∗∗∗ .092∗∗∗ .083∗∗∗
(.026) (.026) (.025) (.025) (.015) (.015) (.015) (.014)

Age at endline (months) .018∗∗∗ .018∗∗∗ .018∗∗∗ .017∗∗∗ .015∗∗∗ .015∗∗∗ .014∗∗∗ .014∗∗∗
(.0012) (.0012) (.0012) (.0012) (.00069) (.00069) (.00068) (.00068)

Male -.12∗∗∗ -.12∗∗∗ -.12∗∗∗ -.11∗∗∗ -.094∗∗∗ -.096∗∗∗ -.095∗∗∗ -.089∗∗∗
(.019) (.019) (.019) (.019) (.011) (.011) (.011) (.011)

Mother Edu: Gr. 9-11 .14∗∗∗ .13∗∗∗ .12∗∗∗ .11∗∗∗ .066∗∗∗ .058∗∗∗ .053∗∗∗ .05∗∗∗
(.029) (.029) (.029) (.029) (.016) (.016) (.016) (.016)

Mother Edu: Gr. 12+ .18∗∗∗ .16∗∗∗ .14∗∗∗ .13∗∗∗ .1∗∗∗ .087∗∗∗ .081∗∗∗ .078∗∗∗
(.03) (.03) (.03) (.03) (.017) (.017) (.017) (.017)

SES Decile .016∗∗∗ .01∗∗ .008∗ .0073∗ .0055∗∗ .0029 .0018 .0015
(.0042) (.0042) (.0042) (.0041) (.0021) (.0021) (.0021) (.0021)

Government school (2021-22) .59∗∗∗ .6∗∗∗ .58∗∗∗ .49∗∗∗ .31∗∗∗ .31∗∗∗ .3∗∗∗ .24∗∗∗
(.055) (.054) (.053) (.056) (.028) (.028) (.028) (.032)

Private school (2021-22) .9∗∗∗ .88∗∗∗ .79∗∗∗ .7∗∗∗ .37∗∗∗ .36∗∗∗ .32∗∗∗ .27∗∗∗
(.058) (.058) (.058) (.061) (.032) (.032) (.032) (.036)

Resources for remote instruction:
TV .14∗∗∗ .14∗∗∗ .096∗∗ .062∗∗ .06∗∗ .022

(.042) (.041) (.043) (.024) (.024) (.025)
Smartphone .17∗∗∗ .14∗∗∗ .11∗∗∗ .088∗∗∗ .078∗∗∗ .062∗∗∗

(.035) (.035) (.039) (.02) (.02) (.021)
Phone internet -.05 -.05 -.073∗ -.025 -.026 -.04∗

(.039) (.038) (.037) (.022) (.022) (.021)
Computer .15∗∗ .13∗∗ .1 .11∗∗∗ .1∗∗∗ .082∗∗

(.067) (.066) (.066) (.036) (.036) (.037)
WiFi .11 .11 .044 .022 .019 -.029

(.099) (.099) (.096) (.056) (.057) (.055)
Compensatory inputs from parents and schools:
Video classes .21∗∗∗ .2∗∗∗ .084∗∗∗ .082∗∗∗

(.041) (.041) (.023) (.023)
Audio classes -.046 -.064 .011 -.0042

(.053) (.053) (.028) (.027)
In-person classes -.011 -.021 .022 .014

(.044) (.044) (.022) (.022)
School sent homework .055∗ .044 .016 .009

(.029) (.029) (.017) (.017)
HH member teaches child .056 .037 .034∗ .019

(.036) (.036) (.018) (.018)
Private tutoring .073∗∗ .064∗ .055∗∗∗ .048∗∗∗

(.037) (.036) (.018) (.018)
Child educational activities:
YouTube for edu content .069∗∗ .027∗

(.03) (.015)
Educational TV .071∗∗∗ .072∗∗∗

(.025) (.014)
Books from school .15∗∗∗ .097∗∗∗

(.047) (.027)
Books from home .028 .03∗∗

(.03) (.015)
Other internet resources .16∗∗∗ .1∗∗∗

(.052) (.03)
Constant -1.9∗∗∗ -2∗∗∗ -2.1∗∗∗ -2.1∗∗∗ -1.1∗∗∗ -1.2∗∗∗ -1.2∗∗∗ -1.2∗∗∗

(.12) (.13) (.13) (.13) (.07) (.073) (.074) (.074)
N. of obs. 8,902 8,901 8,901 8,901 8,902 8,901 8,901 8,901
R-squared .38 .39 .39 .39 .45 .45 .46 .46

Notes: Standard errors are clustered at the village level. All regressions include village fixed effects and control for lagged tests scores (in math
and Tamil) allowing the effect of the lagged score to vary by age. Statistical significance at the 1, 5, 10% levels is indicated by ∗∗∗, ∗∗, and ∗.
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Table A.12: Sensitivity of Illam Thedi Kalvi (ITK) estimates for children enrolled in public schools to omitted variable bias
R2

max = R̃2 + 0.1(R̃2 − R̊2) R̃2 + 0.3(R̃2 − R̊2) R̃2 + 0.5(R̃2 − R̊2) R̃2 + 0.7(R̃2 − R̊2) R̃2 + 0.9(R̃2 − R̊2) R̃2 + 1(R̃2 − R̊2) R̃2 + 1.1(R̃2 − R̊2) R̃2 + 1.3(R̃2 − R̊2)
(1) (2) (3) (4) (5) (6) (7) (8)

Panel A: Math
β∗ 0.184 0.179 0.174 0.169 0.164 0.161 0.159 0.153
β̊ 0.211 0.211 0.211 0.211 0.211 0.211 0.211 0.211
β̃ 0.186 0.186 0.186 0.186 0.186 0.186 0.186 0.186
R̊2 0.281 0.281 0.281 0.281 0.281 0.281 0.281 0.281
R̃2 0.327 0.327 0.327 0.327 0.327 0.327 0.327 0.327

Panel B: Tamil
β∗ 0.107 0.105 0.104 0.102 0.101 0.100 0.099 0.097
β̊ 0.115 0.115 0.115 0.115 0.115 0.115 0.115 0.115
β̃ 0.108 0.108 0.108 0.108 0.108 0.108 0.108 0.108
R̊2 0.381 0.381 0.381 0.381 0.381 0.381 0.381 0.381
R̃2 0.430 0.430 0.430 0.430 0.430 0.430 0.430 0.430

Notes: This table presents bias-adjusted treatment effects (β∗), following Oster (2019) using the “robomit” package in R (Schaub, 2020). The estimator of the treatment effect of ITK in a regression without
controls (except for village fixed-effects and student’s age) is β̊, and R̊2 is the R-squared of this regression. The estimator of the treatment effect of ITK in a regression with controls is β̃, and R̃2 is the
R-squared of this regression. As long as the selection on un-observables is at most as large as the selection on observables (i.e., δ = 1 in Oster (2019)) and the R2 from controlling by un-observables is
R2

max , then the treatment effect is bounded between β̃ and β∗. Different columns vary the value of R2
max , as a function of the growth in R2 from adding controls (after including village fixed effects and

age). Oster (2019) suggests R2
max is unlikely to be above a 30% increase over R̃2.
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Table A.13: Sensitivity of Illam Thedi Kalvi (ITK) estimates for children enrolled in private schools to omitted variable bias
R2

max = R̃2 + 0.1(R̃2 − R̊2) R̃2 + 0.3(R̃2 − R̊2) R̃2 + 0.5(R̃2 − R̊2) R̃2 + 0.7(R̃2 − R̊2) R̃2 + 0.9(R̃2 − R̊2) R̃2 + 1(R̃2 − R̊2) R̃2 + 1.1(R̃2 − R̊2) R̃2 + 1.3(R̃2 − R̊2)
(1) (2) (3) (4) (5) (6) (7) (8)

Panel A: Math
β∗ -0.012 -0.006 -0.001 0.005 0.011 0.014 0.017 0.023
β̊ -0.043 -0.043 -0.043 -0.043 -0.043 -0.043 -0.043 -0.043
β̃ -0.015 -0.015 -0.015 -0.015 -0.015 -0.015 -0.015 -0.015
R̊2 0.331 0.331 0.331 0.331 0.331 0.331 0.331 0.331
R̃2 0.364 0.364 0.364 0.364 0.364 0.364 0.364 0.364

Panel B: Tamil
β∗ -0.009 -0.007 -0.004 -0.002 0.000 0.001 0.002 0.005
β̊ -0.021 -0.021 -0.021 -0.021 -0.021 -0.021 -0.021 -0.021
β̃ -0.010 -0.010 -0.010 -0.010 -0.010 -0.010 -0.010 -0.010
R̊2 0.388 0.388 0.388 0.388 0.388 0.388 0.388 0.388
R̃2 0.412 0.412 0.412 0.412 0.412 0.412 0.412 0.412

Notes: This table presents bias-adjusted treatment effects (β∗), following Oster (2019) using the “robomit” package in R (Schaub, 2020). The estimator of the treatment effect of ITK in a regression without
controls (except for village fixed-effects and student’s age) is β̊, and R̊2 is the R-squared of this regression. The estimator of the treatment effect of ITK in a regression with controls is β̃, and R̃2 is the
R-squared of this regression. As long as the selection on un-observables is at most as large as the selection on observables (i.e., δ = 1 in Oster (2019)) and the R2 from controlling by un-observables is
R2

max , then the treatment effect is bounded between β̃ and β∗. Different columns vary the value of R2
max , as a function of the growth in R2 from adding controls (after including village fixed effects and

age). Oster (2019) suggests R2
max is unlikely to be above a 30% increase over R̃2.
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B Student achievement tests
This appendix describes the tests used to assess student achievement in the August
2019 round and the three waves in 2021-22.

B.1 Test content
Our baseline assessments were adopted from those used by Ganimian et al. (2021)
for a complementary RCT aiming to improve preschool instruction in the same
districts (in different villages, from 2016 to 2018). Tests were administered one-on-one
in Tamil by enumerators during home visits.

Since this round was designed as a baseline for a preschool (kindergarten) intervention,
the emphasis was on ensuring that the test was well-suited for measuring achievement
in the 3–6 years of age range. Tests in language focused on oral comprehension and
letter recognition. Tests in math focused on comparing quantities, number recognition,
and simple addition and subtraction. All students were administered the same tests.

In 2021–22, reflecting our purpose of studying learning loss and recovery over a much
longer age range, we added several dimensions to the test. To keep test length manageable,
both for respondents and for survey logistics, we used overlapping booklets that were
specific for each discrete age category. Each age group had overlapping items with other
ages and also with the baseline assessment. This allows us to test a broader range of
skills and also avoid floor and ceiling effects at the ends of the age distribution. In math,
the test retained the initial items and the focus on arithmetic skills but was broadened to
incorporate more difficult items such as multiplication and word problems. In total, we
added 31 questions in 2021-2022 to the math assessments, although, as mentioned above,
not every student had to answer all 31 questions since we had different booklets for each
age group with overlapping questions. In Tamil, we added a total of 30 questions.

In both rounds, and for all test booklets, Cronbach (1951)’s alpha is above 0.85.

B.2 Test score distributions
Reflecting the short — and undifferentiated by age — assessments in 2019, we face issues
of ceiling effects in the percentage of correct answers for older age groups in the baseline
(see Figures B.3-B.4). This problem is much less severe in 2021 (see Figures B.5-B.6).
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Figure B.3: Distribution of correct answers (%) in math in 2019 by age
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Note: This figure presents the percentage of correct responses to the math assessment in 2019 for children of different
ages.
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Figure B.4: Distribution of correct answers (%) in Tamil in 2019 by age
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Note: This figure presents the percentage of correct responses to the Tamil assessment in 2019 for children of different
ages.
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Figure B.5: Distribution of correct answers (%) in math in 2021 by age
(a) 4 year-olds
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Note: This figure presents the percentage of correct responses to the math assessment in 2021-2022 for children of
different ages.
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Figure B.6: Distribution of correct answers (%) in Tamil in 2021 by age
(a) 4 year-olds
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Note: This figure presents the percentage of correct responses to the Tamil assessment in 2021-2022 for children of
different ages.

Thus, although our estimates of learning loss may be sensitive to floor and ceiling effects,
especially at the ends of the age distribution, we see similar estimates if we restrict the
analysis to common items across rounds. Further, our estimates of the pace of the recovery
or of the effects of the ITK program are unlikely to be affected.
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B.3 Linking using Item Response Theory
We generate comparable test scores that are linked across ages and across the baseline
(2019) and the follow-ups (2021–22) by pooling all test observations and estimating Item
Response Theory scores. All questions were scored as correct or incorrect (dichotomous
response). We use a 2-parameter logistic model (reflecting that most of our items were
open-ended) for estimating the scores using the mirt package in R (Chalmers, 2012).

We show empirical fit to the estimated Item Characteristic Curve (ICC) for each round
in Figures B.7-B.16. Overall, questions are able to discriminate between students with
different achievement levels (i.e., the ICC monotonically increases, meaning higher ability
students are more likely to answer the question correctly), and there is no differential
item functioning across rounds (i.e., students do not have an advantage in answering the
question given by the timing of the survey round, and thus the likelihood of answering the
question correctly depends on the ability and not the timing of the survey).
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Figure B.7: Empirical fit to the estimated item characteristic curve (ICC) for Tamil
questions 1-9
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Note: This figure presents the likelihood that students with different IRT scores answer different questions correctly, as
well as the item characteristic curve for each question.
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Figure B.8: Empirical fit to the estimated item characteristic curve (ICC) for Tamil
questions 10-18
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Note: This figure presents the likelihood that students with different IRT scores answer different questions correctly, as
well as the item characteristic curve for each question.

55



Figure B.9: Empirical fit to the estimated item characteristic curve (ICC) for Tamil
questions 19-27
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Note: This figure presents the likelihood that students with different IRT scores answer different questions correctly, as
well as the item characteristic curve for each question.
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Figure B.10: Empirical fit to the estimated item characteristic curve (ICC) for Tamil
questions 28-36
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Note: This figure presents the likelihood that students with different IRT scores answer different questions correctly, as
well as the item characteristic curve for each question.
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Figure B.11: Empirical fit to the estimated item characteristic curve (ICC) for Tamil
questions 37-44
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Note: This figure presents the likelihood that students with different IRT scores answer different questions correctly, as
well as the item characteristic curve for each question.
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Figure B.12: Empirical fit to the estimated item characteristic curve (ICC) for math
questions 1-9
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Note: This figure presents the likelihood that students with different IRT scores answer different questions correctly, as
well as the item characteristic curve for each question.
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Figure B.13: Empirical fit to the estimated item characteristic curve (ICC) for math
questions 10-18
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Note: This figure presents the likelihood that students with different IRT scores answer different questions correctly, as
well as the item characteristic curve for each question.
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Figure B.14: Empirical fit to the estimated item characteristic curve (ICC) for math
questions 19-27
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Note: This figure presents the likelihood students with different IRT scores answer different questions correctly, as well
as the item characteristic curve for each question.
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Figure B.15: Empirical fit to the estimated item characteristic curve (ICC) for math
questions 28-36
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Note: This figure presents the likelihood that students with different IRT scores answer different questions correctly, as
well as the item characteristic curve for each question.
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Figure B.16: Empirical fit to the estimated item characteristic curve (ICC) for math
questions 37-43
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Note: This figure presents the likelihood that students with different IRT scores answer different questions correctly, as
well as the item characteristic curve for each question.
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C The Illam Thedi Kalvi (Education at Doorstep) Program
This appendix provides further details about the Illam Thedi Kalvi (ITK) program, based on
program documents and information shared by the Government of Tamil Nadu.

C.1 Program objectives and rollout
The ITK program was conceived by the Government of Tamil Nadu as an emergency
response to the lack of structured education after March 2020, caused by the
pandemic-induced school closures. The program targeted students in Grades 1-8.
Although open for all students in local communities, it gave special emphasis to
remediation for public school students.

The program was rolled out in a staggered manner. It was launched by the Chief Minister
of Tamil Nadu on October 26, 2021. Phase 1 of the program started on December 1, 2021
in 12 districts of the state. After receiving positive reports on the implementation and
program reception in the first month, the program was then extended to the remaining
districts of Tamil Nadu from January 3, 2022.

C.2 Volunteer selection and training
The program had an extensive volunteer selection protocol and had a secondary
objective of empowering local educated women, who were given explicit preference
in recruitment. Volunteers were required to have graduated from Grade 12 (the end
of high school) to be eligible to teach students in Grades 1-5 (primary school), and to
have completed a Bachelors’ degree to teach students in Grades 6-8 (middle school).
The program intended to match one volunteer to 20 students. Volunteers were not
paid a salary but were provided a monthly stipend of INR 1,000 for teaching and
learning materials (TLM) and incidental expenses.

Volunteer recruitment included three stages. First, individuals interested in volunteering
were required to register their interest on a dedicated program website maintained by the
Department of Education. Second, candidates who met the basic eligibility criteria were
then visited by members of the School Management Committee (SMC) of the local school,
which included parent representatives, who validated their educational qualifications
and assessed their acceptability as teachers in the local community. The SMC members
then classified each candidate as “not recommended”/“recommended”/“strongly
recommended”. Third, volunteers were given a computer-based psychometric aptitude
test, administered in a central location, which tested their cognitive ability, personality, and
behavior towards children. This was followed by a Focus Group Discussion, conducted
in the presence of a Headmaster, the Block Education Officer and a representative from
a local civil society organization, to assess the commitment and interest of volunteers at
a more individual level. ∼746,000 individuals registered to participate in the program
as volunteers, of whom ∼200,000 volunteers were selected.

Volunteers received two days of training focused on program design, expectations,
curriculum and other essential information, followed by a one-day visit to the local
school. Since the program focused much more on the reach of this remediation
program for government school students, this was seen as an essential part of
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building the bridge between the ITK volunteers and the local public school.
Refresher trainings were provided monthly.

C.3 Program outreach
Community mobilization was central to the program. This happened at multiple stages.
Approximately 5000 folk artists were hired to perform street plays and folk performances
to raise awareness about the program in ∼84,000 habitations. In addition, the program
also received considerable coverage in the local media. Qualitative reports from officials
indicate this was important in raising interest in volunteering for the program.

In addition, there was considerable within-village mobilization to ensure student
participation. This included active outreach by teachers and head-teachers of local
government schools, as well as members of School Management Committees (which
include representatives of parents and local elected officials). It also included the
distribution of posters, flyers, and banners, as well as the organization of local activities.

C.4 Program content and delivery
C.4.1 Program delivery
The program provided up to 90 minutes of instruction to students between 5:00-6:30 pm,
five days per week. This instruction was typically provided in a local community space
such as a school, a community hall, or a public preschool center.

C.4.2 Curriculum
The program, focused on re-introducing students to education and remediating learning
loss, introduced a play-based curriculum that focused on basic literacy and numeracy. The
curriculum was designed by the State Council for Educational Research and Training,
the body responsible for curriculum design in the public schooling system. Volunteers
were provided an easy-to-transact manual covering the curriculum in detail, including
specific teaching and learning materials (TLMs) mapped to activities. Volunteers were
also encouraged to develop their own TLMs for leading children in activity-based learning.

Quarterly assessments were provided through an app for ITK volunteers to administer to
students. These were intended to inform the remediation attempts in the ITK centers.

C.4.3 Program reporting
The program was monitored through a dedicated app through which volunteers
registered students, provided feedback and also administered assessments for students.
This provided the core data for the central monitoring of the implementation of the
scheme. In addition, Telegram groups were set up which allowed for communication
between the ITK volunteers and state education bureaucracy.

C.4.4 Coordination with the schooling system
The program was set up to be closely coordinated with (and complementary to) the
public school system, starting from the selection of volunteers and the encouragement
to students to attend. ITK volunteers also joined meetings of School Management
Committees to report on the performance of the program and to receive feedback on
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how to remediate learning losses. This alignment between ITK centers and public
schools was an important design component of the program.
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