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Abstract

We evaluate an innovative blended learning after-school intervention for post-primary students,

which aims to bridge this gap by improving students’ learning outcomes and non-cognitive skills

in government secondary schools in India. Using a randomized controlled trial, we find that over

one academic year, the program translates into large improvements in basic Math and Reading

scores for the beneficiary Grade 9 students, who were found to have baseline competencies at

Grade 2 level, on average. However, these improvements fail to translate into better scores on a

standardized national exam in grade 10. We conclude that while such a remedial program can

improve foundational skills, it is not sufficient to overcome the extent of accumulated academic

deficiencies at the post-primary level, which underlines both the need to rethink the strategy for

post-primary education initiatives to overcome deficiencies, and the importance of improving

learning outcomes at an earlier stage.
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1 Introduction

Investment in education to improve human capital development and boost “inclusive growth” has

been the cornerstone of development policy across many developing countries. However, despite an

increase in student enrolments worldwide, learning outcomes have stagnated (Angrist et al., 2019).

61% of adolescents globally are unable to achieve minimum proficiency levels in Math and Reading,

when they should be completing lower secondary school, leading to a ‘learning crisis’ (Bank, 2018;

UNESCO, 2017).

The Indian context is no exception. India has achieved near-universal school enrollment rates

in primary education and 85% enrollment in secondary education (Pratham, 2016), with significant

improvements in areas of school access, enrollment, infrastructure, pupil-teacher ratios and teacher

salaries over the last decade (Muralidharan, 2013). However, learning at the post-primary level

continues to remain poor. For example, more than half the students in grade 8 (55% to be exact)

could not read a simple English sentence and 57% could not do a simple mathematical operation

(Pratham, 2016). This suggests that many students fall behind academically, even as they progress

through the school system, absorbing and learning very little from their grade level classroom in-

struction, which would remain above their learning levels (Banerjee and Duflo, 2011; Muralidharan

et al., 2019). These learning deficiencies become particularly salient in the presence of national

exams (like grade 10 in India), which play an important role in determining further education and

labor market outcomes.

There is an extensive literature which provides multiple explanations for the continuing de-

ficiencies in learning levels despite high enrollment (see Kremer et al. (2013) and Glewwe and

Muralidharan (2016) for extensive reviews). Kremer et al. (2013) conclude that additional school-

ing inputs (such as extra-teachers, more textbooks or toilets) may not be as effective in changing

learning outcomes relative to improvements in pedagogical and remedial instruction, as well as

accountability reforms. Similarly, a more recent review by Evans and Popova (2016) concludes

that pedagogical interventions that adapt the teaching to student learning levels are more effective

at increasing test scores. To that effect, a growing body of research has evaluated the impact of

pedagogical interventions to improve learning outcomes and test scores in India. These include

Teaching at the Right Level (Banerjee et al., 2007, 2016), adaptive technology-aided instruction
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(Muralidharan et al., 2019), model schools (Kumar, 2020), free bicycles for girls (Muralidharan and

Prakash, 2017) and performance-based incentives for teachers (Muralidharan and Sundararaman,

2011). This complements emerging evidence on “what works” to improve learning outcomes in

developing countries, including provision of information on school quality (Andrabi et al., 2015);

student level scholarships and incentives (Blimpo, 2014; Kremer et al., 2009); curricular simplifi-

cation and pacing (Mbiti and Rodrigue-Segura, 2020; Pritchett and Beatty, 2012); public rankings

of schools (Cilliers et al., 2019); and bundled interventions such as combining school grants with

teacher incentives (Mbiti et al., 2019).

While most of the above literature has focused on improving learning outcomes in primary

school, there is little evidence on how interventions impact learning outcomes at the post-primary

or secondary level, in India or elsewhere. This can be particularly important from a policy per-

spective in targeting education interventions across different grades, given the high levels of public

investment and expenditure for secondary and higher education. This paper reports on the experi-

mental evaluation of one such technology-aided, after-school instruction program at the secondary

school level (Grade 9) in India. Avanti’s after-school program was developed to incorporate tech-

nology into a remedial instruction program. Avanti trains facilitators to make effective use of

technology aids (video recordings, presentations, worksheets etc.) along with peer learning and

counseling to enhance students’ cognitive and non-cognitive development. The incorporation of

technology aids in an otherwise remedial program aims to improve the quality of education for

marginalized students at minimal costs to the schools.

In this paper, we conduct an experiment to evaluate the impact of Avanti’s after-school blended

learning program run by trained facilitators at the secondary level (Grade 9) across 24 public

schools in Chennai, India. We examine whether the program improves basic learning outcomes

(as measured by ASER test scores), as well as non-cognitive outcomes (such as teamwork, decision

making, communication etc), gender attitudes of students and parental investment in education.

We find that the program leads to large gains in basic reading and math ASER scores (40.7% and

15.5% respectively). These effects are comparable to the Teaching at the Right Level evaluation

(Banerjee et al., 2016) and the MindSpark program (Muralidharan et al., 2019). However, we find

that these large gains in foundational learning outcomes do not translate into improvements in

exams scores in a mandatory standardized national exam in Grade 10. Lastly, we also do not find
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any effect of the program on improving non-cognitive abilities and parental support.

Put together, we conclude that while carefully designed remedial education interventions can

bring large gains in basic learning levels even at the post-primary level (Grade 9, in our case), it is

too late to translate these gains into any improvements in more advanced grade-level exams which

play a crucial role in determining future outcomes for students. Despite the improvements, 60%

of treatment students are not able to do division at Grade 10, which requires advanced skills such

as calculus. This highlights the importance of policy debates in developing countries to address

the mismatch between student learning and grade-level requirements (Muralidharan et al., 2019).

Furthermore, it reiterates the importance of the timing of implementing these programs at the

primary school level itself. At the post-primary school level, even successful, intensive programs

such as Avanti’s might come “too late” to translate large gains in foundational skills into meaningful

progress on school completion and advanced human capital accumulation.

The paper is organized as follows – Section 2 describes the empirical context and the exper-

imental design. Section 3 describes the data collection and provides details on the final sample.

Section 4 discusses the results and Section 5 concludes.

2 Empirical Context

2.1 Avanti’s program

Avanti’s approach combines trained facilitators, technology aids and parent counseling, along with

an emphasis on peer learning and team work.1 Avanti’s pedagogy incorporates features from Eric

Mazur’s peer instruction and collaborative learning pedagogy (Fagen et al., 2009; Schell et al., 2013;

Zhang et al., 2017) and other blended learning programs. Avanti has adapted this methodology

for low-resource settings (common to educational settings in developing countries and in particu-

lar, India) for teaching Maths and Science in government secondary schools in India, using basic

technology and infrastructure available or installed in schools, such as computers (without internet).

Conducted after-school for an hour for five days a week, Avanti classes run for 40 weeks in
1Peer learning for example, engages students during class through worksheets and multiple choice questions (Con-

cepTests), where they are organized into learning groups based on their academic achievement levels and collab-
oratively encouraged to solve the worksheets. Facilitators move from group to group, encouraging discussion and
resolving queries when necessary.
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an academic year, led by trained facilitators rather than teachers. Facilitators are usually fresh

graduates who are required to have a Bachelor’s degree, preferably (but not necessarily) in STEM,

and do not having teaching certification or qualifications.They are trained on facilitating classroom

sessions which rely on peer learning, team work and student collaboration. The facilitators rely

on pre-recorded video lectures, presentations, worksheets and other academic materials developed

by Avanti for Math and Science in the regional language and context. In the study schools, the

program materials and discussions are both in Tamil (the local native language), although the

schools’ official medium of instruction may be English or Tamil. Finally, the program also helped

provide occasional career counseling and guidance for students and parents. Table B1 provides a

summary of the principal components of the Avanti program.

2.2 Experimental design

The study was conducted in a sample of 24 government schools under the management of the

Chennai Municipal Corporation (CMC) in the city of Chennai, India. Of the total 281 schools under

the CMC, data on grade 9 students for the academic years 2014-15 and 2015-16 was provided by the

Education Department of the Corporation of Chennai. Schools were selected based on the following

eligibility criteria: (a) minimum of 45 students in grade 9;2 (b) maximum of 110 students;3 (c) no

previous experience or engagement with Avanti (to avoid contamination). The experimental design

involved introducing the Avanti program in 12 randomly selected schools (henceforth, treatment

schools) for the academic year 2016-17, leaving students from the remaining 12 schools to serve as a

comparison group (control schools). The selection was done in an open paper lottery at the Chennai

Municipal Corporation, under the observation of the research team to ensure that the selection was

fair. Schools complied with the treatment selection and the program was introduced for all grade

9 students in the treatment schools. From each sample school, 45 students from each school were

randomly sampled based on student registers at each school for a survey at the beginning of the

academic year (baseline). However, out of 1080 students listed from student registers, 65 students

could not be surveyed either due to school absence on the days the survey was taking place in their

schools, or because they had changed or dropped out of that school between enrolment and the
2Based on power calculations at 80% power and statistical significance at 5% level, assuming a 10% sample attrition

rate between the baseline and endline.
3For logistical reasons, Avanti could not handle schools with more than 110 students.
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baseline survey. Our study sample therefore comprises of 1,015 students at baseline (94% of the

listed students), who were followed up with at endline. During the year, some students dropped

out or transferred to other schools resulting in a final (endline) sample of 880 students one year

later (87% of the baseline sample).

3 Data

We implemented three sets of student surveys at baseline and endline. The first survey included

questions on students’ demographic and household information, academic performance, aspirations

and expenditure on education (books, tuition etc.). Second, we conducted a battery of tests to

measure gender attitudes and non-cognitive skills such as critical thinking, communication, goal-

setting, problem solving, grit, self-esteem and team work (West et al., 2014; Duckworth and Quinn,

2009). The survey tools were administered in the local language (Tamil). Appendix C describes the

survey questions as well as provides the construction of the composite scores used in the analysis.

Third, we measured learning outcomes at the start and end of the program, using the standard

ASER testing tool for Reading and Mathematics developed and implemented by ASER. The ASER

instrument has been widely adopted in India (and other countries) to assess students’ mastery over

foundational skills at different stages of education. It is also frequently used in evaluations, such as

those of Pratham’s Read India program (Banerjee et al., 2010). The ASER test uses a five-point

grading system and covers up to Grade 2 level reading skills and up to Grade 4 level mathematics

ability . The test is administered orally for each student, by trained enumerators, and lasts up to

ten minutes, following standard administration protocols laid out by ASER.4 In addition to the

ASER scores, we also collected exam scores for all subjects in the national standardized grade 10

examination in 2018 and matched them to students in the sample. Lastly, we conducted a short

survey with students’ parents to better understand parental involvement in, attitude towards, and

support for the child’s education, measured as cumulative category scores using a series of composite

Likert scales.
4Information on the modalities of conducting the ASER test and tools is retrieved from aser-

centre.org/Survey/Basic/Pack/Sampling/History/p/54.html
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3.1 Sample description

Panel A of Table 1 describes the characteristics of the 1,015 students in our baseline sample in

column (2). Aronud 40% of students are female, and students are on average 14-15 years of age

(which is appropriate for grade 9 students). 77.4% of students come from socially disadvantaged

backgrounds (Scheduled Castes, Scheduled Tribes and Other Backward Castes). From panel B,

27% of students have parents who are illiterate, and more than 80% of households earn a monthly

income less than Rs. 10,000 (approximately 550 USD adjusted for purchasing power). Columns

(3) and (4) of table 1 then report the averages separately for students in the control and treatment

schools, while column (5) reports the difference and its statistical significance at conventional levels.

Panel C describes the cognitive, non-cognitive ability of students as well as the parental support

they receive. As described before, we use the ASER tool to measure basic cognitive ability in

reading and maths (details of scoring in Appendix C). The reading scores, for example, indicate

that students are able to read words and short sentences on average, but cannot read paragraphs.

Similarly, on basic maths, they can do simple operations of addition/subtraction, but not more

complicated ones such as multiplication/division. These scores indicate that an average Grade 9

student has only mastered skills usually taught in Grades 2 and 3, and are lagging far behind in the

grade-level skills needed. This finding resonates resonates with other studies in the Indian context

that document the wide learning gap at the post-primary level (Pratham, 2016).

It is important to note from column (5), that students in treatment schools perform better than

control students at baseline on reading and maths– on average, they are ahead by nearly one level

in Reading and around half a level in Math, but receive less parental support and supervision.

Since these characteristics are important outcome variables in our analysis, we follow Bruhn and

McKenzie (2009) to control for them in all our specifications as discussed on in the next section.

Lastly, indices that measure life skills and gender attitudes (see appendix C for their construction)

appear to be balanced across students in the treatment and control schools.

4 Results

We now turn to examining the effect of the intervention for an individual i in school s. We estimate

the following specification:
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YisE = α+ βTs + γ1YisB + δ1Xi + δ2Xs + εis

where YisE and YisB are the endline and baseline outcome variables of an individual i, Ts is an

indicator that takes the value 1 for a treatment school, Xi and Xs are time-invariant characteristics

of the individual and school respectively. We use age, gender, religion, dummy for caste (SC/ST,

OBC and others), educational qualification of the guardian and household income for Xi and

number of boys and girls, indicator of a co-education school and language of instruction for Xs. We

estimate the above specification both without and with individual and school controls and report

them in panels A and B in each table respectively. Lastly, since the randomization was done with 24

schools, we wild-bootstrap cluster our standard errors at the school level, as suggested by Cameron

et al. (2008) for statistical inference with small clusters. This is reported in all tables as the p-val

(OLS) value. Furthermore, we also report the p-value from a two-sided randomization inference test,

denoted as p-val (RI) in all tables. This test, originally proposed by Fisher (1935) and developed

by Young (2019); Heß (2017) allows statistical inference by comparing the realized treatment effect

with multiple (500) placebo assignments. This procedure therefore has the advantage of providing

inference with correct size, regardless of the sample and cluster size.

4.1 Impact on cognitive ability

We begin by examining the effect of the treatment on cognitive ability as measured by the ASER

reading and math scores. Both the reading and math scores can take a value from 1 to 5 as

described earlier. We examine the impact of our intervention in improving basic student cognitive

ability in three ways as discussed below.

The first set of results are reported in table 2, where panel A reports the results without

any individual and school characteristics, while Panel B controls for them. In columns (1) and

(2), we standardize the ASER scores to have mean zero and standard deviation 1 in the control

group, so that the treatment effect can be interpreted in standard deviations. We make two

observations before discussing the results. First, baseline and endline scores are strongly positively

correlated and second, controlling for individual and school characteristics does not substantially
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alter the magnitude and statistical significance of the intervention. Turning to the impact of the

treatment, from Panel B (our preferred specification), after controlling for baseline ASER scores

and characteristics, students in treatment schools have a 0.61 and 0.52 standard deviations higher

ASER reading and math scores respectively as compared to students in the control school at the

endline. This is equivalent to a 40.7% and 15.5% gain in the reading and math scores respectively

vis-a-vis the control group students. As a benchmark, this impact compares favorably with similar

programs evaluated in the Indian context using ASER, such as Pratham’s Read India campaign

(Banerjee et al., 2016) and Mindspark program (Muralidharan et al., 2019). Since the ASER scores

are discrete and ordinal, we also use an alternate specification and report results from a rank-

ordered logistic regression in columns (3) and (4). The results and their inference are qualitatively

similar for both outcome variables.

Lastly, in table A1, we transparently report the difference in the endline cognitive level by

comparing treatment and control students with the same cognitive level at baseline. For example

in column (1), we restrict the sample of students (in both treatment and control schools) to only

those who could read at least a word at baseline. We then find that students in treatment schools

had a 0.88 higher ASER reading score at endline than their control school counterparts. Similarly

in column (2), treatment school students who could read a paragraph at baseline had a 0.7 higher

ASER score at endline as compared to their control school counterparts who could also read a

paragraph at baseline. Lastly in column (3), we see no difference between treatment and control

students who could read a story at baseline. Similarly, turning to Math scores in columns (4)-(6),

we find that students in the treatment schools have a higher math score at endline, as compared

to their control school counterparts who start at the same baseline math level. Put together,

we conclude from the above analysis that the Avanti program intervention robustly resulted in

substantial improvements in basic reading and maths cognition of students.

4.2 Impact on non-cognitive skills and parental support

Apart from examining the impact on cognitive ability, we also examine if the intervention affected

non-cognitive skills, gender attitudes and parental support to the child. These might be particularly

important in the context where remedial education intended for cognitive ability has any spillovers

on non-cognitive ability as well as parental involvement in the child’s education. We conduct a
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battery of standard tests to capture non-cognitive skills and gender attitudes along with survey data

to understand the parental role in helping their child in school (see Appendix C for details). Given

the richness of this data collection process, the primary empirical challenge is that a large set of

outcomes could be potentially affected by the intervention. The richness of the data implies a danger

of ‘cherry-picking’ outcomes that show large treatment effects. We deal with these systematically in

three ways: first, we aggregate all components of a family of outcomes to form an aggregate index,

such as for grit or for decision-making. Second, we undertake a principal component analysis to

use the underlying variation that drives these family of outcomes. Third, we follow Banerjee et al.

(2010); Kling et al. (2007) and calculate the average standardized effect over the family of outcomes.

For example, for a family with N different outcomes, each denoted by n, the average effect of the

treatment β̂ is calculated as:

β̂ = 1
N

N∑
n=1

β̂n

σ̂n

where σ̂n is the standard deviation of the control group for outcome n. The system across all

N outcomes is estimated using seemingly unrelated regression models to account for correlation

among the coefficients for all outcomes in one family and the variance-covariance system is used to

calculate the standard error of the estimate. We consider three sets of outcomes described below.

First, we examine the impact of our intervention on parental support. This consists of com-

ponents (evaluated on a scale of 1-5) on how involved parents were with school events, homework,

participating in school activities and talking to the child about school. We also examine the ex-

penditure of the household on school material (such as books etc.). Column (1) of table 3 show

the effect on the index (aggregated across all components) while column (4) reports from using the

principal component analysis. Like before, panels A and B provide results without and with the

individual and school controls respectively. Column (1) in table 4 reports the average standardized

effect. Lastly, table A2 in the appendix A reports on the impact of the intervention on each com-

ponent of the parent support index. We see robustly across all methods that there is no effect of

the treatment on parental support to the child. Even the estimated coefficients are very small in

magnitude (as compared to for example, the mean in the control group). The statistical inference

is also robust to using the randomization inference test, as reported by the p-val (RI) values in the

10



table.

Second, we conduct a set of standard non-cognitive skill tests. These ‘life-skills’ include com-

munication skills, critical thinking, decision making, goal setting, grit and problem solving. Each

metric is measured on a scale of 1 to 5 on a number of questions. Similar to the previous case, we

report the index (aggregated across all components) in column (2) of table 3, the principal compo-

nent in column (5) of the same table and the average standardized effect in column (2) of table 4.

Furthermore, we also report the impact of the intervention on each component separately (instead

of the index) in table A3 in appendix A. Again, we find no robust impact of the intervention on

any measure of non-cognitive skills.

Lastly, we turn to examining whether the intervention had an impact on student attitudes

towards gender. We ask students on how strongly they agree or disagree with respect to gender

roles, equality in opportunities, higher studies, opportunities to boys and education of a girl (see

appendix C for detailed questions). We report the index (aggregated across all components) in

column (3) or table 3, the principal component in column (6) of the same table and the average

standardized effect in column (3) of table 4. Lastly, we also report the impact of the intervention

on each component separately in table A4 in appendix A. We do not find a systematic impact of

the intervention on gender attitudes.

To briefly summarize, we find that while the intervention had large and robust impacts in

improving basic cognitive ability of students, it did not change their non-cognitive abilities, gender

attitudes or parental support.

4.3 Impact on standardized national exam scores

It is mandatory for all students in India completing grade 10 to write a standardized national

exam– the All India Secondary School Examination (AISSE). Students are tested in five subjects,

namely: Math, English, Science, Social Sciences and the local language (Tamil, in our case). The

AISSE exam is an important milestone in a student’s education because these scores are used for

future admissions in higher education as well for job applications early in the career. Given the

large improvement in basic cognitive ability we observe as a result of our intervention, we now turn

to examining whether it translates into an improvement in the AISSE scores. Along with the list

of individual characteristics, we now also control for the baseline cognitive ability. For the students
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in our sample, we obtain the list of their AISSE scores for all the five subjects in all our 24 schools.

Each exam score is normalized to have mean 0 and standard deviation 1 in the control group.

Similar to the format so far, results are reported without individual and school controls in panel

A of table 5 and with these controls in panel B. Firstly, we see that baseline ASER reading and

math scores are strongly positively correlated with the AISSE exam scores, but after controlling

for them, the treatment does not have any significant impact on these exam scores. If anything,

the estimated coefficients are negative (and statistically significant in the case of Tamil). Moreover,

the statistical inference is robust to using randomizaiton inference tests, as reported by the p-val

(RI) values. This implies that while the intervention does robustly improve basic cognitive skills,

it fails to translate into significant gains in standardized national exam scores one year later. The

mechanism behind why this is the case is a question beyond the scope of this paper, and left for

future research endeavors.

4.4 Attrition

As mentioned previously, we had a sample of 1015 students at baseline, but were only able to

measure outcomes for 880 students at the end of the academic year (an attrition of 13.3%). This

attrition is caused both due to students dropping out of school as well as transfers to other schools,

for example, due to family migration. In section D in the appendix, we check for differential attri-

tion between control and treatment groups, and see if this affects our estimates of treatment effects.

Specifically, we do so in two ways: first, we examine whether student and parent characteristics,

cognitive and non-cognitive ability and parental support are differentially correlated with dropouts

across treatment and control schools. We find no evidence of differential attrition. Second, to

account for potential endogenous attrition from the sample, we estimate Lee bounds on the treat-

ment effects Lee (2009). These bounded estimates are consistent with our main analysis. Table D2

shows that the attrition-adjusted lower bound on the point estimate is 0.27 for Reading and 0.63

for Maths. This increases our confidence in the robustness of our results after taking into account

the attrition of students from our sample.
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5 Conclusion

This paper reports on the results of an evaluation of a remedial class program in India, which

was specifically targeted towards post-primary school students in grade 9. We find significant

learning deficiencies at baseline, with students having reading and math levels at grade 2 or 3 on

average. We find that the program, led by facilitators (rather than teachers) with technological

inputs and academic materials, does succeed in improving basic learning outcomes of the students.

The effect sizes are non-trivial, and show the potential of delivery of programs which rely on

education technology combined with in-person facilitation and teamwork. However, these gains fail

to translate into any improvement on a national standardized Grade 10 exam, indicating that such

programs targeted at the post-primary level may not be sufficient to overcome the accumulated

learning deficiencies at grade-level. These results are in line with other recent studies such as Beg

et al. (2020), who also find that learning outcomes do not translate into gains in official exams

in Pakistan, a context similar to India. As Pritchett and Beatty (2012) note, the regular grade-

level curriculum may be excessively difficult for learners in these settings, who have continued to

accumulate deficiencies over many years and still to need to build on basic skills. Directions for

future research could include understanding and unpacking which elements of the program were

most effective, including targeting of the program towards younger students. While this was not

possible in our research design given the limited sample size and combination of elements in the

Avanti program, there is value in disentangling the contribution of its individual elements as well as

targeting. Nevertheless, our findings indicate the urgency to address learning levels more urgently

at the primary level itself, and rethink post-primary educational initiatives in the context of high

learning gaps. This also reinforces the importance of models of ’Teaching at the Right Level’

(Banerjee et al., 2016), and ensuring that learning is driven based on the child’s needs rather than

the dictates of the curriculum. These will be important lessons to inform the implementation

of India’s newly drafted National Education Policy (2020), which highlights the importance of

foundational numeracy and literacy, and the role of education technology for achieving educational

goals.
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6 Tables

Table 1: Sample characteristics

N Whole sample Control Treatment (4)-(5)

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

Panel A: Student characteristics

Female 1015 0.403 0.400 0.406 0.005
[0.015] [0.021] [0.022]

Age 1015 14.824 14.789 14.860 0.071
[0.026] [0.038] [0.037]

Hindu 1015 0.730 0.707 0.755 0.048*
[0.014] [0.020] [0.019]

SC/ST caste 1015 0.367 0.349 0.385 0.037
[0.015] [0.021] [0.022]

OBC 1015 0.407 0.408 0.406 -0.002
[0.015] [0.022] [0.022]

Panel B: Guardian characteristics

Illiterate 1015 0.268 0.266 0.270 0.003
[0.014] [0.019] [0.020]

Any schooling 1015 0.708 0.713 0.704 -0.009
[0.014] [0.020] [0.021]

Income category 692 2.168 2.189 2.148 -0.041
[0.025] [0.040] [0.030]

Income < Rs. 10k 692 0.825 0.805 0.844 0.038
[0.014] [0.022] [0.019]

Panel C: Student cognitive, non-cognitive and parental support

ASER Reading 619 3.864 3.426 4.391 0.965***
[0.046] [0.059] [0.058]

ASER Maths 619 4.347 4.172 4.559 0.387***
[0.033] [0.050] [0.039]

Parental support index 852 0.114 0.209 0.010 -0.199**
[0.044] [0.063] [0.062]

Life skills index 852 0.031 0.032 0.031 0.001
[0.061] [0.082] [0.093]

Student attitude index 852 0.018 0.052 -0.020 -0.072
[0.047] [0.066] [0.066]

Notes: See Appendix C for measurement of student ability variables. Column (5) reports the
difference between treatment and control and the asteriks report a t-test of whether this difference
is statistically significant. * denotes significance at 0.1 level, ** at 0.05 and *** at 0.01 level.

18



Table 2: Impact on cognitive ability

Standardized ASER Score ASER Score
Reading Maths Reading Maths

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

OLS OLS O. Logit O. Logit

PANEL A: Without individual and school controls

Treatment 0.607*** 0.501*** 1.412*** 1.723***
(0.135) (0.110) (0.315) (0.344)

Baseline 0.620*** 0.594*** 1.237*** 1.740***
(0.0645) (0.0481) (0.137) (0.183)

p-val (OLS) 0.00 0.00 0.00 0.00
p-val (RI) 0.00 0.00 0.00 0.00

R2 0.46 0.45

PANEL B: With individual and school controls

Treatment 0.608*** 0.520*** 1.502*** 1.922***
(0.143) (0.125) (0.392) (0.567)

Baseline 0.606*** 0.561*** 1.233*** 1.700***
(0.0600) (0.0511) (0.142) (0.195)

p-val (OLS) 0.00 0.00 0.00 0.00
p-val (RI) 0.00 0.00 0.00 0.00

R2 0.484 0.484
N 674 674 674 674

Notes: The outcome variable in columns (1) and (2) are the ASER scores
for Reading and Maths that have been standardized to have mean 0 and
standard deviation 1 for the control group. Individual controls include gen-
der, age, religion, caste and dummy variables for guardians’ education and
income categories. School controls include language of instruction, size of
class and an indicator variable for whether the school is co-educational.
‘Baseline’ captures the students’ responses to the survey question at base-
line. Wild-bootstrapped standard errors are clustered at the school-level
and reported in parentheses. p-val (OLS) reports the p-value for the treat-
ment coefficient estimated by the wild-bootstrapped clustered standard
errors, while p-val (RI) reports the p-value using randomized inference
method. * denotes significance at 0.1, ** at 0.05 and *** at 0.01 respec-
tively.
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Table 3: Impact on non-cognitive ability and parental support

Parent
Support Life Skills Student

Attitudes
Parent
Support Life Skills Student

Attitudes

Index Index Index PCA PCA PCA

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

PANEL A: Without individual and school controls

Treat 0.295 0.160 -0.0514 0.0975 0.107 0.176
(0.367) (0.178) (0.282) (0.115) (0.118) (0.133)

Baseline 0.277*** 0.205*** 0.194*** 0.280*** 0.213*** 0.324***
(0.0320) (0.0378) (0.0409) (0.0313) (0.0385) (0.0190)

p-val (OLS) 0.422 0.369 0.855 0.397 0.367 0.186
p-val (RI) 0.470 0.376 0.858 0.398 0.382 0.190

R2 0.069 0.043 0.025 0.071 0.046 0.097

PANEL B: With individual and school controls

Treat 0.0989 0.153 -0.137 0.0397 0.0965 0.170
(0.411) (0.224) (0.352) (0.138) (0.167) (0.142)

Baseline 0.282*** 0.198*** 0.144*** 0.284*** 0.206*** 0.269***
(0.0290) (0.0365) (0.0461) (0.0293) (0.0351) (0.0233)

p-val (OLS) 0.810 0.494 0.697 0.774 0.562 0.230
p-val (RI) 0.822 0.456 0.686 0.742 0.492 0.222

R2 0.116 0.063 0.122 0.116 0.067 0.161
N 852 852 852 852 852 852

Control mean 14.08 22.94 14.97 -0.135 -0.0254 -0.187

Notes: For each of the three composites, we report the impact on an aggregate index in columns (1) to (3), while principal
component of each composite is reported in columns (4) to (6). Individual controls include gender, age, religion, caste and
dummy variables for guardians’ education and income. School controls include language of instruction, size of class and
an indicator variable for whether the school is co-educational. ‘Baseline’ captures the students’ responses to the survey
question at baseline. Wild-bootstrapped standard errors are clustered at the school-level and reported in parentheses. p-val
(OLS) reports the p-value for the treatment coefficient estimated by the wild-bootstrapped clustered standard errors, while
p-val (RI) reports the p-value using randomized inference method. * denotes significance at 0.1, ** at 0.05 and *** at 0.01
respectively.

Table 4: Average standardized effects on non-cognitive ability

Parent Support Life Skills Student Attitudes

(1) (2) (3)

Mean 0.053 0.051 0.041
Std. Dev. 0.039 0.038 0.03

N 852 852 852

Notes: All outcomes presented in this table are aggregate measures com-
posed of relevant survey questions. Details are presented in Appendix
2.

20



Table 5: Impact on standardized national exam scores

Z-scores: Tamil English Maths Science Social Science Total

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

Treatment -0.382** -0.253 -0.0355 -0.222 -0.226 -0.278
(0.172) (0.209) (0.252) (0.213) (0.166) (0.195)

Base Read 0.301*** 0.204*** -0.0358 0.223*** 0.196*** 0.229***
(0.0638) (0.0527) (0.0943) (0.0530) (0.0546) (0.0644)

Base Math 0.300*** 0.312*** 0.264*** 0.260*** 0.248*** 0.335***
(0.0618) (0.0541) (0.0574) (0.0678) (0.0419) (0.0592)

p-val (OLS) 0.026 0.23 0.89 0.296 0.17 0.154
p-val (RI) 0.012 0.31 0.91 0.22 0.13 0.09

R2 0.318 0.251 0.137 0.232 0.205 0.268
N 668 668 668 668 668 668

Notes: All outcome variables have been normalized to have mean 0 and standard deviation 1 in the
control group. ’Base Read’ and ’Base Math’ are the students’ baseline scores on ASER Reading and
Maths. Individual controls include gender, age, religion, caste and dummy variables for guardians’
education and income. School controls include language of instruction, size of class and an indicator
variable for whether the school is co-educational. Wild-bootstrapped standard errors are clustered
at the school-level and reported in parentheses. p-val (OLS) reports the p-value for the treatment
coefficient estimated by the wild-bootstrapped clustered standard errors, while p-val (RI) reports the
p-value using randomized inference method. * denotes significance at 0.1, ** at 0.05 and *** at 0.01
respectively.
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A Appendix Figures and Tables

(a) Maths scores

(b) Reading scores

Figure A1: Reading and math scores in control and treatment schools
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Table A1: Impact on different baseline levels

Reading level Math Score
Baseline level: Word Paragraph Story Digits Subtraction Division

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

Treatment 0.884*** 0.694*** 0.299 0.404 0.699*** 0.315***
(0.328) (0.239) (0.246) (0.312) (0.108) (0.122)

p-val (OLS) 0.00 0.00 0.22 0.195 0.00 0.01
p-val (RI) 0.00 0.00 0.040 0.042 0.00 0.00

R2 0.125 0.087 0.018 0.035 0.246 0.091
N 189 210 220 98 188 333

Control mean 2.26 3.21 4.15 3.23 4.00 4.58

Notes: Each column restricts the sample of students to that level of reading/maths at baseline
and examines the impact of the treatment on endline scores. Individual controls include gender,
age, religion, caste and dummy variables for guardians’ education and income. School controls
include language of instruction, size of class and an indicator variable for whether the school is
co-educational. Wild-bootstrapped standard errors are clustered at the school-level and reported
in parentheses. p-val (OLS) reports the p-value for the treatment coefficient estimated by the wild-
bootstrapped clustered standard errors, while p-val (RI) reports the p-value using randomized
inference method. * denotes significance at 0.1, ** at 0.05 and *** at 0.01 respectively.
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Table A2: Impact on Parental Support

Events Homework School Talk

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

PANEL A: Without individual and school controls

Treatment 0.0847 0.0405 0.00833 0.113
(0.123) (0.121) (0.154) (0.137)

Baseline 0.223*** 0.182*** 0.0597** 0.222***
(0.0304) (0.0276) (0.0271) (0.0287)

p-val (OLS) 0.490 0.739 0.957 0.411
p-val (RI) 0.494 0.748 0.960 0.414

R2 0.044 0.029 0.004 0.045

PANEL B: With individual and school controls

Treatment 0.0362 0.0851 -0.0868 0.0421
(0.126) (0.148) (0.183) (0.178)

Baseline 0.223*** 0.191*** 0.0633** 0.216***
(0.0313) (0.0295) (0.0278) (0.0322)

p-val (OLS) 0.774 0.565 0.635 0.813
p-val (RI) 0.802 0.540 0.654 0.810

R2 0.075 0.058 0.042 0.075
N 852 852 852 852

Control mean 3.494 3.982 3.313 3.286

Notes: Individual controls include gender, age, religion, caste and
dummy variables for guardians’ education and income. School controls
include language of instruction, size of class and an indicator variable
for whether the school is co-educational. ‘Baseline’ captures the stu-
dents’ responses to the survey question at baseline. Wild-bootstrapped
standard errors are clustered at the school-level and reported in paren-
theses. p-val (OLS) reports the p-value for the treatment coefficient es-
timated by the wild-bootstrapped clustered standard errors, while p-val
(RI) reports the p-value using randomized inference method. * denotes
significance at 0.1, ** at 0.05 and *** at 0.01 respectively.
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Table A3: Impact on Non-Cognitive Life-skills

Communication Critical
Thinking Decision Goal Setting Grit Problem

Solving

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

PANEL A: Without individual and school controls

Treatment 0.0139 0.0371 -0.00247 -0.0326 0.0627 0.0801**
(0.0388) (0.0513) (0.0469) (0.0457) (0.0452) (0.0343)

Baseline 0.160*** 0.212*** 0.163*** 0.119*** 0.0861** 0.117***
(0.0317) (0.0256) (0.0323) (0.0364) (0.0345) (0.0427)

p-val (OLS) 0.719 0.470 0.958 0.476 0.166 0.0190
p-val (RI) 0.748 0.464 0.972 0.488 0.140 0.0640

R2 0.022 0.044 0.028 0.016 0.013 0.020

PANEL B: With individual and school controls

Treatment 0.0171 0.0242 0.0126 -0.0573 0.0737* 0.0858**
(0.0466) (0.0698) (0.0580) (0.0650) (0.0424) (0.0431)

Baseline 0.150*** 0.221*** 0.147*** 0.111*** 0.0777** 0.115***
(0.0345) (0.0226) (0.0344) (0.0362) (0.0355) (0.0410)

p-val (OLS) 0.714 0.729 0.828 0.378 0.0820 0.0460
p-val (RI) 0.722 0.696 0.820 0.294 0.156 0.0320

R2 0.041 0.076 0.046 0.048 0.046 0.039
N 852 852 852 852 852 852

Control mean 3.779 3.876 3.993 3.987 3.484 3.824

Notes: Individual controls include gender, age, religion, caste and dummy variables for guardians’ education and
income. School controls include language of instruction, size of class and an indicator variable for whether the school
is co-educational. ‘Baseline’ captures the students’ responses to the survey question at baseline. Wild-bootstrapped
standard errors are clustered at the school-level and reported in parentheses. p-val (OLS) reports the p-value for
the treatment coefficient estimated by the wild-bootstrapped clustered standard errors, while p-val (RI) reports the
p-value using randomized inference method. * denotes significance at 0.1, ** at 0.05 and *** at 0.01 respectively.
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Table A4: Impact on Gender Attitudes

Roles Equal Opp. Study Boys Opp. Wife
Education

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

PANEL A: Without individual and school controls

Treatment 0.00237 -0.0605 -0.00768 0.264*** 0.0891
(0.127) (0.0758) (0.0671) (0.0904) (0.0974)

Baseline 0.140*** 0.0766** 0.189*** 0.159*** 0.204***
(0.0330) (0.0335) (0.0472) (0.0353) (0.0279)

p-val (OLS) 0.985 0.424 0.909 0.00300 0.360
p-val (RI) 0.982 0.448 0.920 0.00800 0.400

R2 0.021 0.007 0.034 0.036 0.047

PANEL B: With individual and school controls

Treatment 0.0228 -0.0806 -0.00798 0.214** 0.0903
(0.131) (0.0861) (0.0759) (0.101) (0.113)

Baseline 0.126*** 0.0800** 0.181*** 0.0839** 0.165***
(0.0331) (0.0316) (0.0458) (0.0374) (0.0287)

p-val (OLS) 0.862 0.350 0.916 0.0340 0.423
p-val (RI) 0.860 0.344 0.932 0.0320 0.364

R2 0.077 0.034 0.061 0.111 0.101
N 852 852 852 852 852

Control mean 2.204 4.123 4.268 2.506 2.036

Notes: Individual controls include gender, age, religion, caste and dummy variables for
guardians’ education and income. School controls include language of instruction, size of
class and an indicator variable for whether the school is co-educational. ‘Baseline’ captures
the students’ responses to the survey question at baseline. Wild-bootstrapped standard er-
rors are clustered at the school-level and reported in parentheses. p-val (OLS) reports the
p-value for the treatment coefficient estimated by the wild-bootstrapped clustered standard
errors, while p-val (RI) reports the p-value using randomized inference method. * denotes
significance at 0.1, ** at 0.05 and *** at 0.01 respectively.
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B Program Description

Table B1: Avanti Program Components Description

Technology: 15 short five-minute videos in the
local language that explain concepts through the
use of real world examples.

1 hour 15 minutes (15 videos) per week

Peer-learning: Students organized in groups of
6 and tasked with collaboratively solving work-
sheets. Facilitators intervene to encourage dis-
cussion and resolve questions only when neces-
sary.

1 hours 30 minutes (6 worksheets) per week

Trained Facilitators: Facilitators (from the lo-
cal area) led lectures to summarize key concepts
based on facts emerging from an in-class discus-
sion.

1 hour 40 minutes (20 min per day) per week

C Survey Questions and Indicators

C.1 ASER

ASER Levels ASER Reading Grade level ASER Maths Grade level
Level 1 Beginner Beginner
Level 2 Identifying letters < Grade 1 Number recognition 0 - 9 < Grade 1
Level 3 Reading words < Grade 1 Number recognition 10 - 99 < Grade 1
Level 4 Reading a paragraph Grade 1 Subtraction with borrowing Grades 2 or 3
Level 5 Reading a story Grade 2 Division with remainder Grades 3 or 4

Table C1: Curriculum Mapping for ASER Tools
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C.2 Non-cognitive

Data on students’ non-cognitive skills were collected using several composite indicators captured

in our survey. The dimensions along which we capture non-cognitive indicators include parents’

support (Rogers et al. (2013)), student attitudes toward gender (Dhar et al. (2018)), and various

life skills like decision making, critical thinking (Mincemoyer and Perkins (2001)), communication,

goal setting, problem solving (Barkman and Machtmes (2002)), and grit (Duckworth and Quinn

(2009)). The reponses are measured on a Likert Scale ranging from Never (1) to Always (5). For

the analysis, we study the treatment’s impact on the individual metrics, aggregate scores as well as

the principal component that retains most of the sample’s information. The tables below detail the

variable label associated with each composite question in the analysis and the associated question

from the survey.

Table C2: Parent Support and Student Attitude Questions

Variable Survey Question
Panel A: Parental Support

School How often do your parents help you with
your school work?

Talk How often do your parents talk to you about
what you are doing in school?

Homework How often do your parents ask you about
homework?

Events How often do your parents go to meetings or
events at school?

Panel B: Student attitudes towards gender
Roles A woman’s most important role is to take

care of her home, feed kids and cook for her
family.

Equal Opp. Men and women should get equal
opportunities in all spheres of life -
education, healthcare, food, decision making.

Study Girls should be allowed to study as far as
they want.

Boys Opp. Boys should be allowed to get more
opportunities and resources for education
than girls.

Education Wives should be less educated than their
husbands.
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Table C3: Life Skills Composite Questions

Variable Survey Question

Decision Making

I look for information to help me understand the problem
I consider the risk of a choice before making a decision.
I think about all the information I have about the different choices
I think of past choices when making new decisions

Critical Thinking

I can easily express my thoughts on a problem.
I usually have more than one source of information before making a
decision.
I compare ideas when thinking about a topic.
I keep my mind open to different ideas when planning to make a
decision.
I am able to tell the best way of handling a problem.

Communication

I try to keep eye contact.
I recognize when two people are trying to say the same thing, but in
different ways.
I try to see the other person’s point of view
I change the way I talk to someone based on my relationship with them.
I organize thoughts in my head before speaking.
I make sure I understand what another person is saying before I respond.

Goal Setting

I look at the steps needed to achieve the goal.
I think about how and when I want to achieve a goal.
After setting a goal, I break goals down into steps so I can check my
progress.
Both positive and negative feedback help me work toward my goal

Problem Solving

I first figure out exactly what the problem is.
I try to determine what caused the problem.
I do what I have done in the past to solve the problem
I compare each possible solution with the others to find the best one.
After selecting a solution, I think about it for a while before putting it
into action

Grit

New ideas sometimes distract me from previous ones
Setbacks don’t discourage me. I bounce back from disappointments
faster than most people.
I have been obsessed with a certain idea or project for a short time but
later lost interest.
I am a hard worker.
I often set a goal but later choose to pursue (follow) a different one.
I have difficulty maintaining (keeping) my focus on projects that take
more than a few months to complete.
I finish whatever I begin.
I am diligent (hard working and careful).
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C.3 Controls

Table C4: Controls Description

Variable Name Variable Description

Individual Controls

Student Gender Indicator; Male/Female
Student Age Continuous; Years
Religion Indicator; Hindu/Non-

Hindu
Caste Indicators for SCST, Gen-

eral, and OBC castes
Guardian Education Categorical; Illiterate,

Schooling
Guardian Income Categorical; <10,000,

=>10,000

School Controls
Language of Instruction Indicator; Tamil/English
Size of class Continuous, by gender
Coeducational School Indicator; Coed/Single Sex
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D Attrition

Of the 1015 students in our baseline sample we only have 880 students in a the endline (an attrition

of 13.3%). We investigate the differential attrition across treatment and control schools on observ-

able characteristics as well as its impact on our treatment estimates in two ways. First, we report

whether there is differential attrition between treatment and control. We estimate the following

specification:

Mi = α+ βXi + γTi + δTi ×Xi + εi

where Mi is a dummy variable that takes the value 1 if the student stays in the sample and 0 if

the student drops out between the baseline and endline. δ is the coefficient of interest since it tells

us whether characteristics of students who stay in the sample is statistically different on average

between control and treatment schools. We report the estimates for δ in table D1. As reported

in the table, attrition is small in magnitude and statistically insignificant between treatment and

control schools for most student characteristics.

Table D1: Differential attrition between control and treatment

Student characteristic (Xi)
δ̂ S.E. p-value
(1) (2) (3)

Female -0.008 0.05 0.858
Age 0.053** 0.0271 0.05

Hindu 0.079 0.052 0.127
OBC -0.01 0.045 0.827

Guardian Educ: Illiterate -0.12 0.163 0.457
Guardian Educ: Schooling -0.084 0.16 0.596

Guardian Income < Rs.10,000 -0.006 0.051 0.907
Guardian Income >= Rs.10,000 0.09 0.074 0.228

Baseline Reading ability 0.009 0.024 0.698
Baseline Maths ability -0.025 0.019 0.17

Lifeskills (PC) -0.0013 0.013 0.919
Gender Attitudes (PC) -0.0231 0.018 0.204

Parent Support -0.004 0.006 0.487
Education exptd. (’000) 0.0051 0.0032 0.109

Notes: * denotes significance at 0.1 level, ** at 0.05 and *** at 0.01 level.

In addition, to account for potential endogenous attrition from the sample, we also estimate

Lee bounds on the treatment effects with bootstrapped standard errors (Lee (2009)) and report
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the results in table D2. Where possible, baseline values are used to tighten bounds, identified as

Group 1 in table D2. In other cases (Group 2), bounds estimated using this method are tightened

using gender, religion, and guardian education and income categories as covariates 5, with weighted

averages of bounds defined for sub samples defined by these covariates. The table D2 shows that

the attrition-adjusted upper bound on the point estimate is 0.56 for reading and 0.99 for Maths.

Table D2: Lee Bounds on Treament Effects

Lower bound Upper bound
Estimate S.E. Estimate S.E.

(1) (2) (3) (4)
Group 1: Baseline Ability used to tighten bounds

Panel A: Cognitive and Non-cognitive abilities
Reading 0.27** 0.11 0.56*** 0.11
Maths 0.63*** 0.12 0.99*** 0.13

Parent Support 0.073 0.34 0.30 0.34
Group 2: Individual Controls used to tighten bounds

Lifeskills (PC) -0.028 0.17 0.15 0.18
Gender Attitudes (PC) 0.15 0.075 0.297* 0.098

Panel B: Standardized National Exam Scores
Tamil -1.05 2.22 1.87 1.55

English 1.03* 1.47 3.67 1.23
Maths 1.64* 1.23 3.30 0.96
Science -1.60 1.45 0.098 1.51

Social science -2.23 1.77 0.28 2.01
Total -1.18 6.82 8.98 6.65

Notes: * denotes significance at 0.1 level, ** at 0.05 and *** at 0.01 level.

5The variables used to tighten bounds are gender, religion, education level of the guardian and household income.
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