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Abstract

We evaluate whether pairing strong subject-matter knowledge with pedagogical supports can
improve learning in public primary schools. In Pune, India, we randomly assigned grades within
48 schools to an intervention that recruited college students in science, technology, engineering,
and math (“fellows”), supported them with training, coaching, and scripts, and had them partly
replace math and science teachers. Despite less education and experience, fellows scored 1.56
standard deviations (SDs) higher than teachers on an assessment of content knowledge and
pedagogy. The intervention raised achievement after one year by 0.32 SDs in math, 0.23 SDs in
science, and 0.16 SDs in language; math and science gains persisted three months later. Effects
extended beyond potentially coached items. Fellows also used stronger pedagogical practices, and
those with more knowledge adhered more closely to substantive script components, suggesting
that scripts complemented their expertise. The intervention was more cost-effective than roughly
two thirds of rigorously evaluated education interventions worldwide. The large pool of eligible
college students near urban schools suggests that the model could scale to other Indian cities.
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1 Introduction

There is mounting evidence on the individual and social returns to math and science skills.
Across very different contexts, individuals with higher mathematical and scientific literacy
complete more years of education, are more likely to get a job, and earn more once employed.
For example, in the United States, each standard deviation (SD) in math test scores at the end
of secondary school is associated with 12% higher earnings (Mulligan| 1999} [Lazear, 2003)[]

In India, those who study math and science in high school complete more years of schooling

and have 22% higher earnings than those in either business or humanities (Jain et all, 2022) ]

Further, a country’s scores on international assessments of math and science predict its level

of innovation and economic growth (Bianchi and Giorcelli, [2020; [Hanushek and Kimkol, 2000
Barrol 2001} Woessmann|, 2003; |Jamison et al., 2007; Hanushek and Woessmann, |2008).

Teachers play a key role in producing the math and science skills of their students. In

Peru, each SD on a test of teachers’ content knowledge increased student achievement by
about 0.1 SDs (Metzler and Woessmann|, 2012) ] Yet, their capacity on these subjects is

low. Secondary-school students hoping to become teachers score below the national mean in

math on global tests, and a fourth to a full SD below aspiring engineers (Bruns and Luque,
2014E| The conventional approach to this challenge, professional development, has often
been ineffective (Popova et al., |2022)), possibly because it tries to improve pedagogy without

addressing gaps in teacher content knowledge. Because content knowledge and pedagogy are

complements, reforms must address both to raise student learning (Mbiti et al., [2019).

We evaluated a novel intervention in India that seeks to improve teacher capacity in math
and science by simultaneously alleviating constraints on both content knowledge and pedagogy.
The Science Education Initiative (SEI) recruits college students who are majoring in science,
technology, engineering, and math (STEM) fields to teach for a year in public primary schools.
These fellows are selected through a competitive process (involving exams, interviews, and
demonstration lessons), they receive pre- and in-service training, scripts for every lesson, and
periodic feedback from instructional coaches. They teach, on average, for six hours per week,

replacing part of the lesson time allocated to math and science otherwise taught by teachersEl

1See also|Bishop (1989); O’Neill (1990); |Grogger and Eide| (1995)); Murnane et al.| (1995); Neal and Johnson|
(1996); Mulligan! (1999); |Altonji and Pierret| (2001); Murnane et al.| (2001) or Hanushek| (2002) for a review.

ZSee also [Boissiere et al.| (1985)); [Alderman et al.| (1996); Glewwe (1996); Angrist and Lavy| (1997); Jolliffe|
(1998); Molina et al. (2020); |Behrman et al. (2008) or Hanushek and Woessmann| (2008) for a review.

*This finding is consistent with correlational evidence across 31 countries (Hanushek et al. |2019D.

4Gaps in teachers’ content knowledge may be even more pronounced in developing settings. Primary-school
teachers in Bihar and Uttar Pradesh answered only 47% of mathematics items drawn from the curriculum they
taught correctly (Dundar et al., 2014). Two thirds of grade 4 teachers in seven Sub-Saharan African countries
could not solve an algebra problem intended for their students (Bold et al. 2017)). Other international studies
also document gaps in teachers’ content knowledge (Schmidt et al., 2007; Tatto et al., [2012).

5Study schools did not have timetables, so we cannot calculate the share of instructional time that shifted
from teachers to fellows. If we assume a four-hour school day, six hours/week represents 30% of class time.




They receive a stipend of USD 4 per class, which is about 8% of the median teacher salary.
We conducted a randomized evaluation of this program in the city of Pune, which is in the
state of Maharashtra. We randomly assigned 48 schools to a fellow in either grade 5 or GH
Fellows had less schooling than teachers, no teaching degrees, and had never taught before.
Yet, they outscored treatment teachers by 1.56 SDs (p < 0.01) on an assessment of math and
science knowledge, optimal approaches to teach concepts and procedures, and understanding
of student errorsm They also scored 0.60 SDs higher on an index of practices that promoted
discussion, 0.58 SDs higher on an index of practices that fostered practice, and 0.35 SDs higher
on an index of practices that cultivated a supportive classroom climate (p < 0.01 for all).
Consistent with these improvements in instruction, the intervention had moderate-to-large
positive impacts on student achievement. Treatment students outperformed their control peers
by 0.32 SDs in math and by 0.23 SDs in science (p < 0.01 for both). At endline, we found that
the organization had used items from the baseline test in instructional materials. Effects on
student learning, however, cannot be solely explained by coaching on such items. Treatment
students outperformed their control peers on items that were introduced at endline (and
thus, were not susceptible to coaching).ﬂ They also fared better on a contemporaneous test
administered to a random sub-sample, even if it was less well aligned with the curriculum.ﬂ
And perhaps most compellingly, they still scored 0.33 SDs better in math (p < 0.01) and 0.09
SDs in science (p < 0.1) at the start of the next school year, three months after the programm
The endline and follow-up gains in math and science achievement were broad-based, with the
treatment distributions stochastically dominating the control distributions in both rounds.E
In fact, although fellows only taught math and science, the intervention had spillover effects
on language test scores of 0.16 SDs at endline (p < 0.01). These effects show that impacts
in math and science did not come at the expense of other subjects and offer further evidence
against item coaching driving effects, as these items could not have been subject to coaching.
We find limited evidence that the intervention increased students’ motivation and effort.

It had null effects on attitudes towards math and science, views about the malleability of

6The 26 grade 5 and 25 grade 6 classes that received the intervention made up the treatment group and
the rest served as controls. This randomization strategy, pioneered by |Banerjee et al. (2007)), ensures that all
schools have an incentive to participate in all data-collection rounds. We discuss it in detail in section

"This test was administered at endline, so we cannot distinguish selection from treatment effects.

8The impacts on these items were 0.23 SDs in math and 0.14 SDs in science (p < 0.01). We also estimated
item-specific treatment effects and found positive effects on non-repeated items in both subjects and rounds.

9The effects on this test were 0.1 SDs in math (non-significant) and 0.24 SDs in science (p < 0.01).

OFor items first introduced at follow-up, the math impact was 0.22 SDs (p < 0.01). For science, the
estimate was positive but not statistically significant (0.03 SDs).

" Control classrooms were more likely than treatment classrooms to have textbooks for teachers (52 pp.)
and students (46 pp.; p < 0.01 for both), as well as math or science equipment (14 pp., p < 0.1). This pattern
suggests compensatory behavior by principals and, if so, implies that our estimates understate the effects that
would have arisen had resources been equally distributed across treatment and control classrooms.



intelligence or math and science skills, and aspirations to pursue STEM courses or careersF_ZI
Treatment students were no more likely than their control peers to attend school as measured
by unannounced visits, attendance registers, or self-reports. We only find a 4 pp. (p < 0.05)
increase in the share of students reporting being late 1-2 days in the week before the endline.
They were no more likely to attend tuition in any subject or spend more time on tuition; we
only find a marginally significant 4-pp. difference in spending 6 or more hours per week. They
attempted 2 pp. more items in math (p < 0.1) and 1 pp. more in language (p < 0.05) in
the endline tests, but there are no differences in test-taking persistence in the follow-up tests.
These results suggest fellows did not raise learning just by getting students to work harderF_g]
The intervention meaningfully changed the instruction that students received at school.
Treatment teachers were no more likely to attend school or to arrive on time than their control
peers, and fellows did not have higher attendance or punctuality rates than treatment teachers.
Yet, only 5% of present control teachers and 56% of present fellows were found in the classroom
during unannounced visits at the start of the school day. Considering that control students
were only taught by their teacher and treatment students were taught by their teacher or
fellow, the latter were 38 pp. more likely (p < 0.01) to start receiving instruction on time.
Further, during classroom observations, fellows scored 0.60 SDs higher than control teachers
on an index of instructional practices promoting discussion, 0.58 SDs higher on an index of
fostering practice, and 0.35 SDs higher on cultivating a supportive climate (p < 0.01 for all).
Together, these results indicate that treatment students received more and better teaching.
Our study design allows us to estimate the combined effect of a bundle of four potentially
complementary inputs: recruiting fellows, providing them with pre- and in-service training,
scripting their instruction, and shifting some math and science lessons from teachers to fellows.
We believe this is the parameter of policy interest, as it would make little sense to place college
students inside classrooms and expect them to teach well without any training or supports.
We also suspect that it is in part this training and support that leads many college majors in
math and science to apply to the program (instead of trying to enter teaching on their own),
so removing them could have knock-on effects on the composition of the pool of applicants,
rendering an evaluation of the change in the composition of instructors by itself challengingfﬂ
We wanted to better understand, however, how scripts complemented fellows’ knowledge,

both because scripts were arguably the most important intensive support fellows receivedE]

12We can rule out effects larger than 0.07 SDs on mindsets, and while effects on the other two indices are
less precise, we find near-zero impacts on all indicators.

13Consistent with this interpretation, we find no evidence of role-model effects. Impacts on achievement,
motivation, and effort did not vary with fellow-student sex match at endline or follow-up.

MFurther, several prior studies have already evaluated some of these components on their own, including:
pre- and in-service teacher training (Yoshikawa et al.l [2015; [Loyalka et al., 2019 |Albornoz et all |2020),
coaching (Cilliers et al., [2019, [2022), and lesson scripting (Piper et all 2014; |Gray-Lobe et al., [2022a)).

15Pre-service training only lasted five weeks, in-service training occurred once a week, and the frequency of
coaching was variable. By contrast, fellows had a script for every lesson that they taught during the fellowship.
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and because they provided precisely what the fellows lacked: clear guidance on how to teach.
We find some evidence for the complementarity between fellow knowledge and script pedagogy.
First, fellows used the scripts: 84% wrote on the blackboard, 79% asked students questions,
58% used materials as indicated, and 52% assigned scripted activities. Only 34% changed or
rephrased script parts, 34% added to them, and 18% excluded them. Second, higher-scoring
fellows followed more substantive script components and altered scripts less often, which
suggests that scripts were complements—rather than substitutes—to fellows’ expertise[’]
These results indicate scripts played an important role in the intervention. Consistent with
these findings, we cannot reject the null hypothesis that impacts were the same across sites.
We contribute to global evidence on the importance of teachers’ subject-matter expertise.
Prior studies had documented strong correlations between teachers’ content knowledge and
students’ achievement (Hill et al., [2005; Santibanez, 2006} Rockoff et al. 2011; Kane et al.,
2013; |Gitomer et al., 2014; Bold et al., 2017} |Cruz et al. [2017; Hanushek et al., 2019), but
causal evidence was limited to one quasi-experimental study (Metzler and Woessmann), [2012)).
We provide experimental evidence on an approach that recruits instructors with high content
knowledge and equips them with pedagogical supports (training, lesson scripts, and coaching).
Our estimates show that combining these two components can raise learning outcomes in
public schools without requiring governments to replace their existing teacher workforce.
Our second main contribution is to growing research on the effectiveness of lesson scripts.
Previous studies have focused on evaluating their impact as a substitute for teacher capacity:
in settings where most teachers have low levels of education, scripts that tell them what to do
at each stage of a lesson can ensure a minimum “floor” of instructional quality (Piper et al.
2018} |Albornoz et al.; 2020; Romero et al. 2020; \Gray-Lobe et al., 2022aj; Eble et al.| 2021)E]
Our study illustrates how scripts can also act as complements: for teachers with subject-matter
expertise and low pedagogical training and experience, they provide much-needed scaffolding.
It is also one of the first to document the extent to which instructors adhere to the different
components of scripts and to examine which types of teachers are more likely to use them.
Finally, we contribute to the literature on how teachers respond to additional instructors.
Our findings reinforce an emerging pattern: incumbents reduce effort when they and the new
instructors perform the same role, but may increase it when their tasks are complementary
(Duflo et al., 2011} |Muralidharan and Sundararaman, 2013} |Ganimian et al., 2023)). In our
setting, because fellows were assigned to the same sections as teachers—instead of to new, split
classrooms——crowd-out did not reduce lesson time, showing that extra workers can improve

instruction even when teachers offload work if they substitute for incumbents effectively.

16 Above-median scoring fellows were 19 pp. more likely to ask scripted questions, 28 pp. more likely to
assign scripted activities, 14 pp. less likely to change scripts, and 23 pp. less likely to add to them.

Tn fact, structured pedagogy more broadly was recently identified as one of the most cost-effective
interventions to improve learning outcomes in LMICs (Akyeampong et al.| [2023).



2 Experiment

2.1 Context

We conducted our study in Pune city, the second-largest city in the Indian state of Maharashtra
(after its capital city, Mumbai). According to the latest census of India (conducted in 2011),
there are 3.1 million people in the city (MHA/ [2012), rendering its population size comparable
to that of countries such as Armenia, Mongolia, and Uruguay (UN} 2019). Its municipal school
system is run by the Pune School Board (Shikshan Mandal or PSB) under the Pune Municipal
Corporation (PMC). For broader context, in 2016-2017, Pune district, which includes the city
and surrounding areas, had 3,473 primary-only schools (grades 1-5) and 1,941 primary schools
with upper primary (grades 6-8), enrolling 834,354 students in total (NIEPA| 2017)]1—_8]

Nearly all primary-school aged children in Pune district are enrolled in school: the net
enrollment rate in upper primary is 91% (NIEPA| 2017). Marathi is the language of instruction
in 76% of primary-only schools and 55% of those with upper primary; English-medium schools
account for 23% and 41% of these types of schools, respectivelyF_g] About 85% of primary-only
schools and 63% of primary schools with upper primary are “government” (i.e., public) schools.
There are, on average, 24 students per teacher in primary-only schools and 32 in primary
schools with upper primary, and these numbers closely track class sizes (NIEPA| 2017)).

The public sector employs most primary-school teachers in Pune district: 61% of teachers
in primary-only and 47% of those in schools with upper primary work in government schools.
The vast majority of teachers in these types of schools are “regular” (i.e., tenured): 93% and
84%, respectively; the rest are hired on a renewable contract basis (NIEPA| 2017).

Most primary-school children in Pune district lack basic math and science skills. According
to a nationally representative student assessment administered by the central government,
only 30% of fifth-graders in the district could use arithmetic for daily situations, 38% could
identify equivalent fractions, and 34% could estimate a volume. Science results were equally
discouraging: 23% could identify linkages between terrain, climate, and resources; 29% could
group objects, materials, and activities according to properties such as shape, color, and

sound; and 45% could estimate spatial quantities in simple standard units (NCERT) 2018)).

2.2 Sample

We selected 48 public and Vidya Niketan primary schools for this Study.m We started with
all 286 PSB-run primary schools. We excluded 118 schools away from the city center (because

18For reference, if Pune district were a school system in the U.S., it would rank between the top two largest
districts in number of students: New York City and Los Angeles Unified (NCES, [2018)).

19 According to anecdotal evidence, a non-trivial share of instruction in these schools is also in Marathi.

29These schools are publicly funded and managed like regular public schools, but with more autonomy.



their location would have limited the capacity of the non-profit running the intervention to
monitor its implementation), 30 Urdu-medium schools (because most fellows did not speak
Urdu)Ef] 59 schools where the PSB or other non-profits were conducting other programs
(because we wanted to estimate the effects of the intervention on its own), 20 schools with low
enrollment (to minimize sampling error), and nine schools that already participated in the
intervention (because we wanted to estimate the effects of the first year of the intervention).
Our data-analytic sample includes 46 of the 48 sampled schools. Shortly after baseline, we

had to drop two schools that could not be matched to any fellows based on their preferences.

2.3 Randomization

We randomly assigned the 48 sampled schools to receive the intervention in grades 5 or 6.
This process resulted in 26 grade 5 and 25 grade 6 treatment classrooms and 26 grade 5 and
25 grade 6 control classrooms, such that all schools had at least one classroom with a fellow 7]
This randomization strategy, pioneered by Banerjee et al.| (2007)), seeks to minimize the risk of
differential attrition (i.e., schools without any intervention dropping out before the endline).

We also randomly assigned fellows to schools, conditional on their preference set. First, we
grouped fellows based on their preferred neighborhood, school shift (morning or afternoon),
and medium of instruction (English or Marathi). Then, we ran 17 separate lotteries—one per
preference set (e.g., one lottery for neighborhood 1, morning shift, English medium schools).

Table presents summary statistics on students and compares the characteristics and
achievement of students between experimental groups. The mean control-group student was
11 years old, which is expected given that the sample is split between grades 5 and 6. Most
control students (69%) speak Marathi at home, some (17%) speak Hindi, and few (1%) speak
English. Less than two-thirds of them have mothers who completed primary school and more
than three-fourths have fathers who reached this level. Nearly all of them (90%) have a TV,
but fewer have Internet (43%), a desk (28%), a computer (20%), or their own room (17%),
suggesting that the schools where SEI places its fellows serve relatively low-income families.
Yet, about one in three attend math tuition and one in four attend science tuition |

We find no systematic differences in students across experimental groups. Only one of the
20 covariates we test (math achievement) differs (p < 0.1), which is what one would expect

by chance. A joint F-test from a regression of treatment status on all listed covariates rejects

2INote, however, that Urdu-medium schools account for about 1% of primary-only schools and 3% of schools
with upper primary in Pune district (NIEPAL |2017]).

22Two schools had two grade 5 and two grade 6 classrooms and two other schools had either two grade
5 or two grade 6 classrooms. In both cases, we assigned all classrooms within the same grade to the same
experimental group to prevent contamination, which is particularly likely to occur within the same grade (e.g.,
a grade 5 fellow in a treatment classroom sharing materials with the grade 5 teacher in a control classroom).
All other schools had one treatment and one control classroom (either grade 5 or grade 6).

23Private tuition is common in urban India, even among low-income families (Berry and Mukherjee, [2019).



balance (p = 0.013), but this is driven by math achievement: excluding it yields p = 0.159.

Yet, any resulting bias would attenuate, rather than inflate, our estimated treatment effects.

2.4 Attrition

We see no difference in attrition across control and treatment groups at endline or follow-up
(Table in Appendix . We also see no differences in the composition of the sample across
experimental groups along students’ characteristics with all interactions between treatment
assignment and these characteristics statistically being insignificant in a model for attrition.
Further, we see no evidence of differential attrition between control and treatment groups on

observed baseline characteristics according to a joint test of significance across all interactions.

2.5 Intervention

The program we studied is the Science Education Initiative (SEI) undergraduate fellowship ]
SEI is a Pune-based non-profit organization dedicated to improving math and science learning,
and this fellowship was its flagship program. Since 2014, it has placed 200 fellows in 110 classes.
It recruits, trains, and supports college majors in science, technology, engineering, and math
to teach math and science in schools serving disadvantaged students for one year.

The intervention has four main components. The first one is changing the composition
of math and science instructors. Fellows are selected through a four-stage process, including
(a) a test of content knowledge based on the math and science curricula for grades 5 to 10@
(b) a brief (5- to 7-minute) demonstration lesson on a topic chosen by each applicant; (c) an
interview to assess applicants’ scientific aptitude, leadership skills, and motivation to teach;
and (d) a longer (15- to 20-minute) demonstration lesson on a topic chosen by SEIPY

Fellows differ from teachers in background, education, experience, and knowledge (Table.
They are less likely to be female (63% v. 76%) and nearly half their age (21 v. 42 years old).
Only one in three fellows has a bachelor’s degree (most are still completing it), compared to
eight in ten teachers. By the end of the study, the average fellow had completed their first
year of teaching, whereas the average teacher had accrued 18 years of teaching experience,
five of which had been at their current school, and two of which focused on math or science.
Yet, despite their lower education and experience, fellows outperformed teachers by 14 pp. on

a test of content knowledge, instructional practices, and student misconceptions ']

24GQEI also has a fellowship for college graduates, which we did not evaluate in this study.

25These curricula are jointly determined by the National Council of Educational Research and Training
and the Board of Education of Maharashtra.

26There are no language requirements, but applicants proficient in Marathi are prioritized, given that most
primary schools in Pune are Marathi-medium schools.

2TWe describe this test in section [3| Fellows also vary less in their scores (see Figure .
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The second component of the intervention is providing pre- and in-service teacher training.
Before they start teaching, fellows must complete a three-week course on pedagogy, classroom
management, and the math and science curriculum. Once they begin the fellowship, they are
also enrolled in a bachelor’s in education paid for by SEI at a local teacher-training college.

The third component is scripting instruction. Fellows are given lesson scripts for every
lesson, which specify the topics to be taught on each day, the materials to be used, the words
to be written on the blackboard, the activities to complete, and the questions to ask students.

Most fellows wrote on the board and asked students questions as specified in the script,
but only half used the suggested materials and activities, and a fifth to a third made changes
(adding to, rephrasing, or excluding parts of the lesson script; see Table @ Interestingly,
higher-scoring fellows asked more scripted questions, assigned more scripted activities, and
made fewer changes, additions, or exclusions to the scripts.

The fourth component is substituting part of the lesson time otherwise assigned to teachers.
Schools in Pune do not have timetables that specify the number of minutes each lesson is
supposed to last or even the number of lessons assigned to each subject, so we cannot calculate
the share of lesson time in math and science for which fellows substituted teachers. Yet, we
know fellows were expected to teach three times per week, and that on each occasion, they
taught both math and science for 120 minutes (i.e., 24 hours per month) for one year. As
compensation, fellows received a stipend of INR 3,000 (USD 47) per month.@

Fellows reported high satisfaction with the fellowship. In the endline survey, 92% agreed
that the teaching method was very good, 96% agreed that the program provided quality
instruction, and 98% agreed that it improved science and math learning (Table [A.4). These
positive responses were not accompanied by widespread implementation concerns: only 27%
reported challenges with teachers, 20% reported that students did not respect them, and 12%
reported challenges with school leadership. Fellows also expressed interest in continuing along
this path, with 92% saying they would choose the fellowship again and 82% reporting interest

in a teaching career after their experience in SEI.

3 Data

We conducted four data-collection rounds: a baseline at the start of the school year (to check
the comparability of experimental groups, increase the precision of our impact estimates,
and test for heterogeneous effects); a midline during the year (to identify potential impact

mechanisms); an endline at the end of the year (to estimate the impact of the intervention);

28We describe the announced classroom observations on which these figures are based in section
29At the time of the study, the median teacher salary in Pune was about INR, 50,000 (USD 601) per month.



and a follow-up at the start of the following school year (to check whether effects persisted).
We list the dates, instruments administered, and participation rates per round in Table [A.5]

3.1 Instructor surveys and assessments

We administered a survey and an assessment to teachers and fellows to describe how the
intervention shifted the composition of instructors for some of the math and science lessons.
We administered both instruments at endline, so their results may partly reflect the impact of
the program on instructors (e.g., lesson scripts may have affected fellows’ pedagogical skills).

We decided which domains to assess based on previous tests for educators (e.g., Hill et al.|
2005; Bhattacharjea et all 2011} Gitomer et al., [2014; |[Bold et al., |2017; |World Bank, [2017)).
We assessed instructors’ knowledge of the math and science curriculum for grades 5 and 6,
the instructional practices they considered optimal to teach concepts and processes, and their
understanding of the misconceptions that may explain mistakes that students frequently make.

The test had 36 multiple-choice items from both domestic and international instruments V]

3.2 Student assessments

We administered assessments of math and science to measure the impact of the intervention.
We also administered assessments of language to explore potential spillovers from the program.
We assessed all three subjects on all data-collection rounds (baseline, endline, and follow-up).
We decided which topics and skills to assess in each subject, and the share of items for each
topic and skill, based on the frameworks for two international assessments (IEA| 2015, 2017)).
We tested three topics in math (numbers, geometry and measurement, data) and science (life,
physical, and earth sciences) and three skills in both (knowledge, application, and reasoning).
In language, we tested vocabulary, grammar, and reading, and whether students could retrieve
explicit information, make inferences, and interpret and integrate ideas from written texts.
Each test had 30 multiple-choice items, with repeated items across rounds for linking results.
We scale test scores using a two-parameter logistic Item Response Theory (IRT) model and
standardize them with respect to the control group within each subject and round Y| We used
items from domestic and international assessments and prior impact evaluations from a wide

range of difficulty levels to prevent students answering none or all questions correctly.@

30The items on content knowledge were sampled from the student assessments. Those on instructional
practices presented objectives for hypothetical lessons and asked respondents to choose their preferred approach
to pursue those goals. Those on student misconceptions presented mistakes that students made and asked
respondents to identify the most likely underlying reason for students’ misunderstanding.

31We obtained the same substantive results using standardized proportion-correct scores.

32Figures show the distributions of proportion-correct scores on these assessments. As the figure shows,
we see little evidence of floor or ceiling effects.
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During the endline, we discovered that some of the items from our baseline assessments
had been used in SEI’s instructional materials, even if we had instructed them not to do sof”
We identified 15 items in the program’s practice tests, but we cannot rule out that more items
were featured in other instructional materials. We address this challenge in five different ways.
First, we find positive impacts on both the items from the baseline, which were susceptible to
coaching, and those introduced at endline or follow-up, which could not have been coached.
Second, following Gilbert et al| (2025), we estimate item-specific treatment effects, to show
that many of the items introduced at endline and follow-up show positive treatment effects.
Third, we find spillover effects on language, a subject that was not taught by the fellowship.
Fourth, we show effects on an “audit” test of math and science administered to a sub-sample at
endline, which was composed entirely of new items, and observe effects on this assessmentF’_I]
Lastly, we document effects on a follow-up test administered three months after the end of

the intervention, when any temporary coaching effects would have presumably attenuated.

3.3 Student surveys

We administered a short student survey at baseline focusing on background characteristics
(e.g., sex and socio-economic status) to test for heterogeneous effects, and a longer one at
endline measuring constructs that may be affected by the intervention (e.g., attitudes towards

math and science, intelligence and math mindsets, and educational and career aspirations).

3.4 Unannounced school visits

We conducted unannounced visits to school during the school year to estimate the impact of
the intervention on instructor attendance and punctuality by comparing fellows to teachers
in control and treatment classes. We did not announce these visits to minimize the chances
that instructors would attend school, or would do so earlier than usual, because of us. We
also collected administrative data and counted the number of students in the classroom to

estimate the impact of the intervention on student attendance and punctuality.[g_sl

3.5 Announced classroom observations

We conducted announced classroom observations during the school year to estimate the impact

of the intervention on instructor lesson-time allocation by comparing fellows to teachers in

33Due to time constraints at the start of our study, we asked fellows to administer our baseline assessments
(we administered all other rounds). We asked them not to review the assessments or take any copies home.

34We sourced this test from a contemporaneous evaluation in Kenya (Gray-Lobe et al., 2022b)). These
assessments were less closely aligned with the math and science curriculum for grades 5 and 6 in Pune, so we
do not expect to see effects of similar magnitude to those in our endline and follow-up tests.

35We supplemented these measures with survey-based measures from endline.
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control and treatment classesP% We announced our observations because we were interested
in how teachers used lesson time when they attended ] We also collected data on whether

fellows and control teachers engaged in certain practices during the lesson.

4 Empirical strategy
We estimate the intent-to-treat effect of the offer of the intervention by fitting the model:
YZ?S = Olr(g) + Xz(gs’y + T;B + €igs (1)

t
where Y,

follow-up (¢t = 2); r(g) is the randomization stratum of grade g and a4 is the corresponding

is the outcome of interest for student ¢ in grade g and school s at endline (¢t = 1) or

stratum fixed effect; T}, is an indicator variable for random assignment to the intervention; and
€igs 15 an error term. X4 is a vector of baseline covariates selected separately for each outcome
using LASSO (Bruhn and McKenzie, 2009); the candidate set includes the baseline value of
the outcome (when available) together with the student characteristics listed in Table [A.1]
The parameter of interest is 5, which captures the causal effect of the offer of the intervention.
We estimate equation by ordinary least-squares regression, with cluster-robust standard
errors to account for within-school correlations across students in outcomes.

We also fit variations of this model in which outcomes are measured at the instructor
level (to estimate the impact of the intervention on instructors) and models that interact the

intervention indicators with student and teacher covariates (to test for heterogeneous effects).

5 Results

5.1 Student achievement

After one year, the intervention had moderate-to-large effects on math and science test scores.
The endline scores of treatment students were 0.32 SDs higher in math and 0.23 SDs higher
in science than those of their control peers (p < 0.01; Table , panel A)F_gl This is true for all
topics and all but one of the skills assessed across both subjects (Table , panels A and B).

These effects persisted until the beginning of the following school year, three months after

the intervention had ended. The follow-up scores of treatment students were 0.33 SDs higher

36We adapted a classroom-observation protocol that has been widely used in LMICs, including India
(Stallings, |1977; Bruns and Luquel [2014} Sankar and Linden, 2014} |Stallings et al., 2014; [World Bank| [2017).

37 As stated above, schools in Pune do not have timetables. However, based on conversations with principals,
we observed teachers for 30 minutes per subject, which seemed to be the modal duration of a lesson. We
observed fellows for their entire 120-minute slot, during which they taught both math and science.

38In percent-correct units, these effects are 5.5 pp. in math and 4 pp. in science (Table .
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in math (p < 0.01) and 0.09 SDs higher in science (p < 0.1) than those of control students
(Table[2, panel C), with positive impacts on all topics and skills (Table [A.7 panels A and B).
These effects cannot be explained by fellows coaching students on the items from baseline.
As we discuss in section [3.2], right before the endline, we noticed that the nonprofit running the
program had included some of our baseline items in its materials. We show that improvements
on these items cannot fully account for the learning gains of treatment students in three ways.
First, we estimate effects separately for items that were repeated from baseline to endline
(and were susceptible to coaching) and for items that were introduced at endline or follow-up.
Effects on the former are larger than those on the latter in both rounds, and the difference
between them is statistically significant, but impacts on non-repeated items are positive and
statistically significant in both rounds in math (0.23 SDs at endline and 0.22 SDs at follow-up,
p < 0.01) and at endline in science (0.14 SDs at endline, p < 0.01; Table [2| panels A and C).
Second, following Gilbert et al. (2025)), we estimate item-specific treatment effects and find
positive effects on non-repeated items in both subjects and rounds (Figure , panels A-B).
Third, treatment students also outperformed control students on an “audit” test from a study
in primary schools in Kenya (Gray-Lobe et al., 2022a) that drew on different items, even if its
content was better aligned with the curriculum in science than in math (Table [2] panel B).
The intervention had spillover effects on language. The endline scores of treatment students
were 0.16 SDs higher than those of their control counterparts (p < 0.01; Table [2 panel A)ﬁ
Impacts were positive for all topics and all but one of the skills assessed (Table[A.7 panel C).
Given that fellows did not teach language, spillovers likely stem from students applying what
they learned in math and science to this subject. Consistent with this possibility, while the
average difference between experimental groups in language was not statistically significant
at follow-up (Table , panel A), impacts remained statistically significant on vocabulary and
retrieving information—two domains often exercised in word problems (Table [A.7] panel C).
Consistent with the intended effects of lesson scripting, a key component of the program,
we find little evidence of heterogeneous effects across schools and students. When we estimate
school-specific ITT effects, we fail to reject the null hypothesis that effects were equal
across schools for science in both rounds and for math at endline (Figure [A.4). When we
estimate quantile effects, treatment distributions first-order stochastically dominate control
distributions, and when we estimate average treatment effects by baseline achievement, we find
positive impacts across the distribution (Figure @ Impacts are larger for students of high

socio-economic status (SES) in science and language at endline, but the interaction between

39In percentage-point terms, the effect is 3.5 pp. (Table .
40We also find no heterogeneous effects by baseline scores (Table col. 1).
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treatment and SES only remains statistically significant for science at follow-up (Table E
We find little heterogeneity by other student or teacher characteristics (Table .
Differences in classroom resources suggest our achievement estimates may be conservative.
Whenever resources (e.g., fellows) are (randomly) allocated to some classes and not others,
principals may try to compensate non-selected classes with other resources (e.g., materials).
To explore this possibility, we leveraged the information on class materials collected during the
announced observations to compare the availability of materials across experimental groups.
Control classrooms tend to have more materials than treatment classrooms, and they are
statistically significantly more likely to have textbooks for teachers (52 pp.) and students (46
pp-; p < 0.01 in both cases) and math or science equipment (14 pp., p < 0.1; Table .
These results suggest that our estimates may understate the true impact of the intervention

(i.e., the impact if all resources were equally distributed across control and treatment classes).

5.2 Student motivation and effort

The intervention had null effects on students’ self-reported attitudes, mindsets, or aspirations.
Treatment students did not differ from control students on any of the three composite indices.
The 95% confidence intervals rule out positive effects larger than 0.07 SDs on beliefs about the
malleability of intelligence and math skills. We cannot rule out moderate effects on attitudes
toward math and science (0.21 SDs) or on educational and STEM aspirations (0.14 SDs), but
we find near-zero impacts for nearly all indicators in both indices (Table , panels A-C).
We also see almost no evidence of heterogeneity, except for a marginally significant interaction
effect on attitudes towards math and science for students with higher SES (Table [A.11]).

We also find limited evidence that the program impacted three measures of students’ effort:
attendance at school, demand for private tuition, or persistence on assessments. We measured
attendance in three ways: calculating the share of enrolled students who were present during
unannounced visits, digitizing school attendance registers, and asking students how often they
were late to or absent from school. We only observe a 4 pp. (p < 0.05) increase in the share
of students who report being late 1-2 days in the week prior to the endline (Table [A.12)).
Treatment students were no more likely than their control peers to attend tuition, but they
were 4 pp. (p < 0.10) more likely to spend 6 or more hours on tuition per week (Table .
At endline, treatment students attempted 2 pp. more items in math (p < 0.10) and 1 pp. more
items in language (p < 0.05), but they were no more likely to reach the last item in the test
because there was no margin for improvement: 99% of control students did so (Table [A.14)).

These results suggest fellows did not raise learning by just getting students to work harder.

Accordingly, we find little evidence of role-model effects. If students viewed fellows as role

41Using mother’s education instead of the SES index produces a similar pattern: impacts are larger among
students whose mothers have more education, although the estimates are less precise.
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models, the intervention’s effects should be larger for students assigned to a fellow of the same
sex. Yet, achievement impacts did not vary with fellow-student sex match at endline, endline
audit, or follow-up in any subject (Table . The fellowship’s effects on students’ attitudes,
mindsets, and aspirations did not vary with fellow-student sex match either (Table .

6 Mechanisms

6.1 Instructor attendance, punctuality, and instructional time

The intervention did not increase instructors’ attendance. Treatment teachers were no more
likely than their control peers to attend school and fellows did not go to school more often
than treatment teachers. This is partly because attendance was already high: 84% of control
and 88% of treatment teachers were in school during unannounced visits (Table , panel A).
The program did not increase punctuality either: treatment and control teachers arrived on
time at similar rates and fellows were 30 pp. less likely to be at school at the start of the day
than treatment teachersfi_?] Unlike teachers, fellows were only expected to be at school when
teaching, so their lower punctuality may simply reflect their different schedule[”|

The intervention increased students’ probability of having an instructor in the classroom.
During unannounced visits, enumerators recorded where they found the present instructors.
Conditional on being at the school, fellows were 51 pp. more likely (p < 0.01) to be first
spotted inside the classroom than either treatment or control teachers (Table [3| panel B).
Conversely, present treatment teachers were 52 pp. more likely (p < 0.01) to be first seen in
the principal’s office (where teachers in this setting prepare lessons and socialize with peers).
Given that control students could only receive instruction from their teacher and treatment
students from either their teacher or a fellow, treatment students were 38 pp. more likely
(p < 0.01) than their control peers to have an instructor at the start of the day (panel C).

When they were teaching, fellows did not allocate time differently from control teachers.
This is partly because the latter already spent over three-fourths (78%) of lesson time on
task, 14% on class management, and 8% off task, so there was little margin for improvement

(Table , panel A)@ The same pattern emerges if we break down these three categories into

42This pattern of results rules out discouragement effects among control teachers for not receiving a fellow.
Control teachers were also no more likely to report higher workload or lower self-efficacy (Table .

43 As discussed above, schools did not have timetables, so we measured punctuality by checking whether an
instructor had arrived before the enumerator reached the school or before the school’s start time.

44 A5 discussed in section teachers taught either math or science in 30-minute lessons; fellows taught
both math and science in 120-minute lessons. Therefore, while we compare these groups on the share of lesson
time for each activity type, we also report the number of minutes on each category in panel B of Table E[}
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more granular subcategories[’] When fellows were teaching, however, treatment teachers were
70 pp. less likely than their control peers to be on task and 61 pp. more likely to be off task
(p < 0.01 for both), with most off-task time being out of the room (Table panel B).
This crowding out suggests that fellows substituted for treatment teachers instead of reducing

student-teacher ratios through co-teaching or receiving mentoring from teachers during class.

6.2 Instructor pedagogical practices

The intervention improved instructors’ pedagogical practices, particularly those that promoted
discussion and fostered practice. Fellows scored 0.60 SDs higher than control teachers on an
index of practices promoting discussion and 0.58 SDs higher on an index of practices fostering
practice (p < 0.01 for both; Table , panels A and B). Relative to control teachers, fellows
were 16-29 pp. more likely to ask both closed and open questions, ask students to explain
their answers, correct student answers, and allow students to ask questions. They were also
16 pp. more likely to assign homework and 28 pp. more likely to help individual students.
Fellows scored 0.35 SDs higher on an index of practices cultivating a supportive classroom
climate (p < 0.01; panel C), driven by their greater propensity to praise or encourage students.
By contrast, fellows and control teachers did not differ significantly on an index of practices

engaging students during the announced classroom observations (panel D).

6.3 Lesson scripts

Fellows adhered to the lesson scripts, but adherence varied across components. In announced
observations, 84% wrote on the board as indicated in the script and 79% asked students the
scripted questions (Table [A.3] panel A). Smaller shares used the prescribed materials (58%)
or assigned the scripted activities (52%). Only a minority modified the scripts: 34% changed
or rephrased parts, 34% added to or expanded on them, and 18% excluded parts (panel B).
More knowledgeable fellows adhered more closely to the instructional components.
Compared with fellows who scored below the median on the instructor assessment, those
at or above the median were 19 pp. more likely to ask the scripted questions and 28 pp. more
likely to assign the scripted activities (Table . They were also 14 pp. less likely to change
or rephrase parts of the script and 23 pp. less likely to add to or expand on them. The two
groups were similarly likely to use the prescribed blackboard content and materials. These
patterns suggest that scripts complemented fellows’ expertise rather than substituting for it.
Consistent with this complementarity, we find little evidence that scripts reduced the

importance of instructor knowledge. We estimated the relationship between instructors’

45Control teachers spent most lesson time lecturing and explaining (34%), asking and answering questions
(18%), and assigning students classwork (13%; Table [A.16). The figures for fellows were nearly identical.
Fellows also resembled control teachers in their use of class management and off task time (Tables A.18)).
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scores on the assessment of content knowledge, instructional practice, and student errors and
students’ achievement at endline and follow-up separately for control and treatment groupsflf]
If scripts reduced the importance of instructor knowledge, the association between this score
and achievement should be weaker in treatment classrooms. At endline, this association was
weaker for both math and science, but the difference was statistically significant only for math,
and we find no similar pattern at the endline audit or follow-up (Table [A.9) 7]

7 Discussion

7.1 Cost-effectiveness

The SEI fellowship was more cost-effective than most other rigorously evaluated education
interventions in LMICs. In the 2017-2018 school year, it cost INR 3.66 million for 60 fellows
serving 1,920 students, or INR 1,907 (USD 30) per student (Table [6). These costs imply
that the program raised test scores by 1.06 SDs in math and 0.77 SDs in science for each
USD 100 spent. In a global dataset of cost-effectiveness estimates (Angrist et al. [2025)),
the median intervention generated about 0.4 SDs per USD 100, so the fellowship ranks
around the 66th percentile in math and 64th percentile in science of that distributionfig] The
fellowship also compares favorably in learning-adjusted years of schooling (LAYS). Dividing
our cost-effectiveness estimates by the 0.8 SD benchmark in|Angrist et al.| (2020) suggests that
the fellowship generated 1.33 LAYS in math and 0.97 LAYS in science per USD 100 spent.
In the same global dataset, the median intervention generated 0.49 LAYS per USD 100.

7.2 Scale-up

It seems feasible to recruit more STEM college students to teach, at least in large urban areas
near postsecondary institutions. In Pune city, where we conducted our study, we estimate
that 31,000-41,000 such students attend colleges within 5 km of a school in our sampleff] The
corresponding pools include 101,000 students in Pune district, 1.05 million in Maharashtra,

and 10.2 million across India (MoE| 2026)). Even if only 5% of eligible college students were

46We use teachers’ scores in control classrooms and fellows’ scores in treatment classrooms (section .
4TRestricting the sample to overlapping scores yields similar effects across specifications (Table .
48These figures exclude fellows’ opportunity costs. Counting those costs under alternative wage assumptions

puts per-student costs at USD 29.6-43.8, implying 0.72-1.07 SDs in math and 0.53-0.78 SDs in science per

USD 100 spent. The corresponding LAYS ranges are 0.9-1.34 in math and 0.66-0.98 in science per USD 100;

all ranges remain above the global database medians.
49We estimate Pune district’s pool by applying the national share of science and engineering/technology

students to Maharashtra’s higher-education enrollment and allocating the result according to Pune district’s
share of the state’s colleges. For Pune city, we geocode colleges offering these fields and estimate enrollment
within 5 km of a study school. The lower estimate treats colleges that we could not geocode as outside this
radius; the upper estimate assumes that they are distributed like the colleges that we could geocode.
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willing to teach, these pools would yield 1,550-2,050 potential fellows in Pune city, 5,050 in
Pune district, 52,500 in Maharashtra, and 510,000 across IndiaEG] This would represent a
sizable share of the existing teacher workforce: 9%-11% of primary or upper-primary school

teachers in Pune city, 10% in Pune district and Maharashtra, and 7% across India.[ﬂ

7.3 Subject-matter expertise

Our results also shed light on the relationship between teacher content knowledge and student
achievement. Until recently, the value of the former had been largely inferred from correlations
with the latter (Hill et al., 2005; [Santibanez, [2006; [Rockoff et al., 2011; Kane et all, 2013;
Gitomer et al., 2014 Bold et al., 2017; |Cruz et al., |2017; [Hanushek et al., 2019)). We know of
only one (quasi-experimental) causal study on this question (Metzler and Woessmann) [2012)).
We provide experimental evidence that hiring instructors with high levels of content knowledge
to replace teachers with lower levels for part of the school week raises student achievement{g_gl
The fellows in our study received considerable pedagogical support (training, lesson scripts,
coaching), so we cannot attribute their impact to their expertise. Yet, it would make little
theoretical sense to hire fellows without such supports, and doing so would likely affect who

applies to the fellowship, so we believe we are estimating the policy-relevant parameter.

7.4 Lesson scripts

Our study advances our understanding of how structured pedagogy can support teachers.
Structured-pedagogy interventions—including structured curriculum units, scripted lessons
delivered by para-teachers, and tablet-delivered lesson plans—have consistently improved
learning in LMICs (Piper et al., 2014, 2018} |Albornoz et al.,|2020; Eble et al., 2021} |Gray-Lobe
et all [2022a; |Akyeampong et al., [2023; Piper and Dubeck], 2024). More guidance does not
always yield greater impacts: simplified guides are associated with larger gains than fully
scripted ones (Piper et al., 2018), and shortening guides and increasing teacher discretion
improved achievement (Gray-Lobe et al., |2025). Yet, prior studies have largely evaluated
whether structured pedagogy can substitute for low teacher capacity; ours is one of the first

to show that lesson scripting can complement teachers with high levels of content knowledge.

50 Available data do not measure Indian STEM college students’ willingness to join a paid, part-time teaching
fellowship. Among college students in Delhi and Kolkata, 64%-72% would consider teaching, but only 11%-24%
of those interested preferred school teaching (Dastidar and Sikdar} |2015); 11.4% of rural youth ages 14-18
aspired to become teachers (ASER) 2023)). We therefore conservatively assume that 5% would teach.

51Teacher counts come from UDISE -+ 2023-2024 and include all school-management types (MoEL, [2024). We
define the relevant workforce in each geographic area as teachers who report teaching primary, upper-primary,
or adjacent combinations of grades in the UDISE+ data used for these calculations.

52While fellows were expected to teach alongside teachers, as we show in section |5} the latter were typically
not engaged in instructional tasks while the former were teaching.
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Our results suggest that scripts can help high-content-knowledge instructors translate what
they know into effective teaching. Fellows embraced the structure, and those with higher
assessment scores followed its substantive components more closely rather than exercising
greater discretion. They also used stronger pedagogical practices without devoting more time
to instruction. Together, these findings suggest that scripts need not constrain knowledgeable

instructors; they may help them apply their expertise consistently in the classroom.

7.5 Additional instructors

We also contribute to evidence on the effects of introducing additional instructors in LMICs.
In Busia and Teso, Kenya, teachers hired on renewable one-year contracts to lead a section of
a split first-grade classroom had lower absence and were more likely to be observed teaching
than regular teachers, but the latter became less likely to teach as a result (Duflo et al., 2011)).
In Andhra Pradesh, India, a similar initiative for multigrade primary-school classes had the
same effects, also increasing regular-teacher absence (Muralidharan and Sundararaman, [2013)),
suggesting that they offloaded some of their teaching responsibilities to their contract peers.
Yet, in Tamil Nadu, India, facilitators hired on an 18-month contract exclusively to teach
reduced the main worker’s absence and made childcare centers more likely to open on time
(Ganimian et al., 2023), indicating that the facilitator actually crowded in the worker’s effort.

The effects that we observe on teacher effort, which resemble most closely those in Kenya
and India, reinforce one emerging pattern in this literature. When extra instructors are hired
to perform the same role as existing staff—as was the case in these three studies—some
crowd-out (in attendance and/or effort, conditional on attendance) is likely. But when they
are hired to perform complementary tasks—as was the case in Tamil Nadu, where the main
worker could focus on health and nutrition—they can increase specialization and productivity.
In our study, given that fellows were hired to teach the same sections as teachers (instead of

splitting existing classrooms), crowd-out did not lead to a net reduction in instructional time.

8 Conclusion

Developing math and science skills can help individuals improve their economic prospects.
Yet, there is very little evidence on how to improve instructional quality in these subjects,
especially in contexts with low teacher capacity, which are more prevalent among LMICs.
We present experimental evidence on a novel approach to raise teacher capacity in math
and science: hiring college students in these fields and providing them with pedagogical
support. We find that the introduction of these fellows results in moderate-to-large gains
in achievement in both of the subjects that they teach as well as in other subjects, and

that those gains persist over time, influencing their students’ preparation level for the next
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school year. We also identify potential mechanisms of impact (e.g., increases in instructors’
likelihood to be in their class and in their use of positive pedagogical practices) and largely
rule out confounders such as instructor attendance, student attendance, and private tuition.

Overall, our study is best regarded as an efficacy trial showing that a carefully supported
alternative staffing model can improve instruction in settings where teacher content knowledge
is a binding constraint. The promise of the model is likely greatest in urban areas with nearby
colleges and implementing organizations that can recruit, select, train, and support fellows.
Testing whether these conditions can be sustained at larger scale, and whether the model can

work outside college clusters, remains an important area for future research.
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Table 1: Differences between teacher characteristics (endline)

(1) (2) (3) (4) (5)
Diff. between
Diff. between teachers

Teachers teachers Fellows and fellows

Control Treatment Col. (2)-(1) Treatment Col. (4)-(2)
Female 0.81 0.71 -0.10 0.63 -0.08
0.40]  [0.46] (0.09) [0.49] (0.11)

Age 41.6 41.9 0.25 20.8 -21.0%%*
8.30]  [8.03] (1.55) [1.81] (1.23)

Years of experience (total) 18.9 17.6 -1.47 1.18 -16.3%**
8.58]  [8.29] (1.60) 10.49] (1.23)

Years of experience (at this school) 5.19 5.09 -0.13 1.00 -4.09%H*
[4.81]  [4.04] (0.99) 10.00] (0.64)

Years of math experience (at this school)  1.51 2.53 1.01%* 1.00 -1.52%Hk
[1.27]  [2.69] (0.47) 10.00] (0.40)

Years of science experience (at this school) 1.49 2.53 1.03%* 1.00 -1.52%%%
[1.25]  [2.69] (0.47) [0.00] (0.40)

Has bachelor’s degree or higher 0.81 0.87 0.06 0.35 -0.52%%*
0.40]  [0.34] (0.08) [0.48] (0.08)
Also teaches English 0.96 1.00 0.04 0.00 -1.00
0.20]  [0.00] (0.03) 10.00] (0.00)
Also teaches Indian languages 0.89 1.00 0.11°%* 0.00 -1.00
0.31]  [0.00] (0.05) [0.00] (0.00)
Teaches in English 0.06 0.02 -0.04 0.04 0.02
0.25]  [0.15] (0.03) [0.20] (0.02)
Teaches in Hindi 0.04 0.18 0.14%** 0.16 -0.02
0.20]  [0.39] (0.05) [0.37] (0.01)
Teaches in Marathi 0.89 0.80 -0.09%* 0.80 0.00
0.31]  [0.41] (0.05) [0.41] (0.02)

Teacher assessment (IRT-scaled score) 0.00 -0.22 -0.22 1.34 1.56%**
[1.00]  [0.97] (0.20) [0.83)] (0.18)

Content knowledge (IRT-scaled score) 0.00 -0.06 -0.06 0.91 097k
[1.00]  [1.03] (0.23) [0.76] (0.20)

Instructional practices (IRT-scaled score)  0.00 -0.17 -0.17 1.12 1.29%%*
[1.00]  [1.09] (0.19) 10.99] (0.23)

Student errors (IRT-scaled score) 0.00 -0.25 -0.25 0.89 1.14%%*
[1.00]  [0.93] (0.18) [1.01] (0.18)

N (instructors) 47 45 92 49 94

Notes: This table compares teachers and fellows at endline. It shows the means and standard deviations for each group and

tests for differences between groups including randomization-strata (i.e., grade) fixed effects. Column 3 compares teachers in
treatment and control classrooms. Column 5 compares fellows and teachers in treatment classrooms. The sample includes all
instructors observed at endline. Standard deviations appear in brackets, and standard errors (clustered by school) appear in

parentheses. * significant at 10%; ** significant at 5%; *** significant at 1%.
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Table 2: Impact on IRT-scaled all, repeated, and non-repeated items (endline, endline audit, and follow-up)

(1)

(2)

(3)

(4) (5)

(6)

(7) (8) (9)

Math Science Language
Non- Non- Non-
All Repeated repeated All Repeated repeated All Repeated repeated
items items items items items items items items items
A. Endline
Treatment 0.32%** 0.32%** 0.23*** 0.23*** 0.25%** 0.14%** 0.16%** 0.15%** 0.15%**
(0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)
Control mean 0.40 0.39 0.38 0.31 0.05 0.00
N (students) 2504 2504 2504 2497 2497 2497 2432 2432 2432
p (repeated =
non-repeated) < 0.01 < 0.01 0.84
B. Endline audit
Treatment 0.12 0.23***
(0.09) (0.06)
N (students) 553 553
C. Follow-up
Treatment (0.32%** 0.3+ (.22 0.10%** 0.12%* 0.03 0.03 0.07** -0.03
(0.04) (0.04) (0.04) (0.05) (0.05) (0.03) (0.03) (0.03) (0.03)
Control mean 0.32 0.30 -0.20 -0.05 -0.48 -0.36
N (students) 2270 2365 2365 2271 2367 2367 2267 2363 2363
p (repeated =
non-repeated) 0.04 0.10 0.05

Notes: This table compares students’ Item Response Theory (IRT)-scaled scores using all items, items in both the baseline and endline or follow-up assessments (“repeated”), and
items only in the endline or follow-up assessments (“non-repeated”) across the control and treatment groups. The endline and endline “audit” assessments were administered about
nine months after the rollout of the intervention (April 2018), and the follow-up assessment about 11 months after the rollout of the intervention (June 2018). Repeated and
non-repeated scores use only the corresponding item set. The p row tests whether the repeated- and non-repeated-item effects are equal. All specifications adjust for LASSO-selected

baseline covariates. Standard errors (clustered by school) appear in parentheses. * significant at 10%; ** significant at 5%;

kokk

significant at 1%.



Table 3: Impact on attendance and punctuality (unannounced school visits)

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

Difference
between
Impact on teachers
Teachers teachers Fellows and fellows

Control Treatment Col. (2)-(1) Treatment Col. (4)-(1)

A. Attendance and punctuality

Share of instructors who...

...attended today 0.84 0.88 0.04 0.72 -0.12
[0.37] 10.33)] (0.08) [0.45) (0.09)

...arrived on time today 0.74 0.71 -0.03 0.44 -0.30%**
[0.44] [0.46] (0.09) [0.50] (0.08)

N (instructors) 50 49 99 50 100

B. Location at the school

Share of present instructors who...

...were in the classroom 0.05 0.05 0.00 0.56 0.51***
[0.22] [0.21] (0.03) [0.50] (0.09)
...were in the principal’s office 0.69 0.74 0.05 0.17 -0.52%**
[0.47] 10.44] (0.08) 10.38] (0.10)
...were elsewhere in the school 0.26 0.21 -0.05 0.28 0.02
[0.45] [0.41] (0.07) [0.45] (0.10)
N (present instructors) 42 43 85 36 78

C. Probability of having instructor

Share of classrooms...

...with instructor in classroom 0.04 0.43 0.38%**
[0.20] 10.50] (0.08)
N (classrooms) 47 47 94

Notes: This table compares average attendance and punctuality of teachers in the control and treatment groups and of fellows
in the treatment group, based on unannounced visits about seven months after the rollout of the intervention (February 2018).
Panel A displays results for all instructors and Panel B shows results only for instructors who were present on the day of the
visit. Panel C reports the share of classrooms in which at least one instructor was present in the classroom at the start of the
school day; an instructor is the teacher in control classrooms and either the teacher or fellow in treatment classrooms. One
school was not observed during the unannounced visits, so Panel C includes 47 control and 47 treatment classrooms. Standard
deviations appear in brackets and standard errors (clustered by school) appear in parentheses. * significant at 10%; **
significant at 5%; *** significant at 1%.
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Table 4: Impact on allocation of instructional time (announced observations)

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

Difference
between
Impact on teachers
Teachers teachers Fellows and fellows

Control Treatment Col. (2)-(1) Treatment Col. (4)-(1)

A. Share of lesson

Share of lesson time...

...on task 0.78 0.08 -0.70%%* 0.75 -0.03
[0.20] [0.13] (0.03) [0.16] (0.03)
...on class management 0.14 0.21 0.07* 0.16 0.02
[0.13] [0.26] (0.04) [0.13] (0.02)
...off task 0.08 0.69 0.61%*** 0.10 0.01
[0.14] [0.34] (0.05) [0.11] (0.02)
N (instructors) 96 50 146 50 146

B. Time in lesson
Minutes of lesson time...

...on task 23.3 9.60 -13.7H%* 89.4 66.0***
[5.96) [16.1] (2.30) [18.7] (2.72)
...on class management 4.16 25.0 20.8%%* 19.1 15.0%**
14.02] [31.7] (4.29) 115.1] (2.16)
...off task 2.50 83.0 80.5%** 11.5 9.04***
|4.05] [41.1] (5.56) [13.4] (1.90)
N (instructors) 96 50 146 50 146

Notes: This table compares the allocation of instructional time of teachers in the control and treatment groups and of fellows in
the treatment group, based on announced observations about five months after the rollout of the intervention (December 2017).
Observations of teachers lasted 30 minutes and those of fellows lasted 120 minutes. Panel A displays results expressed as a
proportion of lesson time and Panel B shows results in terms of minutes per lesson. Standard deviations appear in brackets and
standard errors (clustered by school) appear in parentheses. * significant at 10%; ** significant at 5%; *** significant at 1%.
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Table 5: Impact on instructional practices (announced observations)

M) 2) (3)
Teachers Fellows
Control Treatment Col. (2)-(1)
A. Promoting discussion
Allowed students to ask questions 0.39 0.58 0.20%*
[0.49] [0.50] (0.10)
Asked both closed and open questions 0.63 0.78 0.16*
[0.49] [0.42] (0.09)
Asked students to explain their answers 0.47 0.76 0.29%%*
[0.50] [0.43] (0.10)
Corrected student answers 0.72 0.94 0.22%#%
[0.45] [0.24] (0.07)
Composite index (std.) 0.00 0.60 0.60%**
[1.00] [0.71] (0.17)
B. Fostering practice
Assigned classwork 0.64 0.74 0.11
[0.48] [0.44] (0.07)
Assigned homework 0.48 0.64 0.16*
[0.50] [0.49] (0.09)
Helped individual students 0.68 0.96 0.28%#*
[0.47] [0.20] (0.06)
Composite index (std.) 0.00 0.58 0.58%**
[1.00] [0.77] (0.15)
C. Cultivating climate
Praised or encouraged students 0.76 0.96 0.207%**
[0.43] [0.20] (0.06)
Smiled, joked, or laughed 0.17 0.28 0.11
[0.38] [0.45] (0.09)
Hit, pinched, or slapped students (reverse coded) 0.98 1.00 0.02
[0.14] [0.00] (0.01)
Shouted or used harsh language (reverse coded) 0.97 0.98 0.01
[0.18] [0.14] (0.03)
Composite index (std.) 0.00 0.35 0.35%**
[1.00] [0.50] (0.13)
D. Engaging students
Made eye contact with nearly all students 0.75 0.74 -0.01
[0.44] [0.44] (0.06)
Called on students from all seating rows 0.69 0.78 0.09
[0.47] [0.42] (0.10)
Called on nearly all students by name 0.64 0.64 0.01
[0.48] [0.49] (0.08)
Stayed in one spot during the lesson (reverse coded) 0.81 0.94 0.13**
[0.39] [0.24] (0.06)
Composite index (std.) 0.00 0.24 0.24
[1.00] [0.77] (0.16)
N (instructors) 96 50 146

Notes: This table compares the instructional practices of control teachers and fellows, based on announced observations about
five months after the rollout of the intervention (December 2017). Observations of teachers lasted 30 minutes and those of
fellows lasted 120 minutes. The practices are grouped by whether they promote discussion (panel A), foster practice (panel B),
cultivate climate (panel C), or engage students (panel D). Variables marked as reverse coded equal one when the listed practice
did not occur. The composite indexes are the first principal components of the variables in each panel, standardized with
respect to control teachers. * p < 0.1; ¥* p < 0.05; *** p < 0.01. Differences adjust for Grade fixed effects, and standard errors
clustered by school appear in parentheses beneath the corresponding estimates in column (3); standard deviations appear in
brackets beneath the group means in columns (1) and (2). The comparison sample includes 96 control teachers and 50 fellows
observed in classrooms across the study schools during the December 2017 announced visits.

32



Table 6: SEI costs and implied cost-effectiveness

(1) (2)

Estimate Unit
A. Cost inputs
Undergraduate fellowship budget 3,662,000 INR
Fellows 60 fellows
Students served 1,920 students
Direct cost per fellow 61,033 INR
Direct cost per student 1,907 INR
Direct cost per student 30 USD
Cost per student including fixed costs 50 USD
Opportunity-cost sensitivity, per student 29.6-43.8 USD
B. Implied cost-effectiveness
Endline math impact 0.317 SDs
Endline science impact 0.232 SDs
Math gain per USD 100, direct cost 1.06 SDs
Science gain per USD 100, direct cost 0.77 SDs
Math gain per USD 100, opportunity-cost sensitivity 0.72-1.07 SDs
Science gain per USD 100, opportunity-cost sensitivity 0.53-0.78 SDs
Math gain per USD 100, direct-cost LAY'S 1.33 LAYS
Science gain per USD 100, direct-cost LAY'S 0.97 LAYS
Math gain per USD 100, opportunity-cost LAYS 0.90-1.34 LAYS
Science gain per USD 100, opportunity-cost LAY'S 0.66-0.98 LAYS
C. Smart Buys benchmarks
Targeted instruction or structured lesson plans, average 3.0 LAYS per USD 100
Targeted instruction in India, upper benchmark 4.0 LAYS per USD 100

Notes: This table reports cost inputs and implied cost-effectiveness estimates for the Science Education
Initiative (SEI). Panel A reports costs from SEI budget records for the 2017-2018 undergraduate fellowship
program, except the fixed-cost and opportunity-cost rows. The number of fellows and students is implied by
the total undergraduate fellowship budget, the reported cost per fellow, and the reported cost per student.
The fixed-cost row comes from an earlier SEI working paper. The opportunity-cost range comes from a
worksheet that adds fellows’ opportunity cost under alternative wage assumptions. Panel B divides the
covariate-adjusted endline impacts in Table 2] by the cost per student and multiplies by 100. The direct-cost
rows use INR 1,907 per student, rounded to USD 30 in the source materials; the opportunity-cost rows use
the USD 29.6-43.8 range from the opportunity-cost worksheet. LAYS rows convert SD gains to
learning-adjusted years of schooling by dividing by the 0.8 SD high-quality benchmark learning rate used by
Angrist et al.|(2020). Panel C reports comparison benchmarks from |[Angrist et al.| (2020), which informed
the Smart Buys classifications in |Akyeampong et al.| (2023). These benchmarks are included for
order-of-magnitude comparison rather than precise ranking.
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Appendix A Additional tables and figures

Figure A.1: Distributions of IRT-scaled scores on teacher assessments

- ==« Teachers Fellows
© A. Overall o B. Content knowledge
(Q_ .
=) Z
2 < - °
(O] (0]
Q Q
(\! .
o T T T 1 1
-4 -2 0 2 4 2
IRT-scaled score IRT-scaled score
© C. Instructional practices < D. Student errors
ﬁ'_ .
(Y)_ -
2 2 2
2 2 o
[O)) [O))
QO o Q
o T T T T T o T T T T 1
-2 -1 0 1 2 3 -2 -1 0 1 2 3

IRT-scaled score IRT-scaled score
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assessment. Scores are estimated using Rasch models and standardized to have mean zero and standard
deviation one among control-group teachers, with higher values indicating better performance.
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Figure A.2: Distributions of IRT-scaled scores on student assessments
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Notes: The figure shows the distributions of linked IRT-scaled scores on the student assessments. Scores are
estimated using two-parameter logistic IRT models, with higher values indicating better performance.
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Figure A.3: Item-specific treatment effects
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Notes: This figure shows empirical Bayes estimates of item-specific treatment effects on the endline and follow-up assessments in math, science, and

language, with 95% confidence intervals. Maroon squares indicate items repeated from baseline; navy circles indicate items introduced after baseline. The

estimates are regularized effects for the items in each assessment.
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Figure A.4: Heterogeneous impact on standardized test scores by school (endline, endline audit, and follow-up)
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Notes: The figure provides a “caterpillar plot” (von Hippel and Bellows| [2018) of impacts on standardized scores in math and science by school at endline
and the endline audit, about nine months after the rollout of the intervention (April 2018), and at follow-up, about 11 months after the rollout of the
intervention (June 2018). Each navy diamond refers to the point estimate for a given school. Bonferroni confidence intervals adjust standard errors for
multiple hypothesis testing. The maroon dashed line shows the null distribution of “effects” that can be expected due to error. The p-values test whether
school-specific treatment effects are homogeneous within each subject-round combination displayed across the six panels in the figure.
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Figure A.5: Quantile treatment effects and average treatment effects by baseline score (endline, endline audit, and follow-up)
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Notes: The top row shows quantiles of endline, endline audit, and follow-up composite scores for treatment and control students who participated in the
baseline and each corresponding round, estimated by polynomial regressions of each round’s scores on that round’s percentiles separately by experimental
group. The bottom row shows average scores and treatment effects at each percentile of the baseline composite score for the same samples, estimated by
polynomial regression. Composite scores are the first principal component from an analysis of all subjects assessed in each round. Gray bands show
bootstrapped 95% confidence intervals; solid black lines show the estimated treatment effects.



Table A.1: Differences between student characteristics (baseline)

(1) 2) (3)
Control Treatment Col. (2)-(1)
Female 0.51 0.54 0.04
[0.50] [0.50] (0.03)
Age 10.8 10.9 0.06
[1.01] [1.04] (0.05)
Speaks Marathi at home 0.69 0.69 0.00
[0.46] [0.46] (0.02)
Speaks Hindi at home 0.17 0.16 -0.01
[0.38] [0.37] (0.02)
Speaks English at home 0.01 0.01 0.00
[0.10] [0.08] (0.01)
Mother completed primary school 0.63 0.60 -0.03
[0.48] [0.49] (0.02)
Father completed primary school 0.77 0.78 0.01
[0.42] [0.42] (0.02)
Student has a desk to study 0.28 0.26 -0.02
[0.45] [0.44] (0.03)
Student has own room 0.17 0.20 0.03
[0.38] [0.40] (0.03)
Student has a computer 0.20 0.18 -0.02
[0.40] [0.38] (0.03)
Student has Internet 0.43 0.37 -0.05
[0.50] [0.48] (0.05)
Student has a TV 0.90 0.89 -0.01
[0.30] [0.31] (0.02)
Attends tuition in math 0.35 0.32 -0.03
[0.48] [0.47] (0.04)
Attends tuition in science 0.26 0.23 -0.03
[0.44] [0.42] (0.04)
Attends tuition in Marathi or Hindi 0.37 0.36 -0.01
[0.48] [0.48] (0.03)
Attends tuition in English 0.33 0.31 -0.02
[0.47] [0.46] (0.03)
Math (standardized score) 0.00 -0.13 -0.13*
[1.00] [0.96] (0.07)
Science (standardized score) 0.00 -0.05 -0.05
[1.00] [1.01] (0.07)
Language (standardized score) 0.00 -0.07 -0.07
[1.00] [1.02] (0.06)
Raven’s matrices (standardized score) 0.00 0.05 0.05
[1.00] [0.98] (0.06)
N (students) 1,367 1,290 2,657

Notes: This table compares the students in the control and treatment groups at baseline. It shows the means and
standard deviations for each group (columns 1-2) and tests for differences between groups including
randomization-strata (i.e., grade) fixed effects (column 3). The sample includes all students observed at baseline.
Standard deviations appear in brackets, and standard errors (clustered by school) appear in parentheses. The p-value
from a joint F-test of all listed covariates in a regression of treatment status on those covariates, with
randomization-strata fixed effects and standard errors clustered by school, is 0.013 (0.159 when math achievement is
excluded). * significant at 10%; ** significant at 5%; *** significant at 1%.
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Table A.2: Attrition rates in assessments (endline and follow-up)

(1) (2)

Endline Follow-up
A. Treatment
Treatment -0.02 0.00
(0.01) (0.02)
N (students) 2657 2657
Control mean 0.14 0.24
B. Treatment and baseline
Treatment 0.16 0.18
(0.17) (0.20)
Female -0.08%* -0.06*
(0.04) (0.04)
Age 0.03** 0.04**
(0.01) (0.02)
Composite score (at baseline) -0.05%** -0.047%**
(0.01) (0.01)
Female x Treatment 0.06 0.05
(0.04) (0.04)
Age x Treatment -0.02 -0.02
(0.02) (0.02)
Composite score x Treatment -0.01 -0.01
(0.01) (0.01)
N (students) 2404 2404
F-ratio (Interactions) 1.69 1.10
p (interactions = 0) 0.18 0.36

Notes: This table shows estimates from regressions predicting whether students have observed test scores in assessments
administered at endline, about nine months after the rollout of the intervention (April 2018) and at follow-up, about 11 months
after the rollout of the intervention (June 2018). The outcome is defined as having an observed test score in the corresponding
assessment round. The sample includes students present at baseline. Panel A regresses this indicator on treatment status, and
Panel B regresses this indicator on treatment status interacted with baseline characteristics. The p row tests whether all
interaction terms equal zero. Both panels include randomization-strata fixed effects. Standard errors (clustered by school)
appear in parentheses. * significant at 10%; ** significant at 5%; *** significant at 1%.
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Table A.3: Script adherence among fellows (announced observations)

(1) (2) (3)

All High- Low-
fellows scoring scoring
Share of fellows who...
...wrote on blackboard as indicated in the script 0.84 0.83 0.84
[0.37] [0.38] [0.38]
...asked students questions in the script 0.79 0.87 0.68
[0.42] [0.34] [0.48]
...used materials as indicated in the script 0.58 0.55 0.61
[0.50] [0.51] [0.50]
...assigned students activities in the script 0.52 0.65 0.37
[0.51] [0.49] [0.50]
...changed /rephrased parts of the script 0.34 0.28 0.42
[0.48] [0.46] [0.51]
...added to or expanded on parts of the script 0.34 0.24 0.47
[0.48] [0.44] [0.51]
...excluded parts of the script 0.18 0.16 0.21
[0.39] [0.37] [0.42]
N (fellows) 50 28 22

Notes: This table displays the prevalence of script adherence among fellows in treatment grades, based on announced
observations about five months after the rollout of the intervention (December 2017). Standard deviations appear in brackets.
High-scoring fellows are those at or above the fellow-specific median of the overall IRT-scaled teacher-assessment score
(described in section ; low-scoring fellows are those below that median.
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Table A.4: SEl-specific fellow survey responses (endline)

1) 2) N

Share SD (fellows)
A. Views on SEI fellowship
Teaching method was very good 0.92 0.28 49
Program followed the curriculum 0.78 0.42 49
Program provided quality instruction 0.96 0.20 49
Materials caused no problems 0.96 0.20 49
Training was sufficient 0.96 0.20 49
Program improved science and math learning 0.98 0.14 49
B. Self-efficacy
Knew material and was well prepared 0.80 0.41 49
Was prepared to manage a classroom 0.76 0.43 49
Felt prepared to teach in the classroom 0.96 0.20 49
C. Challenges
Reported challenges with teachers 0.27 0.45 49
Reported challenges with school leadership 0.12 0.33 49
Reported that school was too far 0.37 0.49 49
Reported that students did not respect them 0.20 0.41 49
Reported financial constraints 0.18 0.39 49
D. Career
Reported they would choose fellowship again 0.92 0.28 49
Reported interest in a teaching career 0.82 0.39 49
Reported expecting a full-time job offer 0.84 0.37 49

Notes: This table reports endline responses by fellows to SEI-specific survey questions. The sample includes fellows who
responded to the endline teacher and fellow survey. Column 1 reports shares of fellows. Panels A and B report the share who
agree or strongly agree with each statement; negative statements are reverse-coded, so higher values indicate more favorable
views of SEI or greater self-efficacy. The material and training rows in Panel A are reverse-coded challenge items and report the
share not reporting each challenge. Panel C reports the share reporting each challenge. Panel D reports the share who would
choose the SEI fellowship again, are interested or very interested in a teaching career, and expect a somewhat or very likely
full-time job offer from SEI. Standard deviations appear in column 2.
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Table A.5: Round of data collection for the study

(1)

(2)

(3)

(4)

()

(6)

Student participation rates

Both

Month Event Grades groups Control Treatment

A. 2017-2018 school year

June School year starts

Baseline:

July Student assessments 5,6 100% 100% 100%
Student surveys 5,6 100%  100% 100%

Midline:

December  Announced classroom observations 5,6 99% 98% 99%

February =~ Unannounced school visits 5,6 99% 98% 99%
Administrative data on student attendance 5,6 99% 98% 99%

Endline:

March- Student assessments 5, 6

April — Math and science 87% 86% 88%
— Language 87% 86% 88%
Student surveys 5,6 78% ™% 80%
Student “audit” assessments of math and science 5, 6 21% 21% 21%

April- Teacher surveys 5,6 95% 94% 95%

May Teacher assessments 5,6 93% 92% 94%

B. 2018-2019 school year

June School year starts

Follow-up:

June- Student assessments 6, 7

July — Math 76% 76% 76%
— Science 76% 76% 76%
— Language 76% 76% 76%

August Administrative data on student attendance 6, 7

Notes: The table shows the timeline for the interventions and rounds of data collection for the study, including the month in
which each event occurred (column 1), a brief description of the event (column 2), the target grades (column 3), and the

percentage of students that participated in each event by experimental group (columns 4-6). The student “audit” assessments
only targeted 25% of the study sample.
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Table A.6: Impact on proportion-correct test scores (endline, endline audit, and follow-up)

(1) (2) 3)

Math Science Language
A. Endline
Treatment 0.06*** 0.047** 0.047%%*
(0.01) (0.01) (0.01)
N (students) 2524 2524 2524
B. Endline audit
Treatment 0.02 0.10%**
(0.03) (0.03)
N (students) 553 553
C. Follow-up
Treatment 0.06%** 0.02%** 0.01*
(0.01) (0.01) (0.00)
N (students) 2369 2369 2369

Notes: This table compares students’ proportion-correct scores in the control and treatment groups based on assessments
administered at endline and endline “audit”, about nine months after the rollout of the intervention (April 2018) and at
follow-up, about 11 months after the rollout of the intervention (June 2018). Scores are expressed as proportions of items
answered correctly. Impact estimates include randomization-strata fixed effects and LASSO-selected baseline covariates.
Standard errors (clustered by school) appear in parentheses. * significant at 10%; ** significant at 5%; *** significant at 1%.
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Table A.7: Impact on IRT-scaled test scores by topic and skill

(1) (2) 3) (4) (5) (6)
Topics Skills
Geometry and Data
Numbers measurement display Knowing Applying Reasoning
A. Math
Endline
Treatment 0.27%%* 0.26*** 0.11%* 0.25%** 0.30%** 0.06
(0.04) (0.05) (0.04) (0.04) (0.04) (0.05)
N (students) 2504 2504 2504 2504 2504 2504
Follow-up
Treatment (0.32%%* 0.23%%* 0.16%** 0.317%%* 0.26%** 0.16%**
(0.05) (0.05) (0.05) (0.05) (0.04) (0.05)
N (students) 2270 2270 2270 2270 2270 2270
B. Science
Physical
Life science  Earth science science Knowing Applying Reasoning
Endline
Treatment 0.21%+%* 0.19%** 0.13%** 0.20%*** 0.18%** 0.14%**
(0.05) (0.05) (0.04) (0.04) (0.05) (0.05)
N (students) 2497 2497 2497 2497 2497 2497
Follow-up
Treatment 0.08%* 0.11%* 0.12%* 0.10%* 0.09* 0.14%**
(0.04) (0.05) (0.05) (0.04) (0.05) (0.05)
N (students) 2271 2271 2271 2271 2271 2271
C. Language
Interpreting
Retrieving Making and
Vocabulary Grammar Reading information inferences  integrating
Endline
Treatment 0.13%** 0.10%* 0.16%** 0.13%%* 0.16%** 0.08
(0.05) (0.05) (0.04) (0.04) (0.04) (0.05)
N (students) 2432 2432 2432 2432 2432 2432
Follow-up
Treatment 0.10*** 0.01 0.00 0.08%** 0.02 0.03
(0.04) (0.04) (0.05) (0.03) (0.04) (0.04)
N (students) 2267 2267 2267 2267 2267 2267

Notes: This table compares students’ topic- and skill-specific test scores in the control and treatment groups based on
assessments administered at endline, about nine months after the rollout of the intervention (April 2018), and at follow-up,
about 11 months after the rollout (June 2018). Scores come from one-parameter logistic Item Response Theory models
estimated separately by topic and skill using pooled item responses from baseline, endline, and follow-up; repeated items link
scores across rounds. Scores are standardized to have mean zero and standard deviation one in the control group within each
round. Impact estimates come from regressions that include grade fixed effects and LASSO-selected baseline covariates.

Standard errors clustered by school appear in parentheses. * significant at 10%; ** significant at 5%;
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Table A.8: Heterogeneous impact on IRT-scaled test scores by student characteristics (endline, endline audit, and follow-up)

(1) (2) 3) (4)
Baseline score SES index Female Scheduled caste/tribe
Math Science Language Math Science Language Math Science Language Math Science Language
A. Endline
Treatment 0.32%** 0.19%** 0.14%** 0.34%** 0.23%** 0.15%%* 0.28%** 0.18%** 0.13** 0.33*** 0.18%** 0.10
(0.04) (0.05) (0.04) (0.04) (0.05) (0.04) (0.05) (0.06) (0.05) (0.05) (0.06) (0.07)
Covariate 0.54%%* 0.41%** 0.57#%* 0.01 0.00 -0.03 0.01 0.07 0.16%** -0.10%* -0.12%* -0.09
(0.03) (0.03) (0.03) (0.03) (0.04) (0.04) (0.05) (0.07) (0.05) (0.05) (0.05) (0.06)
Treatment X covariate 0.06 0.04 -0.04 0.05 0.09** 0.06** 0.08 0.10 0.06 0.02 0.11 0.12
(0.04) (0.04) (0.04) (0.03) (0.04) (0.03) (0.08) (0.11) (0.09) (0.06) (0.07) (0.09)
p (main + interaction = 0) < 0.01 < 0.01 < 0.01 0.06 0.05 0.36 0.19 0.03 < 0.01 0.10 0.75 0.72
N (students) 2,504 2,497 2,432 2,236 2,232 2,183 2,504 2,497 2,432 2,217 2,215 2,163
B. Endline audit
Treatment 0.13 0.23%** 0.13 0.26%** 0.07 0.33%** 0.24* 0.34%%*
(0.09) (0.06) (0.09) (0.06) (0.10) (0.06) (0.13) (0.07)
Covariate 0.11* 0.07 0.03 -0.04 0.06 0.18** 0.02 0.07
(0.06) (0.04) (0.09) (0.03) (0.13) (0.08) (0.14) (0.06)
Treatment X covariate 0.04 0.04 -0.06 0.04 0.10 -0.15 -0.22 -0.14*
(0.09) (0.05) (0.08) (0.05) (0.16) (0.10) (0.16) (0.07)
p (main + interaction = 0) 0.03 0.01 0.67 0.96 0.24 0.71 0.06 0.34
N (students) 553 553 532 532 553 553 537 537
C. Follow-up
Treatment 0.33%** 0.08* 0.02 0.35%** 0.13** 0.05 0.30%** 0.09 0.04 0.29%** 0.12 0.04
(0.05) (0.05) (0.03) (0.04) (0.05) (0.04) (0.06) (0.08) (0.06) (0.05) (0.08) (0.05)
Covariate 0.54*** 0.21%%* 0.30%** 0.00 -0.06 -0.02 0.06 0.11 0.07 -0.11%* -0.07 -0.05
(0.05) (0.04) (0.04) (0.04) (0.04) (0.03) (0.04) (0.09) (0.07) (0.05) (0.08) (0.06)
Treatment X covariate 0.03 0.05 0.02 0.03 0.08* 0.04 0.05 0.02 -0.03 0.10 -0.02 0.02
(0.05) (0.05) (0.04) (0.03) (0.04) (0.03) (0.07) (0.11) (0.09) (0.07) (0.10) (0.08)
p (main + interaction = 0) < 0.01 < 0.01 < 0.01 0.43 0.50 0.51 0.06 0.10 0.47 0.80 0.21 0.53
N (students) 2,270 2,271 2,267 1,880 1,881 1,879 2,270 2,271 2,267 1,863 1,864 1,862

Notes: This table shows the impact of the fellowship on students’ IRT-scaled math, science, and language test scores by baseline achievement, socio-economic status, sex, and caste.
Panels A-C report results from the endline, endline audit, and follow-up assessments, respectively. IRT-scaled scores are standardized to have mean zero and standard deviation one
in the control group. The p row tests whether the main fellowship effect plus its interaction with the indicated covariate equals zero. All specifications include randomization-strata
fixed effects and LASSO-selected baseline covariates. Standard errors clustered by school appear in parentheses. Significance levels: * 10%; ** 5%; *** 1%.
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Table A.9: Heterogeneous impact on IRT-scaled test scores by instructor characteristics (endline, endline audit, and follow-up)

1) (2 3) 4) (5) (6) (7 (8) 9)
Sex match Instructor score Fellow-teacher score gap
Math Science Language Math Science Language Math Science Language
A. Endline
Treatment 0.36%** 0.25%%* 0.16** 0.42%%* 0.27%%* 0.20%** 0.36%** 0.19%* 0.14%*
(0.06) (0.06) (0.06) (0.06) (0.08) (0.07) (0.06) (0.08) (0.06)
Covariate -0.02 0.08 0.07 0.06 0.08* -0.04 -0.01 -0.03 -0.02
(0.05) (0.07) (0.06) (0.04) (0.04) (0.08) (0.04) (0.04) (0.03)
Treatment X covariate -0.01 -0.01 0.00 -0.12%* -0.10 0.01 -0.02 0.03 -0.01
(0.08) (0.10) (0.09) (0.05) (0.06) (0.08) (0.04) (0.05) (0.03)
p (main + interaction = 0) 0.64 0.35 0.33 0.08 0.58 0.59 < 0.01 < 0.01 < 0.01
N (students) 2,113 2,109 2,060 2,358 2,351 2,286 2,242 2,235 2,167
B. Endline audit
Treatment 0.07 0.31%** 0.14 0.21%* 0.17 0.41%%*
(0.12) (0.09) (0.18) (0.09) (0.18) (0.10)
Covariate -0.04 0.16%* -0.12 -0.05 -0.04 0.07*
(0.14) (0.07) (0.08) (0.04) (0.07) (0.04)
Treatment X covariate 0.08 -0.07 0.06 0.07 -0.07 -0.13*
(0.17) (0.12) (0.15) (0.08) (0.09) (0.06)
p (main + interaction = 0) 0.72 0.31 0.60 0.75 0.34 < 0.01
N (students) 506 506 523 523 499 499
C. Follow-up
Treatment 0.41%** 0.10 0.07 0.42%** 0.07 0.03 0.35%** 0.14** 0.01
(0.07) (0.07) (0.06) (0.09) (0.07) (0.05) (0.07) (0.07) (0.05)
Covariate 0.04 0.06 0.04 0.08 -0.01 0.01 -0.03 0.03 0.02
(0.06) (0.07) (0.07) (0.05) (0.04) (0.03) (0.03) (0.03) (0.02)
Treatment X covariate 0.00 0.05 0.00 -0.09 0.03 0.00 -0.01 -0.05 0.00
(0.10) (0.09) (0.08) (0.08) (0.06) (0.04) (0.04) (0.04) (0.02)
p (main + interaction = 0) 0.57 0.12 0.52 0.78 0.61 0.67 < 0.01 0.08 0.73
N (students) 1,781 1,782 1,780 2,142 2,143 2,139 2,037 2,038 2,034

Notes: This table shows the impact of the fellowship on students’ IRT-scaled math, science, and language test scores by student-instructor sex match, instructor assessment score,
and fellow-teacher assessment-score gap. Panels A-C report endline, endline audit, and follow-up results, respectively. The score gap is the fellow’s score minus the teacher’s score,
collapsed to the school-shift level; its interaction should be interpreted descriptively. Scores are standardized to have mean zero and standard deviation one in their respective control
groups. The p row tests whether the main fellowship effect plus its interaction equals zero. All specifications include randomization-strata fixed effects and LASSO-selected baseline
covariates. Standard errors clustered by school appear in parentheses. Significance levels: * 10%; ** 5%; *** 1%.



Table A.10: Impact on student attitudes, mindsets, and aspirations (endline)

(1) (2) (3) N

Control  Treatment  Difference  (students)

A. Math and science

Enjoy learning math 0.93 0.93 0.00 2,231
[0.26] [0.25] (0.01)

Enjoy learning science 0.85 0.87 0.02 2,225
[0.36] [0.34] (0.03)

Wish they did not have math 0.56 0.62 0.06* 2,211
[0.50] [0.49] (0.03)

Wish they did not have science 0.56 0.62 0.05* 2,204
[0.50] [0.49] (0.03)

Feel nervous about math 0.40 0.41 0.01 2,197
[0.49] [0.49] (0.03)

Feel nervous about science 0.39 0.39 0.00 2,197
[0.49] [0.49] (0.03)

Find math useful for life 0.83 0.86 0.02 2,223
[0.37] [0.35] (0.02)

Find science useful for life 0.83 0.81 -0.01 2,228
[0.38] [0.39] (0.02)

Stop trying when math gets hard 0.67 0.64 -0.04 2,221
[0.47] [0.48] (0.03)

Stop trying when science gets hard 0.67 0.66 -0.02 2,218
[0.47] [0.48] (0.03)

Composite index (std.) 0.00 0.08 0.07 2,016
[1.00] [0.98] (0.07)

B. Intelligence

People cannot change their intelligence 0.54 0.52 -0.02 2,524
[0.50] [0.50] (0.03)

People have a fixed amount of intelligence 0.46 0.45 -0.01 2,524
[0.50] [0.50] (0.03)

Only some people are people 0.44 0.42 -0.01 2,524
[0.50] [0.49] (0.03)

Boys are more intelligent than girls 0.39 0.37 -0.02 2,524
[0.49] [0.48] (0.03)

Boys are better at math and science 0.37 0.36 -0.01 2,524
[0.48] [0.48] (0.03)

Composite index (std.) 0.00 -0.05 -0.05 2,524
[1.00] [1.02] (0.06)

C. Aspirations

Want to continue studying after high school 0.68 0.70 0.02 2,246
[0.47] [0.46] (0.02)

Want to study a STEM subject in high school 0.76 0.80 0.04 2,239
[0.43] [0.40] (0.03)

Want a STEM-related job 0.33 0.33 0.00 2,231
[0.47] [0.47] (0.03)

Composite index (std.) 0.00 0.04 0.04 2,216
[1.00] [0.98] (0.05)

Notes: This table compares students’ attitudes, mindsets, and aspirations in the control and treatment groups based on surveys
administered at endline about nine months after the rollout of the intervention (April 2018). It shows the means and standard
deviations for each group (columns 1-2) and tests for differences between groups including randomization-strata (i.e., grade)
fixed effects (column 3). Standard deviations appear in brackets, and standard errors (clustered by school) appear in
parentheses. The composite indexes are the first principal components of the variables in each panel, standardized with respect
to the control group. * significant at 10%; ** significant at 5%; *** significant at 1%.
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Table A.11: Heterogeneous impact on student beliefs by student and instructor characteristics (endline)

(1) ) 3) (4) (5) (6) (7 (8) 9) (10) (11) (12)
Female Baseline score SES index Scheduled caste/tribe
STEM Intelligence Aspirations STEM Intelligence Aspirations STEM Intelligence Aspirations STEM Intelligence Aspirations
A. Student characteristics
Treatment 0.07 -0.08 0.14%* 0.10 -0.10 0.09 0.09 -0.09 0.10%* 0.07 -0.17** 0.14%*
(0.10) (0.08) (0.08) (0.07) (0.07) (0.05) (0.07) (0.07) (0.05) (0.09) (0.07) (0.07)
Covariate 0.08 -0.47%%* 0.21%* 0.18%** -0.08%** 0.09%** -0.09 0.10%** 0.03 -0.02 -0.07 0.05
(0.09) (0.09) (0.09) (0.03) (0.02) (0.02) (0.06) (0.04) (0.04) (0.05) (0.05) (0.07)
Treatment X covariate 0.03 -0.02 -0.07 0.00 0.02 0.01 0.10* -0.12%* 0.00 0.04 0.11 -0.08
(0.12) (0.13) (0.10) (0.03) (0.04) (0.03) (0.05) (0.05) (0.05) (0.08) (0.09) (0.09)
p (main + interaction = 0) 0.21 < 0.01 0.03 < 0.01 0.08 < 0.01 0.81 0.64 0.51 0.73 0.56 0.62
N (students) 1,825 1,973 2,009 1,862 2,015 2,052 1,824 1,970 2,006 1,804 1,953 1,989
Sex match Instructor score Fellow-teacher score gap
STEM Intelligence Aspirations STEM Intelligence Aspirations STEM Intelligence Aspirations
B. Instructor characteristics
Treatment 0.17* -0.19%* 0.09 0.08 -0.12 0.07 0.03 -0.06 0.15%*
(0.10) (0.10) (0.09) (0.09) (0.11) (0.07) (0.11) (0.11) (0.07)
Covariate 0.09 -0.34%%* 0.05 0.06 -0.05 -0.02 0.02 0.02 0.02
(0.08) (0.11) (0.09) (0.05) (0.05) (0.05) (0.04) (0.04) (0.04)
Treatment X covariate -0.10 0.18 0.02 -0.03 0.07 0.01 0.04 -0.05 -0.09%*
(0.14) (0.14) (0.11) (0.06) (0.07) (0.07) (0.07) (0.06) (0.04)
p (main + interaction = 0) 0.88 0.15 0.18 0.45 0.78 0.71 0.17 0.58 0.08
N (students) 1,722 1,864 1,895 1,899 2,057 2,086 1,806 1,955 1,983

Notes: This table shows the impact of the fellowship on students’ STEM beliefs, intelligence beliefs, and aspirations by student and instructor characteristics. Panel A reports
heterogeneity by student sex, baseline achievement, socio-economic status, and caste. Panel B reports heterogeneity by student-instructor sex match, instructor assessment score, and
the fellow-teacher assessment-score gap. The outcomes were measured in surveys administered at endline. Indexes are standardized to have mean zero and standard deviation one in

the control group. The fellow-teacher score gap is collapsed to the school-shift level, so its interaction should be interpreted descriptively. The p row tests whether the main

fellowship effect plus its interaction with the indicated covariate equals zero. All specifications include randomization-strata fixed effects and LASSO-selected baseline covariates.
Standard errors clustered by school appear in parentheses. Significance levels: * 10%; ** 5%; *** 1%.



Table A.12: Impact on student attendance (unannounced visits, school registers, and endline)

1) (2) 3) N
Control Treatment Difference (students)

A. Unannounced visits

Share of students observed at school 0.79 0.79 0.00 2,442
[0.41] [0.41] (0.03)

B. School registers

Absent 0 days this week 0.55 0.54 -0.01 2,619
[0.50] [0.50] (0.03)

Absent 1-2 days this week 0.27 0.27 0.00 2,619
[0.45] [0.45] (0.02)

Absent 3-4 days this week 0.07 0.08 0.01 2,619
[0.26] [0.28] (0.01)

Absent 5+ days this week 0.10 0.10 0.00 2,619
[0.30] [0.30] (0.02)

C. Endline student survey

Tardiness

Late 0 days this week 0.40 0.39 -0.01 2,219
[0.49] [0.49] (0.03)

Late 1-2 days this week 0.30 0.34 0.04%* 2,219
[0.46] [0.47] (0.02)

Late 3-4 days this week 0.17 0.14 -0.03 2,219
[0.37] [0.35] (0.02)

Late 5+ days this week 0.14 0.14 0.00 2,219
[0.34] [0.34] (0.02)

Attendance

Absent 0 days this week 0.41 0.41 0.00 2,222
[0.49] [0.49] (0.03)

Absent 1-2 days this week 0.33 0.31 -0.03 2,222
[0.47] [0.46] (0.02)

Absent 3-4 days this week 0.13 0.15 0.02 2,222
[0.33] [0.36] (0.02)

Absent 5+ days this week 0.13 0.13 0.00 2,222
[0.34] [0.34] (0.02)

Notes: This table compares the attendance of students in the control and treatment groups based on various measures collected
during unannounced visits to schools about seven months after the rollout of the intervention (February 2018) and at endline
two months later (April 2018). It shows the means and standard deviations for each group (columns 1-2) and tests for differences
between groups including randomization-strata (i.e., grade) fixed effects (column 3). Standard deviations appear in brackets,
and standard errors (clustered by school) appear in parentheses. * significant at 10%; ** significant at 5%; *** significant at 1%.
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Table A.13: Impact on student demand for tuition (endline)

(1) (2) (3) N

Control Treatment Difference (students)

A. Subjects

In math 0.32 0.35 0.03 2,195
[0.47] [0.48] (0.03)

In science 0.26 0.29 0.03 2,173
[0.44] [0.45] (0.03)

In language 0.24 0.27 0.03 2,151
[0.43] [0.44] (0.03)

In English 0.32 0.35 0.03 2,196
[0.47] [0.48] (0.03)

B. Duration

Less than 2 hours per week 0.04 0.04 0.00 2,237
[0.19] [0.19] (0.01)

2-4 hours per week 0.10 0.10 0.00 2,237
[0.30] [0.30] (0.02)

4-6 hours per week 0.05 0.05 0.00 2,237
[0.22] [0.21] (0.01)

More than 6 hours per week 0.22 0.25 0.04* 2,237
[0.41] [0.43] (0.02)

Notes: This table compares students’ demand for private tuition in the control and treatment groups based on surveys
administered at endline about nine months after the rollout of the intervention (April 2018). It shows the means and standard
deviations for each group (columns 1-2) and tests for differences between groups including randomization-strata (i.e., grade)
fixed effects (column 3). Standard deviations appear in brackets, and standard errors (clustered by school) appear in
parentheses. * significant at 10%; ** significant at 5%; *** significant at 1%.
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Table A.14: Impact on item-response effort proxies (endline and follow-up)

(1) (2) 3)

Math Science Language
A. Endline
Share of items attempted 0.02* 0.01 0.01%*
(0.01) (0.01) (0.00)
Control mean 0.96 0.96 0.98
Last item attempted 0.00 0.00 0.00
(0.00) (0.00) (0.00)
Control mean 0.99 0.99 1.00
N (students) 2496 2489 2423
B. Follow-up
Share of items attempted 0.00 0.00 -0.01
(0.00) (0.00) (0.00)
Control mean 0.97 0.98 0.97
Last item attempted 0.00 0.00 0.00
(0.00) (0.00) (0.00)
Control mean 0.99 1.00 1.00
N (students) 2361 2363 2359

Notes: This table shows the impact of the intervention on three item-response effort proxies constructed from assessments
administered at endline, about nine months after the rollout of the intervention (April 2018), and at follow-up, about 11 months
after the rollout of the intervention (June 2018). The share of items attempted counts any response, including multiple
selections, as an attempt. The last item attempted is the position of the final attempted item divided by the number of items in
the assessment. The final measure is the share of the last five items attempted. Impact estimates come from regressions that
include randomization-strata (i.e., grade) fixed effects and LASSO-selected baseline covariates. Standard errors (clustered by
school) appear in parentheses. * significant at 10%; ** significant at 5%; *** significant at 1%.
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Table A.15: Tmpact on teacher workload, support, and self-efficacy (endline)

(1) 2) 3) N
Control Treatment Difference (instructors)

A. Workload and support constraints

Too many students in class 2.36 2.30 -0.06 91
[0.90] [1.07] (0.21)

Too much material to cover 2.83 2.66 -0.18 91
[1.24] [1.28] (0.25)

Too many teaching hours 2.45 2.23 -0.22 91
[0.86] [0.94] (0.19)

Needs more time to prepare 3.43 3.18 -0.25 91
[1.18] [1.30] (0.24)

Needs more time for individual help 3.79 3.64 -0.16 91
[1.12] [1.18] (0.22)

Too many administrative tasks 3.62 3.77 0.15 91
[1.24] [1.29] (0.27)

Lacks principal support 1.66 1.64 -0.03 91
[0.94] [0.84] (0.13)

Workload /support constraints index 0.00 -0.18 -0.19 91
[1.00] [1.10] (0.20)

B. Self-efficacy

Can motivate low-interest students 4.26 4.11 -0.14 91
[0.85] [1.13] (0.22)

Can use alternative strategies 4.36 4.14 -0.22 91
[0.90] [1.07] (0.23)

Can motivate students to do well 4.36 4.11 -0.25 91
[1.01] [1.22] (0.25)

Can help families support students 3.96 3.80 -0.16 91
[0.96] [1.32] (0.26)

Can give alternative explanations 4.47 4.14 -0.33 91
[0.88] [1.23] (0.25)

Self-efficacy index 0.00 -0.27 -0.27 91
[1.00] [1.29] (0.27)

Notes: This table compares teachers’ reports of workload, support, and self-efficacy in control and treatment classrooms,
measured in endline teacher surveys about nine months after the rollout of the intervention (April 2018). It shows the means
and standard deviations for each group (columns 1-2) and tests for differences between groups including randomization-strata
(i.e., grade) fixed effects (column 3). Higher values in panel A indicate more workload or support constraints; principal support
is reverse-coded. Higher values in panel B indicate greater self-efficacy. The indexes are averages of item-specific z-scores,
standardized with respect to the control group. Standard deviations appear in brackets, and standard errors (clustered by
school) appear in parentheses. * significant at 10%; ** significant at 5%; *** significant at 1%.
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Table A.16: Impact on allocation of time on task (announced observations)

(1) (2) (3) (4) (5)
Difference
between
Impact on teachers
Teachers teachers Fellows and fellows

Control ~ Treatment  Col. (2)-(1)  Treatment  Col. (4)-(1)

A. Share of lesson

Share of lesson time...

...reading aloud 0.05 0.00 -0.05%%* 0.01 -0.04**
[0.12] [0.00] (0.01) [0.04] (0.01)
...on explanation/lecture 0.34 0.02 -0.32%%+% 0.34 -0.01
[0.21] [0.06] (0.02) [0.19] (0.03)
...on interactive demo 0.04 0.00 -0.04%%* 0.01 -0.03%**
[0.07] [0.00] (0.01) [0.03] (0.01)
...on question and answers 0.18 0.00 -0.18%%* 0.15 -0.03
[0.15] [0.01] (0.02) [0.13] (0.02)
...on practice and drill 0.01 0.00 -0.01* 0.00 0.00
[0.03] [0.01] (0.00) [0.02] (0.01)
...on classwork 0.13 0.00 -0.13%%* 0.16 0.03
10.15] 10.01] (0.02) 10.12] (0.02)
...copying 0.03 0.00 -0.03%%* 0.06 0.03%*
[0.07] [0.00] (0.01) [0.08] (0.01)
N (instructors) 96 50 146 50 146

B. Time in lesson
Minutes of lesson time...

...reading aloud 1.47 0.00 -1.47HFF 1.71 0.25
13.67] 10.00] (0.40) 14.90] (0.77)
...on explanation/lecture 10.3 2.40 -7.88%** 40.4 30. 1%
16.23] [7.27] (1.21) [22.9] (3.19)
...on interactive demo 1.09 0.00 -1.09%** 0.98 -0.12
12.09] 10.00] (0.22) 13.32] (0.54)
...on question and answers 5.44 0.24 -5.20%** 184 12.9%%*
[4.59] [1.70] (0.51) [15.1] (2.01)
...on practice and drill 0.22 0.24 0.02 0.49 0.27
10.90] 11.70] (0.20) [2.40] (0.36)
...on classwork 3.88 0.24 -3.64%4* 18.9 15.0%**
[4.42] [1.70] (0.53) [14.1] (1.97)
...copying 0.97 0.00 -0.97** 6.86 5,89 **
[2.02] [0.00] (0.21) [9.17] (1.27)
N (instructors) 96 50 146 50 146

Notes: This table compares the allocation of time on task of teachers in the control and treatment groups and of fellows in the
treatment group, measured in announced observations about five months after the rollout of the intervention (December 2017).
All lessons taught by teachers lasted 30 minutes and all lessons taught by fellows lasted 120 minutes. Panel A displays results
expressed as a proportion of lesson time and Panel B shows results in terms of minutes per lesson. Standard deviations appear
in brackets and standard errors (clustered by school) appear in parentheses. * significant at 10%; ** significant at 5%; ***
significant at 1%.
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Table A.17: Tmpact on allocation of time on classroom management (announced observations)

(1) (2) (3) (4) (5)
Difference
between
Impact on teachers
Teachers teachers Fellows and fellows

Control ~ Treatment  Col. (2)-(1)  Treatment  Col. (4)-(1)

A. Share of lesson
Share of lesson time...

...on instructions 0.01 0.01 -0.01 0.04 0.03***
[0.04] [0.02] (0.01) [0.08] (0.01)
...on discipline 0.02 0.01 -0.01 0.02 0.00
[0.04] [0.04] (0.01) [0.05] (0.01)
...on class mgmt. w/students 0.06 0.01 -0.05%** 0.08 0.02*
10.08] 10.03] (0.01) [0.08] (0.01)
...on class mgmt. alone 0.06 0.18 0.13*** 0.02 -0.04%%*
[0.10] [0.25] (0.04) [0.05] (0.01)
N (instructors) 96 50 146 50 146

B. Time in lesson
Minutes of lesson time...

...on instructions 0.34 0.72 0.38 5.14 4.80%H*
[1.06] [2.88] (0.41) [9.17] (1.26)
...on discipline 0.44 1.20 0.76 1.96 1.52%
[1.15] [4.37] (0.60) 16.17] (0.87)
...on class mgmt. w/students 1.72 0.96 -0.76 9.80 8.09%**
12.53] [3.29] (0.58) 19.06] (1.31)
...on class mgmt. alone 1.66 22.1 20.4%%* 2.20 0.56
[2.98] [29.4] (3.93) [5.83] (0.85)
N (instructors) 96 50 146 50 146

Notes: This table compares the allocation of time on classroom management of teachers in the control and treatment groups
and of fellows in the treatment group, measured in announced observations about five months after the rollout of the
intervention (December 2017). All lessons taught by teachers lasted 30 minutes and all lessons taught by fellows lasted 120
minutes. Panel A displays results expressed as a proportion of class time and Panel B shows results in terms of minutes per
lesson. Standard deviations appear in brackets and standard errors (clustered by school) appear in parentheses. * significant at
10%; ** significant at 5%; *** significant at 1%.
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Table A.18: Impact on allocation of time off task (announced observations)

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

Difference
between
Impact on teachers
Teachers teachers Fellows and fellows

Control Treatment Col. (2)-(1) Treatment Col. (4)-(1)

A. Share of lesson
Share of lesson time...

...on social interaction w/students 0.01 0.00 -0.01 0.00 -0.01
[0.03] [0.01] (0.00) [0.01] (0.00)
...on social interaction w/adults 0.02 0.02 0.00 0.01 -0.01
[0.05] [0.04] (0.01) [0.02] (0.01)
...uninvolved 0.04 0.10 0.06* 0.02 -0.02
[0.09] [0.24] (0.03) [0.05] (0.01)
...out of room 0.02 0.57 0.55%*% 0.07 0.05%**
[0.09] [0.40] (0.05) [0.10] (0.02)
N (instructors) 96 50 146 50 146

B. Time in lesson
Minutes of lesson time...

...on social interaction w/students 0.22 0.24 0.02 0.25 0.03
[0.90] [1.70] (0.26) 1.71] (0.26)
...on social interaction w/adults 0.44 1.92 1.48%** 0.74 0.30
[1.38] [4.44] (0.66) [2.91] (0.42)
...uninvolved 1.13 12.2 11.1%%* 2.20 1.08
[2.83] [28.2] (3.93) [5.83] (0.93)
...out of the room 0.72 68.6 67.9%** 8.33 7.63%H*
[2.57] [47.4] (6.27) [12.3] (1.72)
N (instructors) 96 50 146 50 146

Notes: This table compares the allocation of time off task of teachers in the control and treatment groups and of fellows in the
treatment group, measured in announced observations about five months after the rollout of the intervention (December 2017).
All lessons taught by teachers lasted 30 minutes and all lessons taught by fellows lasted 120 minutes. Panel A displays results
expressed as a proportion of class time and Panel B shows results in terms of minutes per lesson. Standard deviations appear in
brackets and standard errors (clustered by school) appear in parentheses. * significant at 10%; ** significant at 5%; ***
significant at 1%.
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Table A.19: Impact on IRT-scaled test scores among high-scoring teachers (endline, endline

audit, follow-up)

(1)

(2)

3)

Math Science Language
A. Endline
Treatment 0.33%%* 0.20%%* 0.16%**
(0.04) (0.05) (0.05)
N (students) 2067 2060 2007
B. Endline audit
Treatment 0.13 0.24%**
(0.09) (0.07)
N (students) 456 456
C. Follow-up
Treatment 0.35%%* 0.13%* 0.05
(0.04) (0.05) (0.04)
N (students) 1882 1883 1879

Notes: This table shows the impact of the intervention on assessments of math, science, and language administered at endline
and endline “audit”, about nine months after the rollout of the intervention (April 2018), and at follow-up, about 11 months
after the rollout of the intervention (June 2018) among instructors whose overall IRT-scaled teacher-assessment scores fall
within the common support of fellows and control-group teachers. Student IRT-scaled scores are standardized to have mean
zero and standard deviation one in the control group. Impact estimates include randomization-strata fixed effects and
LASSO-selected baseline covariates. Standard errors (clustered by school) appear in parentheses. * significant at 10%; **

significant at 5%; ***

significant at 1%.
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Table A.20: Impact on class materials (announced observations)

1) ) 3) N
Control Treatment Col. (2)-(1) (instructors)

Class has blackboard 0.98 1.00 0.02 150
[0.14] [0.00] (0.02)

Class has whiteboard 0.02 0.00 -0.02 150
[0.14] [0.00] (0.02)

Class has chalk/markers 0.98 1.00 0.02 150
[0.14] [0.00] (0.02)

Class has textbook for teachers 0.82 0.30 -0.52%%* 150
[0.39] [0.46] (0.08)

Class has textbook for students 0.72 0.26 -0.46%+* 150
[0.45] [0.44] (0.10)

Class has laptop 0.06 0.04 -0.02 150
[0.24] [0.20] (0.05)

Class has digital whiteboard 0.04 0.04 0.00 150
[0.20] [0.20] (0.00)

Class has LCD projector 0.08 0.06 -0.02 150
[0.27] [0.24] (0.04)

Class has TV 0.16 0.06 -0.10 150
[0.37] [0.24] (0.07)

Class has science/math equipment 0.30 0.16 -0.14%* 150
[0.46] [0.37] (0.08)

Class has maps 0.24 0.12 -0.12 150
[0.43] [0.33] (0.08)

Class has charts/poster 0.76 0.78 0.02 150
[0.43] [0.42] (0.08)

Class has toys/games 0.08 0.04 -0.04 150
[0.27] [0.20] (0.04)

Composite index (std.) 0.00 -0.13 -0.13 150
[1.00] [0.71] (0.10)

Notes: This table compares the availability of materials in control and treatment classes, based on announced observations
about five months after the rollout of the intervention (December 2017). Standard deviations appear in brackets, and standard
errors (clustered by school) appear in parentheses. * significant at 10%; ** significant at 5%; *** significant at 1%.
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