Improving Math and Science Skills in Contexts of Low
Teacher Capacity: Experimental Evidence from Indiaff

Alejandro J. Ganimianr [saac M. MbitiF Abhilash Mishra{F
New York University University of Virgina Equitech Futures

August 17, 2023

Abstract

We present experimental evidence on a program in India that recruited college students
(“fellows”) in math and science fields to teach in primary schools for a year. Fellows
were younger, less educated, and less experienced than teachers, but they outperformed
them by 1.40 on a test of content knowledge and pedagogy. They received a brief
training, lesson scripts, and instructional coaches. During unannounced visits, fellows
were no more likely to go to work or arrive early than control teachers. Yet, during
announced observations, they fared 0.730 better on an index of positive instructional
practices. After a year, their students scored 0.34¢ higher in math, 0.22¢ in science, and
0.150 in language than those taught by regular teachers. By the start of the next year,
they still scored 0.360, 0.140, and 0.08¢ higher in these subjects, respectively. They
did not, however, differ on attitudes towards math and science, intelligence and math
mindsets, or aspirations to pursue related careers. Evidence of compensatory behavior
(more resources) in control classes suggests our estimates may understate true effects.
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1 Introduction

There is a growing evidence base suggesting that individuals who develop math and science
skills are more likely to be employed and earn higher wages once they enter the labor market.
In the United States, a standard deviation (SD) in math test scores at the end of secondary
school is associated with 12% higher earnings during adulthood (Mulligan, [1999; Lazear, 2003)).
A third to a half of those gains are explained by higher achievement (Murnane et al., 2000))[]

The returns to such skills may be even larger in low- and middle-income countries (LMICs).
For example, in India, studying math and science in secondary school is related to more years

of education, completing a professional degree, returns to entrepreneurship, working in the

public sector, and 22% greater earnings than either business or humanities (Jain et al., 2022) P

Math and science scores on international assessments predict earnings (Hanushek and Zhang,
2009; Hanushek et al., 2017) and economic growth (Lee and Lee, 1995; Hanushek and Kimko,
2000; Barrol, 2001} Woessmann, 2003} |Jamison et al., 2007; Hanushek and Woessmann), 2008]).

Despite their importance, teacher capacity in these subjects is low in much of the world.

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, 2014)).

Future teachers in top-performing school systems like South Korea scored a fourth of an SD
above all other participating countries on a math test (Schmidt et al., 2007} Tatto et al.,2012).

Gaps in teachers’ content and pedagogical knowledge are even more pronounced in LMICs.

For example, a study in Sub-Saharan Africa found two thirds of math teachers could not solve

an algebra problem and nine in ten could not prepare a lesson using a text (Bold et al., 2017)).

These gaps in teacher preparation matter. In Peru, each SD on a test of teachers’ content

knowledge increased student achievement by about 0.1 SDs (Metzler and Woessmann|, 2012)) F]

We conducted a randomized evaluation of an intervention designed to address this problem.
It recruits college students (“fellows”) in math and science fields to teach alongside existing
teachers for a year and offers them pedagogical support while they earn a teaching certificate.
We evaluated this intervention in the city of Pune, the second-largest in Maharashtra, India.
We randomly assigned 48 public and Vidya Niketan (ViNi) primary schools (which are also
publicly funded and managed, but have more autonomy on school-management decisions)
to receive the intervention in grade 5 or grade 6. The 26 grade 5 and 25 grade 6 classes
that received the intervention made up the treatment group and the rest served as controlsEl

Fellows were selected using content-knowledge tests, demonstration lessons, and interviews.

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); Moll (1998)); 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.

4This 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 greater detail in section @
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They received a brief training, scripts for every lesson, and support from instructional coaches.
They taught math and science six hours per week while attending afternoon/evening lessons
to earn their teaching certificate. They received a small stipend of about USD 4 per lesson.
We report six main sets of results. First, we document how fellows differed from teachers in
the schools where they were placed to explain how they shifted the composition of instructors.E]
They were less likely to be female (63% v. 76%) and nearly half their age (21 v. 42 years old).
They were also less likely to have a bachelor’s degree (35% v. 84%) and had less teaching
experience (1.2 v. 18 years). Yet, due to frequent transfers across schools, regular teachers on
average only had about 2 years teaching math or science at their school, so the intervention
did not sharply reduce the teaching experience of the average instructor in these subjects.
Further, fellows scored 1.4 SDs above regular teachers in a written assessment of math and
science knowledge, instructional practices, and understanding of students’ misconceptions.
Second, the intervention increased students’ opportunity to interact with their instructors.
Control teachers already went to work frequently: 84% were found during unannounced visits,
compared to 72% of fellows, and the difference between them was not statistically significant.
Control teachers were also more likely than fellows to arrive on time (74% v. 44%, p < 0.01).
Conditional on attending, however, fellows were far more likely than control teachers to be
found in their classroom (56% v. 4.8%, p < 0.01), as opposed to somewhere else in the school.
Third, the intervention did not increase the share of lesson time devoted to instruction.
Control teachers already spent 78% of such time “on task” during announced observations,
compared to 75% for fellows, and the difference between them was not statistically significant.
The introduction of fellows led treatment teachers to spend far less time teaching (70 pp. less
than their control peers, p < 0.01) and more on class management (21% of time; 6.9 pp. more
than controls, p < 0.1) and being “off task” (69% of time, 61 pp. above controls, p < 0.01).
Thus, we interpret the effects that follow as what happens when we replace existing instructors
with less trained and experienced ones with more subject-matter knowledge and scaffolding.
Fourth, fellows differed considerably from teachers in control classes in how they taught.
During announced observations, they were much more likely than control teachers to ask both
closed and open questions (16 pp., p < 0.05), ask students to explain their answers (29 pp.,
p < 0.01), allow them to ask questions (20 pp., p < 0.05), assign them homework (16 pp.,
p < 0.1), and praise or encourage them (20 pp., p < 0.01). In fact, fellows performed 0.73 SDs
(p < 0.01) above control teachers on a composite index of these and other positive practices.
Fifth, the intervention had moderate-to-large positive impacts on student achievement.
After accounting for baseline test scores, treatment students outperformed their control peers
by 0.34 SDs in math and 0.22 SDs in science (p < 0.01 for both). Even if fellows only taught

5Throughout this paper, we use the term “teacher” to refer to regular teachers in public and charter schools,
the term “fellows” to refer to individuals participating in the intervention that we evaluate, and “instructors”
as the overarching term that includes both of these groups.



these subjects, they also increased student achievement in language by 0.15 SDs (p < 0.01).@
During the study, we found that some items from the baseline test were used to coach students,
but we present evidence that test-score impacts cannot be explained solely by such coaching.
Treatment students still outperformed their control peers on items first introduced at endline[’]
They also fared better on contemporaneous tests drawing from a different source of items,
although the material in these tests may have been better aligned with instruction in science.ﬁ
Further, they outperformed control counterparts at the start of the next school year by 0.36
SDs in math (p < 0.01), 0.14 SDs in science, and 0.08 SDs in language (p < 0.05 for both).
Both the end-of-year and next-year gains in student achievement were broad-based, with the
treatment distributions stochastically dominating the control distributions for both rounds/]

Lastly, despite these gains, the intervention did not change students’ attitudes towards
math and science, intelligence and math mindsets, or aspirations to pursue related careersm
The null effects on these indicators suggest that the intervention did not raise achievement by
boosting students’ motivation or their perceived payoff from exerting effort in these subjects.

We also present three sets of robustness checks. We first show that the intervention did not
increase students’ attendance to school, ruling out the possibility that it improved achievement
by motivating students to go to school more regularly. We then show that it did not increase
students’ propensity to attend private tuition in math and science or time spent on tuition,
ruling out students seeking outside help on these subjects as a primary mechanism of impact.
We also find that control classes were more likely to have learning and teaching materials
than treatment classes, suggesting that principals may have tried to compensate the former.
If correct, our estimates would actually understate the true impact of the intervention.

Our first contribution is to global evidence on what teachers know and are able to do.
Internationally comparable data have traditionally tracked teachers’ education and experience
(OECD, 2022; UNESCO, 2022; World Bank, 2023)), but such metrics do a poor job predicting
teaching effectiveness (Rockoff] [2004; Rivkin et al.; 2005} |Kane et al., 2008} Kane and Staiger,
2008; Rockoff et al., 2011; |Kane and Staiger, [2012; Kane et al., 2013} |Araujo et al., [2016).
Studies in LMICs have drawn attention to the high teacher absence rates in these settings
(Kremer et al., 2005; Chaudhury et al., [2006; Muralidharan et al. 2017), and more recently, to

6Scaling results to account for differences in item characteristics yielded nearly identical results. Impacts
are equivalent to 6.7 pp. in math, 3.8 pp. in science, and 3.5 pp. in language in percentage-correct scores.

7 After accounting for baseline, treatment students outperformed controls in non-repeated items by 4.1 pp.
in math (p < 0.01), 1.7 pp. in science (p < 0.05), and 3.4 pp. in language (p < 0.01).

8 After accounting for baseline, treatment students outperformed control peers by 0.09 SDs in math (not
significant) and 0.40 SDs in science (p < 0.01).

9We found no heterogeneous effects by students’ sex or caste. We found higher impacts for students with
higher socio-economic status, but they mostly become statistically insignificant once we account for baseline.

10Most students enjoyed studying these subjects, but expressed some performance anxiety. About half
believed intelligence and math skills cannot be developed, and almost as many thought boys were smarter and
better at math than girls. Three-fourths wanted to study math or science in high school, more than two-thirds
wanted to continue studying after high school, and a third aspired to a job involving math or science.
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how lesson time is allocated (Abadzi, 2009; Bruns and Luque, 2014; Stallings et al., 2014)). Yet,
we still have a relatively narrow understanding of teachers’ competence in these contextsfj]
Our study presents a rare comprehensive account of teachers’ work in a developing setting,
drawing on surveys to describe their background and credentials, assessments to measure their
content and pedagogical knowledge, surprise school visits to track their attendance, and class
observations to monitor time allocation and identify the prevalence of instructional practicesF_Z]
Grounded in this understanding, we also advance causal research on how to improve math
and science instruction in contexts of low teacher capacity. Prior work largely takes gaps in
the preparation of the current stock of teachers as given and focuses on mitigating its effects,
automating parts of their work—e.g., using pre-recorded lessons (Naslund-Hadley et al., 2014
and lesson segments (Beg et al| 2022; de Barros, |2022)—or asking students to learn on their
own—e.g., with inquiry-based (Beuermann et al., 2013 [Bando et al., [2019) and peer-to-peer
learning (Wachanga and Mwangi, [2004; |Ajaja and Eravwoke| 2010; Berlinski and Busso, [2017)).
Our study shows that it is possible to raise the capacity of the teaching labor force by recruiting
individuals with subject-matter expertise and providing them with pedagogical supportF_S]
Finally, and relatedly, we contribute to the literature on scripted lessons in LMICs.
Previous studies have shown that, in contexts of extremely low teacher capacity (e.g., little or
no post-secondary education), scripts that tell teachers what to do at each stage of a lesson
can ensure a minimum “floor” of instructional quality (Piper and Kordal 2010; Tilson et al.,
2013; Piper et al., 2018; |Albornoz et al., 2020; Romero et al., [2020; |Gray-Lobe et al., [2022).
In 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).
Our study illustrates how such scripts can also be provide scaffolding to instructors who have
high levels of subject-matter expertise but low levels of pedagogical training and experience.
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.
The rest of the paper is structured as follows. Section |2/ describes the context, intervention,
sampling, and randomization. Section [3| presents the data. Section [ discusses the empirical

strategy. Section[5|reports the results. Section [6]discusses implications for policy and research.

HTnternational surveys of teachers (e.g., the International Evaluation Association’s Teacher Education
and Development Study in Mathematics [TEDS-M] or the Organization for Economic Cooperation and
Development’s Teaching and Learning International Survey [TALIS]) offer rich descriptions of teachers’ work,
but only a handful of LMICs have ever participated in them (Tatto et alJ, 2012; |(OECD| [2019).

12For similar work, see Bhattacharjea et al.| (2011)); Bold et al. (2017)); World Bank! (2017).

13To our knowledge, there is only one other study on a similar approach in a LMIC, but it is not causal
(it uses propensity-score matching), it was conducted in a country subsequently categorized as high income
(Chile), and it evaluates an initiative that does not intend to keep recruits in teaching (Alfonso et al., 2010).



2 Experiment

2.1 Context

We conducted our study in the city of Pune, the second-largest city in the Indian state of
Maharashtra (after its capital city, Mumbai). According to the latest census of India (in 2011),
there are 9.4 million people in Pune (NIEPA| 2017)), rendering its population size comparable
to that of countries such as Belarus, Honduras, and the United Arab Emirates (UN} [2019).
Its school system is run by the Pune School Board (Shikshan Mandal or PSB) under the Pune
Municipal Corporation (PMC). On the latest school year with available data, there were 3,473
primary-only schools (grades 1-5) and 1,941 additional primary schools with upper primary
(grades 6-8), with 834,354 students enrolled in both types of primary schools (NIEPA] 2017)).
For reference, if Pune 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)).

Nearly all primary-school aged children in Pune are enrolled in school: the gross enrollment
rates are 110% in primary and 109% in upper primaryfz] 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, respectively[’] 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: 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 lack basic math and science skills. According to
a nationally representative student assessment administered by the central government, only
30% of fifth-graders in Pune could use arithmetic for daily situations, 38% could identify
equivalent fractions, and 34% could estimate a volume. Results for science 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)).

4The gross enrollment rate indicates the number of children enrolled at a given education level irrespective
of age, divided by the number of children of age to attend this level and multiplied by 100. Gross enrollment
rates often exceed 100% because the denominator includes both younger and older children. The net enrollment
rate (the number of children enrolled at a given level who are of age to attend such level, divided by the total
number of children of age for that level) is only reported for upper primary and it is 91% (NIEPA| 2017)).

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



2.2 Sample

We selected 48 public and Vidya Niketan primary schools for this study/[" We started with
all 286 PSB-run primary schools. We excluded 118 schools away from the city center (because
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)m 59 schools where the PSB or other non-profits were conducting other programs
(because we wanted to estimate of 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 [
This randomization strategy, pioneered by Banerjee et al.| (2007)), seeks to minimize the risk
of differential attrition (i.e., schools without any intervention dropping 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 lotteries—one per preference
set (e.g., one lottery for neighborhood 1, morning shift, English medium schools).

Table [1| 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%),

16These schools are publicly funded and managed like regular public schools, but they have more autonomy
over school-management decisions.

"Note, however, that Urdu-medium schools account for about 1% of primary-only schools and 3% of schools
with upper primary in Pune (NIEPA| |2017).

18Two 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).



suggesting that the schools where SEI places its fellows serve relatively low-income families.
Yet, two in three of these students attends tuition in math and one in four does so in science[!”]

We find no systematic differences in the characteristics or achievement of students across
experimental groups. By chance, treatment students had lower achievement in math (p < 0.1),

so we estimate the effect of the program with and without accounting for baseline achievement.

2.4 Intervention

The intervention we evaluated was the Science Education Initiative’s Fellowship Program[*Y]
SEI is a Pune-based non-profit organization dedicated to improving math and science learning
and the fellowship was its flagship program. Since 2014, it has placed 200 fellows in 110 classes.
It recruits college students (“fellows”) majoring in science, technology, engineering, and math
(STEM) to teach math and science in schools serving disadvantaged students for one year.@

Fellows are selected through a competitive four-stage process. In stage 1, they take a test
of content knowledge based on the math and science curricula for grades 5 to 10 In stage 2,
they deliver a brief (5- to 7-minute) demonstration lesson on a topic of their choice. In stage
3, they participate in an interview to assess their scientific aptitude, leadership qualities, and
motivation to teach. In stage 4, they deliver a longer (15- to 20-minute) demonstration lesson
on a topic chosen by SEI. Those who succeed in all four stages are provisionally selected, but
their appointment as fellows is not finalized until they complete pre-service trainingF_gl

All admits complete a three-week pre-service training. This training focuses on pedagogy,
classroom management, and math and science knowledge. Once they start teaching, fellows
also complete a bachelor’s degree in education (paid for by SEI) at a partner teacher-training
college, so all fellows become certified teachers by the end of their one-year appointment.

SEI fellows differ from PMC teachers in both their expected workload and remuneration.
PMC teachers teach either math or science during 30-minute lessons and they may teach two
or more lessons of the same subject on the same day. At the time of the study, the median
stipend for a fellow was INR 50,000 (USD 601) per month. SEI fellows teach math and science
during 120-minute lessons to minimize the number of times per week they travel to the school.
They are expected to teach three lessons per week for one year and they receive a stipend of
INR 250 per lesson or INR 3,000 (USD 47) per month.

SEI fellows also differ from PMC teachers in their background (Table . First, they are
less likely to be female (63% v. 76%) and, on average, nearly half their age (21 v. 42 years old).

9Private tuition is common in urban India, even among low-income families (Berry and Mukherjee, 2019).

20 After our study, SEI changed its name to Science for All

21SEI also has a fellowship for college graduates, which we did not evaluate in the present study.

22These curricula are jointly determined by the National Council of Educational Research and Training
(NCERT) and the Board of Education of Maharashtra.

23There are no language requirements, but applicants proficient in Marathi are prioritized, given that most
primary schools in Pune are Marathi-medium schools.



Second, they have fewer years of education. Only one in three fellows has a bachelor’s degree
(most are still pursuing their first university degree), compared to 84% of teachers. Third,
fellows are less experienced. They only complete one year of teaching, whereas the average
teacher had accrued 18 years of teaching experience, five of which were at their current school,
and two of which focused on math or science. Lastly, fellows outperform teachers by 14 pp. on
a test that we developed (described in section |3)) and their scores vary less (see Figure in
appendix . In fact, they fare better in all domains of the test, including content knowledge
(by 10 pp.), instructional practices (by 20 pp.), and student misconceptions (by 17 pp.)
Fellows were expected to teach using lesson scripts, which specified in considerable detail
the topics to be taught on each day, the teaching and learning materials to be used, the words
to be written in the blackboard, the activities to complete, and the questions to ask students.
During announced classroom observations, we tracked whether fellows followed the scripts.
The vast majority of fellows adhered to recommendations on what to write on the board and
ask students, but only half used the suggested materials and activities, and a fifth to a third
deviated in some way (making additions, changes, or exclusions; see Table in appendix [A)).
In general, fellows who scored above the median in the test of content knowledge, instructional
practices, and understanding of students’ misconceptions were more likely to follow the scripts.
The total cost of running the fellowship in 2017-2018 was INR. 3,662,000 (USD 56,867). It
accounted for almost half of SEI's budget for that year Y] With 60 fellows and 1,920 students
that year, it cost INR 61,033 (USD 948) per fellow and INR 1,907 (USD 30) per studentE]

3 Data

As Table |3 shows, we conducted four rounds of data collection, including: (a) student surveys
and assessments at baseline (to check the comparability of experimental groups, increase
the precision of our estimates, and test for heterogeneous effects); (b) unannounced school
visits (to estimate the impact of the intervention on instructor attendance and punctuality)
and announced classroom observations (to estimate effects on lesson-time allocation and
pedagogical practices) during the school year; (c) student surveys and assessments (to
estimate impacts on achievement, attitudes, mindsets, and aspirations) and instructor surveys
and assessments (to compare PMC teachers with SEI fellows) at endline; and (d) student

assessments at follow-up (to check whether impacts on achievement persisted over time).

24The other half was spent on organization building (29%), the graduate fellowship (12%), training (8.5%),
research and innovation (2.6%), and technology (1.2%).
250f those 60 fellows, only 48 are part of the present study.



3.1 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).

3.2 Student assessments

We administered student assessments of math and science (the two subjects targeted by the
intervention) and language (to test for spillover effects) at baseline, endline, and follow-up.
All assessments evaluated what students know and are able to do based on global standards [*9]
Each test had 30 multiple-choice items.m We included items from a wide range of difficulty
levels to reduce the possibility of “floor” and “ceiling” effects (i.e., students answering no or all
questions correctly, respectively)@ We present the results in three ways: percentage-correct
scores (i.e., the percentage of items answered correctly), standardized scores (at baseline, with
respect to the overall distribution; at endline and follow-up, with respect to the control group),
and Item-Response Theory (IRT) scores to account for differences in students’ ability and item
characteristics (i.e., difficulty and differentiation between students of similar ability).lﬂ
Right before the endline, we noticed that SEI’s instructional coaches had used items from
the baseline assessments in practice tests. We had asked the organization not to read or keep
assessments, but internal miscommunication resulted in coaches making copies of the tests.
This was problematic because it raised the possibility that any effects observed at endline may
be solely due to coaching on repeated items (which are needed to link results across rounds).
We test for this possibility in three ways. First, we estimate endline effects separately for
repeated items (which were first administered at baseline and were thus subject to coaching)
and non-repeated items (which were introduced at endline and thus not subject to coaching).
Then, we estimate endline effects on “audit” assessments of math and science, which drew on
different items from a concurrent evaluation (Gray-Lobe et al., 2022), to a subset of students.
Lastly, we also estimate effects on follow-up assessments of math, science, and language at

the start of the next school year to all students in our sample.

26The math and science tests were based on the 2019 Trends in International Math and Science Study
assessment framework ([EA| [2017). The math test covered three content domains (numbers, geometry and
measurement, and data display) and three cognitive domains (knowing, applying, and reasoning). The science
test covered three content domains (life, physical, and earth science) and the same cognitive domains as the
math test. The language test was based on the 2016 Program for International Reading Study framework
(IEA}2015). It covered three content domains (vocabulary, grammar, and reading) and three cognitive domains
(retrieving explicit information, making inferences, and interpreting and integrating ideas and information).

27 At baseline and follow-up, we created two versions of each assessment to prevent cheating.

28We used items from international assessments, domestic assessments, and impact evaluations in India.
Figures @ and @ shows the distributions of proportion-correct and IRT-scaled scores, respectively.

29We used a two-parameter logistic IRT model (Yen and Fitzpatrick, 2006).
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3.3 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 SEI fellows to PMC
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@

3.4 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 SEI fellows to PMC
teachers in 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.

3.5 Imnstructor surveys

We administered a survey of instructors at endline to compare SEI fellows to PMC teachers on
background characteristics (e.g., sex, education, training, and experience) to understand how

the intervention had changed the composition of instructors to which students were exposed.

3.6 Instructor assessments

We administered instructor assessments at endline to compare SEI fellows to PMC teachers
on content knowledge, instructional practices, and understanding of students’ misconceptions.
The test had 36 multiple-choice items.@ The 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.

30We supplemented these measures with survey-based measures from endline.

31We adapted a classroom-observation protocol that has been widely used in LMICs, including India
(Stallings, |1977; |Bruns and Luque, |2014; Sankar and Lindenl 2014 [Stallings et al., [2014; |World Bank] 2017]).

%“We drew on items from international assessments, domestic assessments, and previous assessments of
teacher knowledge and skills conducted by domestic organizations (e.g., Pratham, Educational Initiatives)
and international organizations (e.g., Educational Testing Service, Bridge International Academies).
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4 Empirical strategy

We estimate the intent-to-treat effect of the offer of the intervention by fitting the model:
Y;Zs = Qp(g) T Y;tg?O’Y + T;B + €igs (1)

where Y

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

follow-up (¢ = 2); Y;.5? is a measure of that outcome at baseline (when available); r(g) is the
randomization stratum of grade g and a,(4) is the corresponding stratum fixed effect; 7}, is an
indicator variable for random assignment to the intervention; and ¢;, is an error term. 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. We use 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 Instructor attendance and punctuality

Previous research has found that teachers in India are often absent to school (see, e.g., [ Kremer
et al., 2005; [Muralidharan et al., 2017). Yet, most of these studies focused on public-school
(rather than charter-school) teachers in rural (rather than in urban) areas. Therefore, while
we believed that the SEI fellowship could increase students’ exposure to instructors, we did
not know what business-as-usual absence and punctuality rates would be in our context.

We found that SEI fellows were no more likely than PMC teachers in control classes to go
to work or arrive on time—partly, because the latter were already doing so at fairly high rates.
As Table 4| shows, 84% of control teachers were present during unannounced visits, compared
to 72% of fellows, and this difference was not statistically significant. In fact, fellows were 30
pp. less likely to arrive on time than control teachers (p < 0.01; panel A, cols. 1, 4, and 5).

Prior research also suggested that the introduction of fellows could affect the attendance
and punctuality of treatment teachers, but the direction of the expected effect was not clear.
On the one hand, teachers hired on a contract basis have previously led to reductions in the
attendance and punctuality of civil-service teachers (Muralidharan and Sundararaman, [2013;
Duflo et al. 2015). Yet, both the fellows and charter-school teachers in our context differ
considerably from the contract and public-school teachers in those studies. On the other

hand, the hiring of extra workers in pre-school centers in India increased the attendance and
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punctuality of main workers (Ganimian et al., 2023)). Yet, the main workers in this particular
context had to open the centers for the extra workers. It was not clear that any of these
studies shed light on what would happen in our setting.

We found that the introduction of fellows did not increase the attendance or punctuality of
teachers in treatment classes. Treatment teachers were slightly more likely than their control
counterparts to be present (88% v. 84%) and less likely to arrive on time (71% v. 74%) during
the unannounced visits, but neither difference was statistically significant (cols. 1-3).

If we had only measured attendance and punctuality, as most prior studies have done, we
would have concluded that the intervention had no effect on students’ exposure to instructors.
Fortunately, however, we also tracked where fellows and teachers were during each school visit.
We found that, conditional on being at school, fellows were far more likely to be in their class.
Only 4.8% of control teachers were in their classroom, compared to 56% of fellows, a difference
of almost 51 pp. (p < 0.01; panel B, cols 1, 4, and 5). Fellows did not impact the likelihood of
treatment teachers of being in their classroom, which was nearly identical (4.7%; cols. 2-3).

In short, the intervention seems to have increased students’ opportunities to interact with
their instructors not by reducing instructor absence and tardiness, but rather by increasing

the probability that the instructor would be in the classroom when they are at school.

5.2 Instructor lesson-time allocation

Several studies in India, across pre-primary, primary, and secondary education, have found
that when teachers are at school, they devote most of their lesson time to instruction (instead
of managing student behavior or other tasks; see Bhattacharjea et all 2011; [Sankar and
Linden| 2014; World Bankl [2018; Ganimian et al., [2023). Thus, it seemed unlikely that the
intervention would increase the share of instructional time.

We found that SEI fellows did not devote a larger proportion of their lessons to instruction
than PMC teachers—Ilargely, because the latter were already teaching for most of their lessons.
As Table 5| shows, the average control teacher devoted 78% of their lesson to instruction during
announced classroom observations, compared to 75% for the average fellow, and the difference
between these groups was not statistically significant (panel A, cols. 1, 4, and 5)@

As mentioned in section [5.1} contract teachers have been found to reduce the effort of
regular teachers (Muralidharan and Sundararaman) 2013; Duflo et al., 2015)). Therefore, even
if treatment teachers did not increase their absence or tardiness as a result of the intervention,
we were interested in whether they could reduce their effort in other ways. To explore this

possibility, we tracked how treatment teachers allocated their time while fellows were teaching.

33 As discussed in section while PMC teachers teach either math or science in 30-minute lessons, SEI
fellows teach both math and science combined in 120-minute lessons. Therefore, while we compare these
groups focusing on the proportion of lesson time devoted to each type of activity, we also report the number
of minutes devoted to each category in panel B of Table
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These teachers were supposed to remain in the classroom during these lessons and to leverage
their education, training, and experience to support their junior peers.

We found that treatment teachers rarely engaged with the fellows while they were teaching.
The typical teacher in this group spent 8% of a fellow’s lesson teaching, 21% managing the
class, and 69% being off task—61 pp. more than the typical control peer (p < 0.01; cols. 1-3).

As discussed in section [2.4] fellows were expected to use scripts that specified what and
how they are supposed to teach each lesson and the vast majority of fellows adhered to them.
Therefore, we examined whether they allocated their lesson time differently from teachers.

We found that fellows allocated their lesson time similarly to teachers in control classes.
Control teachers spent most of their lesson time lecturing and explaining (34%), asking and
answering questions (18%), and assigning students classwork (13%; Table in appendix [A).
The corresponding figures for fellows were nearly identical (34%, 15%, and 16%, respectively).
In fact, fellows also resembled teachers in their use of class management and off task time
(Tables , suggesting that time allocation was not a primary mechanism of impact.

5.3 Instructor pedagogical practices

In recent years, several initiatives have adapted classroom-observation protocols originally
developed for high-income countries to fit the realities of low- and middle-income contexts
(see, e.g., Bruns and Luque, 2014; Stallings et al., 2014; De Gregorio et al., 2016; [Wolf
et al. 2018; Molina et al., |2020). Despite these valuable efforts, we still know relatively
little about the efficacy of specific pedagogical practices in these settings. We believed that
the intervention could potentially reduce the frequency of negative practices (e.g., shouting
at or hitting students) and/or increase the frequency of positive practices (e.g., praising or
encouraging students), so we measured both types of practices (see section lf]

We found that the intervention did not reduce the frequency of negative teaching practices
—largely, because these practices were quite rare. As Table [6] shows, in control classes, only
19% of teachers taught from the same spot and 5% or fewer remained sitting down, used their
phone, got upset at incorrect answers, or was aggressive towards students (panel A, col. 1).
Fellows were 13 pp. less likely than control teachers to teach from the same spot (p < 0.05),
but they were also 12 pp. more likely to get upset at incorrect answers (p < 0.1), and they did
not differ statistically significantly on a composite index of all negative practices (cols. 4-5).
Fellows did not reduce treatment teachers’ engagement in these practices either (cols. 2-3).

Instead, fellows engaged more frequently in positive practices that were already happening.
Many control teachers used closed- and open-ended questions (63%), asked students to explain

their answers (47%), corrected wrong answers (72%), allowed students to ask questions (39%),

34 As discussed in section we only collected these data for teachers in control classes and fellows in
treatment classrooms (i.e., not teachers in treatment classes), so our discussion here focuses on those groups.
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provided individual help (68%), assigned homework (48%), and praised or encouraged students
(76%; panel B, col. 1). Fellows were even more prone to pursue these practices. In fact, they

scored 0.73 SDs higher on a composite index of all positive practices (p < 0.01; cols. 4-5).

5.4 Student achievement

Given the intervention’s focu