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A P S Affordable Private Schools
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B ottt e Block Education Officer
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) 5 Education Leader
HT oo Head Teacher (school principal)
15 4 N In-school Innovation Team
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LA T E oo e e Local Average Treatment Effect
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P Program Manager
O i Ordinary Least
Square
RE Randomized Evaluation (sometimes called randomized control
trials)
SIEF o Strategic (formerly Spanish) Impact Evaluation Fund
T I 1 2 P Schools and Teachers Innovating for Results
O oot Theory (or model) of change

U P, o Uttar Pradesh, a state in northern India



Appendix Al: Detailed theory of change and program description

In this section, we narratively walk through STIR’s programmatic design and underlying theory
of change to familiarize the reader with the contents of the STIR’s programming, as evaluated by
IDinsight from April 2015 to August 2017. The theory-of-change narrative that follows builds on
STIR’s documentation as well as IDinsight’s understanding of the program, built through
discussions and workshops with STIR (STIR Education 2015).

This narrative follows the order of — and is supplemented by — the following detailed diagram;
in Table A6, we provide additional detail about the illustrated links and assumptions. Our goal in
Table 5 is to allow the reader to focus in on particular links (numbered arrows) of interest, which
may pinpoint specific areas for interrogating whether and how the program currently works. The
links in the figure provide the connection with Table A6, with one row per link; the diamonds in
the figure correspond with key measurement points for the randomized evaluation.

We recognize the diagram presented in Error! Reference source not found.may, at first pass, a
ppear complex. However, we encourage the reader to engage with the diagram alongside the text
in this section. Understanding the program is critical to the evaluation and to expectations of
what could be achieved in over two years of programming. The details may also raise useful
questions for future programmatic, monitoring, and evaluation work.

To provide some guidance for readingError! Reference source not found.: running down the 1
eft side are a series of key actors in the ecosystem in which STIR operates: the wider community,
students and their families, teachers, direct implementers of STIR programing, and education
stakeholders such as Head Teachers and government officials. In each of the associated rows are
actions and perspectives of these actors relevant for the implementation and success of STIR’s
programming. For teachers and students, these follow a left-to-right causal sequence; for
communities, STIR implementers, and education stakeholders, these are discrete attitudes and
actions.

The arrows provide the links between key attitudes and/or actions. We use solid lines for forward
progression of the program and dashed lines for feedback loops. We number the arrows in a
narratively coherent order to help guide the reader through the diagram, starting at the lower left
of the diagram. We also denote, with filled-in diamonds, the points in the theory of change that
we measure in the randomized evaluation.



Figure 1: Detailed theory of change and action for STIR's Year 1 programming
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We have numbered the links (arrows) in the theory of change to help guide the reader through the diagram
in what we feel is a narratively coherent order, starting in the lower-left corner. Solid arrows indicate
forward progression through the program while dashed arrows indicate feedback loops. We also denote,
with filled-in diamonds, the points in the theory of change that are the focus of measurement for the
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Table A1: Steps, links, and assumptions in the theory of change of STIR's Year 1
programming (corresponds with Figure 1 above)

Link ‘From’ construct ‘To’ construct Linking logic and
(arrow) assumptions
number
1 Senior education STIR invites teachers | For STIR to operate in schools
stakeholders provide to apply to join their | and school systems, ﬂﬁ .
L . require permission an uy-1m
logistical support, programming fr((>1m kel; satekeopors, Wh(};
pressures on‘practlcg must see value in STIR’s
openness to mnovation programming and be able to
lend the necessary support.
2 STIR invite teachers to Teachers join STIR To join, teachers need to be

join their programming

aware of STIR and understand
how to apply to join; to be
interested and able to apply
given their understanding of the




program; and to have their
applications selected by STIR.

Senior education
stakeholders provide
logistical support,
pressures on practice,
openness to innovation

Teachers participation
level in STIR
(engaging in
meetings, completing
portfolios, accessing
other activities)

Senior education stakeholders
implicitly or explicitly display
their dis/interest in STIR
activities; this can range from
actively discouraging teachers
on the one end to participating
in STIR programming
themselves on the other. They
can also not/give logistical
support, such as providing
meeting space.

Teacher joins STIR
(becomes active)

Teacher engagement
level in monthly
network meetings

Teachers weigh the personal as
well as systemic costs and
benefits of travelling to
meetings and participating in
the discussion and activities.

Teacher joins STIR
(becomes active)

Teacher completion
level reflective
portfolios each month

To the extent that teachers
value and complete their
portfolios — given time, skills,
and confidence — they plan for
changed practice and reflect on
their successes and ways to
improve.

Teacher joins STIR
(becomes active)

Teacher level of
accessing other
activities offered to
them

All other activities take place
outside of the network meeting
time and outside school time,
so teachers weigh the personal
as well as systemic costs and
benefits of travelling to and
engaging in these activities.

Active teacher’s
engagement level in
network meetings

Teachers experience
changed motivation
to teach; mindset on
ability to
change/innovate

To the extent that meetings are
well-facilitated, among an
engaged group of peers, and
present new information:
teachers gain a sense of
professional purpose and pride,
a mindset that they can improve
their skills, and self-efficacy to
be an agent of change in their
schools and the school system.

Active teacher’s
completion level of
reflective portfolios

Teachers experience
changed motivation
to teach; mindset on
ability to
change/innovate

Completing their portfolios
makes teachers think more
deeply about their practices and
motivates the teachers to use
new innovations than they
would have without the
portfolios.

Active teachers access
other activities

Teachers experience
changed motivation
to teach; mindset on

Additional activities can be
motivating to extent that
teachers experience and
respond to: seeing new




ability to environments/ practices, being

change/innovate recognized for effort, mastering
new ideas, or feeling part of
system decision-making.

10 Teacher’s motivation to Surrounding To the extent that teacher’s
teach; mindset on ability | community, including | ¢hanged motivation is visible to
to change/innovate teacher’s family the surrounding community,

attitudes toward value | ST perceptions of the

. quality and value of the school
of formal education, and formal education may
quality of teachers change.

11 Senior education Motivation to teach; To the extent that senior
stakeholders provide mindset on ability to | education stakeholders provide
logistical support, change/innovate teachers a sense of agency and

. creativity in their classrooms
pressures on.p ract1c§, (contrasted with hewing to the
openness to Innovation curriculum and syllabus), and

to the extent that teachers
derive motivation and
satisfaction from this, teacher
motivation may be influenced
by senior education
stakeholders.

12 Motivation to teach; Intention to change Translating general motivation
mindset on ability to classroom practice, to improve as a teacher into a
change/innovate culture in a specific planned intention to change a

specific aspect of classroom

way practice or environment
depends on feeling one has the
ideas, confidence, resources,
planning skills, and sense of
agency to do so.

13 Teacher’s engagement in | Intention to change To the extent that meetings —
STIR meetings classroom practice, through the facilitated lecture

culture in a specific and the interaction Wlth ot.her
teachers — teachers gain ideas

way to try, they may intend to try
them even without a more
general gain in motivation. This
could be due to other pressures
on classroom practice.

14 Teachers completion level | Intention to change To the extent that completing
of their reflective classroom practice, reflective portfolios provide
portfolios culture in a specific teachers with ideas and plgns to

make classroom changes, it
way may generate intention to

change, even without a more

general gain in motivation.

15 Teacher’s intention to Change in teacher’s | For an intended change to be

change classroom
practice, culture in a
specific way

classroom practice
(quantity or quality of
teaching)

actualized, teachers need to be
physically present in
classrooms; to have the
required skills, resources, and




self-efficacy about effecting
change; and to have sufficient
permission and agency to
innovate.

16

Teacher’s intention to
change classroom
practice, culture in a
specific way

STIR teachers
influencing the
practice of other
teachers

As teachers plan to make
changes in their own
classrooms, they may
communicate these plans to
other teachers in the school,
who make consider making
similar changes based on their
assessment of the idea and their
respect for the proposing
teacher.

17

Change in teacher’s
classroom practice
(quantity or quality of
teaching)

Surrounding
community attitudes
toward value of
formal education,
quality of teachers

To the extent that changes in
teacher’s effort becomes visible
to the surrounding community
(including students’ families
and the teacher’s own family),
the community may update
their opinion of schools,
education.

18

Change in teacher’s
classroom practice
(quantity or quality of
teaching)

Teachers engage in
STIR activities
(meetings, portfolios,
other activities)

As teachers try to make
changes in their classroom, and
to the extent that they find this
enjoyable and that they can
make changes, it may
encourage increased
understanding of and
engagement in STIR activities.

19

Change in teacher’s
classroom practice
(quantity or quality of
teaching)

STIR teachers
influencing the
practice of other
teachers

To the extent that one teacher’s
changed practice is visible to or
shared with other teachers and
is judged to be a worthwhile
practice, other teachers may
update their own practices. This
can be not/facilitated by the
extent to which teachers
typically share with each other,
through informal mechanisms
or, if a STIR teacher is willing
and able to establish one,
through the formal mechanism
of ISITs.

20

STIR teachers influence
on the practice of other
teachers

Change in teacher’s
classroom practice
(quantity or quality of
teaching)

As other teachers in a school
are encouraged to make
changes in their classrooms,
and to the extent that these are
visible and appealing to
individual STIR teachers, they
may incorporate these new
practices.

21

Change in teacher’s

Teacher classroom

Depending on the changes




classroom practice

practices (quantity
and quality of
teaching)

teachers make, they may
redistribute their time across
teaching, classroom
management, and off-task
activities. They may also make
changes that improve the value
of time they spend teaching or
managing the classroom.

22 STIR teachers influencing | Teacher classroom Depending on the changes
the practice of other practices (quantity teachers make, they may
teachers and quality of redlst.rlbute their time across

teaching) teaching, classroom
management, and off-task
activities. They may also make
changes that improve the value
of time they spend teaching or
managing the classroom.

23 Quantity of classroom Quality of practice If teachers spend more of their
practice (distribution of | (value of time spent | time in the classroom
time on teaching, relative to outcomes | Productively, they mﬁ.y Ee able
classroom management, of interest) to Hll.iorporatt.e tote fugh-
off-task) quality practices.

24 Quality of practice (value | Quantity of classroom | As teachers engage in a given
of time spent relative to | practice (distribution | quality of teaching and
outcomes of interest) of time on teaching, | classroom management

strategies, they may redistribute
classroom the way they spend their
management, off- classroom time and may be
task) more motivated to do so.

25 Senior education Teacher classroom To extent to which teachers
stakeholders provide practices (quantity redistribute their time and
logistical support, and quality of energy to more high-quality

. . practices will be influenced by
pressures on practice, teaching) . : :
. . incentives from education
openness to mnnovation stakeholders to do so, the extent
to which senior education
stakeholders require strict
adherence to the syllabus, as
well as openness to innovation
among senior stakeholders as
well as ideas and modeled
behavior from such
stakeholders.
26 Teacher’s classroom Student learning Student learning outcomes may

practice (quantity or
quality of teaching).

outcomes

respond to new classroom
practices to the extent that the
changes are directly relevant to
the learning outcomes (e.g.,
specific skills) and/or create an
environment that generally
facilitates learning.

10



27 Surrounding community, | Student & family As community values and
including teacher’s family | motivation to be norms around education
attitudes toward value of | formally educated change, to the extent that these

. matter to a given household, it
education, teachers may influence their views and
motivation around the value of
formal education relative to
competing demands.

28 Teacher’s classroom Student & family To the extent that teachers’

practice (quantity or motivation to be Prat‘itlcfs are,VISIbﬁe to 2111n(11d
. . matter to a given household,
quality of teaching). formally educated when a teacher updates
classroom practice, students’
families they may update their
valuation of education.

29 Student and family Teacher’s motivation | To the extent that teachers
motivation to have to teach; mindset on derive a sense O,f meeSSional
children attend and ability to puﬁosefanst;at} Sfa(glon ,(as)
engage at §ch001 (relative | change/innovate zﬁenaztulgemse; ej (i)n aezzlrféance
to competing household and attentive in school and
demands on time and supported at home, students
money) and their families can influence

teacher motivation.

30 Student and family Student attendance As students and families
motivation to be formally | level change their views on the value
educated (relative to of education, it may lead to

. differential effort to get
lclomp i[llil(% tglemancés on students to attend school.
ouseno 11me an
money)

31 Student and family Student effort & As students and families
motivation to be formally | engagement in school | change their valuation of
educated (relative to education, the may change the

. effort they exert in making sure
competing (,]‘emands on a student is prepared for school,
household time and is able to be attentive during
money) school, and is able to complete

school work at home.

32 Student effort & Student attendance As students change the effort
engagement in school put into their school work, they

may feel more/less interested in
attending school.

33 Student attendance level | Student effort & As students alter their

engagement in school | attendance, it may change their
interest, confidence, and ability
to engage in the classroom.

34 Student practice Teacher participation | As students change their

(attendance, engagement,
effort)

in STIR (engage in
meetings, complete
reflective portfolios,
access other

practices, teachers may in turn
have changed motivation to
work to improve as a teacher,
especially if they feel they
influenced students’ practices.

11



activities) This can include changing their
participation level with STIR.

35 Student practice Surrounding As students change their
(attendance, engagement, | community, including | attendance and engagement at
effort) teacher’s family §ch991 — to the extent that this

attitudes toward value is visible to the community —
. the community may change
of education, teachers their perception towards the
value of education.

36 Student attendance level Student learning To the extent that a student’s

outcomes presence in school/classroom
translates into knowledge and
skills relevant for a given
outcome test, scores may
change.

37 Student effort & Student learning To the extent that students put
engagement outcomes in changed effort into classes

and classwork relevant for a
given outcome, scores may
change.

38 Student learning Teacher participation | As students’ learning outcomes
outcomes in STIR (engage in | change — to the extent that

meetings, complete these are visible to a teacher
reflective portfolios and to the extent that a teacher
> attributes these changes to her
aCC.eS.S.Other own effort — a teacher may
activities) have changed motivation to try
to improve as a teacher. This
may lead to changed
participation with STIR.

39 Student learning Surrounding As students’ learning outcomes
outcomes community, including | change — to the extent that

teacher’s family these are.V151ble to the .
attitudes toward value | SO — the community

. may update its valuation of
of education, teachers | fymal education.

40 Surrounding community, | Teacher joins STIR To the extent that a teacher
including teacher’s family feels her profession and skills
attitudes toward value of are Value.d by the surrounding
education. teachers community and that this

> matters to her, she may have
differing interest in investing
time, energy into improving
these skills by joining STIR.

41 Surrounding community, | Teacher participates To the extent that a teacher

including teacher’s family
attitudes toward value of
education, teachers

in STIR (engage in
meetings, complete
portfolios, accesses
other activities)

feels her profession and skills
are valued by the surrounding
community and that this
matters to her, she may have
differing willingness and ability
to make monthly decisions to
invest time and energy to

12



improving these skills.

42 Surrounding community, | Motivation to teach; | To the extent that a teacher
including teacher’s family | mindset on ability to | feels her profession and skills
attitudes toward value of | change/innovate are valued by the surrounding

. community and that this
education, teachers matters to her, this may
reinforce a teacher’s sense of
motivation to become a better
teacher.

43 STIR implementers (ELs) | Teachers participate | Teachers can participate in
coordinate & facilitate in STIR, including STIR meetings to the extent
meetings engaging in meetings. that ELs orgamize the logistics

of the meeting in a manner
convenient to teachers and then
facilitate the meeting to
encourage participation.

44 STIR implementers (ELs) | Teachers participate | Teachers may change their
review teachers’ in STIR, including interest in exerting time,
reflective portfolios completing reflective | €nerey, and thought in their

. reflective portfolios to the
portfolios. extent that ELs clarify the
purpose of this activity and
provide feedback that teachers
deem useful and encouraging.

45 STIR implementers (ELs) | Teachers participate | Teachers may be more excited
visit schools, teachers in STIR (attending about, persuaded by, confident

meetings, completing in, or simply reminded of STIR

: . activities to the extent ELs visit
p OrthhO,S’ .a.ccessmg their schools while they are
other activities). teaching.

46 STIR implementers (ELs) | Change in teacher’s The presence of a STIR EL or
visit schools, teachers classroom practice PM visiting a classroom may

(quantity or quality of dlrectlly 1nducel changes in
teaching) teaching .quantltylolr quality, at
least during the visit.

47 STIR implementers (ELs) | Teachers participate | Teachers may be more excited
make coaching calls to in STIR (attending ?Ikl’O(l)lrt’s?;rsfafggﬁ’l}se?g?g;ﬁ{
teachers. meetlngs’ comp le.tmg ac’tivities Ii)f }],ELS call them

portfolios, accessing | petween activities and may

other activities). benefit from explicit coaching
and feel more inclined to
participate in STIR, to the
extent that ELs are effective
during these calls.

48 STIR implementers (ELs) | STIR teachers Teachers can access STIR
coordinate, facilitate other | participate in STIR, activities to the extent that ELs

activities

including accessing
other activities.

organize the logistics and
facilitate the activities to
encourage participation,
learning.

13



49 STIR implementers (ELs) | Senior education For STIR activities that directly
coordinate, facilitate other | stakeholders provide | involve senior education
.. .. stakeholders — such as Head
activities loglstlcal Supp Ort’, Teachers and Block Education
pressures on practice, | Officers — these experiences
openness to can influence their support of
innovation STIR and the innovative and
professional principles
promoted by STIR.

50 Teacher’s classroom Senior education As teachers change their

practice (quantity or stakeholders provide | Practice, to the extent that
. . . - senior education stakeholders
quality of teaching) logistical support,. are aware of these changes and
pressures on practice, | see them as valuable, they may
openness to update their openness to and
innovation encouragement of such
innovation.

51 Student learning Senior education To the extent that student
outcomes stakeholders provide 16*1:‘,1‘“% Outf’onies are visible

. and impressive to senior
logistical supp Ort’. education stakeholders — and
pressures on practice, to the extent that they attribute
Openness to changes in these outcomes to
mnovation STIR-like activities — they

may update their views on
STIR, the curriculum, and
permission to innovate.

52 Senior education STIR implementers Senior education stakeholders
stakeholders provide (ELs) coordinate and mzy “eethO PrOV‘t‘,ie Permlsi}["“

L . . and sometimes active suppo
logistical support,. facilitate meetings n order for Els to find agg
pressures on.p racuc?’ reserve a suitable meeting time
openness to mnovation and place. To extent of support

can influence the EL’s success
in coordinating network
meetings.

53 Senior education STIR implementers Senior education stakeholders
stakeholders provide (ELs) visit schools, often need to provide
logistical support, teachers permission for ELs to visit

. schools and go into classrooms.
pressures on.p rac‘ucs:, The extent of support from
openness to mmnovation these stakeholders can

influence whether ELs can do
school visits.

54 Senior education STIR implementers To the extent that “other

stakeholders provide
logistical support,
pressures on practice,
openness to innovation

(ELs) coordinate and
facilitate other
activities

activities’ require space and
logistical permissions from
education stakeholders,
stakeholder support could
facilitate/block whether these
experiences were accessible to
STIR teachers.

14



Selecting schools and teachers for programming and evaluation

After negotiating interest among senior education stakeholders at the block- and/or school-level (in U.P. and
Delhi, respectively), STIR offered a ‘taster’ introductory session to generate interest in STIR and to invite
teachers to apply to join, which included expressing interest and providing examples of innovative classroom
practice. Inviting teachers to join is the first step shown in the theory-of-change diagram in Figure 2 in the
main report (“invite teachers to join,” on the lower left side of the diagram, marked with “start here”).

In schools selected (randomly assigned) to receive STIR programming, all teachers had the
option to voluntarily apply to participate with STIR. From the perspective of the evaluation,
treatment assignment (the offer for some teachers in a given school to join STIR) took place at
the school-level. From a programmatic perspective, STIR planned to only select some of the
interested teachers in each treated school to participate. This selection, based on application
materials, submitted to STIR, depended on the teacher’s fit with STIR's programming and the
quality ideas of innovative practice ideas submitted with the application. In addition, to help keep
networks at what was expected to be a manageable size for ELs, STIR introduced an element of
‘rationing’ to place an upper limit on the number of teachers selected per school.

In practice, this did not happen, for two key reasons. First, in some schools, there was a lot of
enthusiasm for STIR, and it proved hard to turn down interested teachers. Second, in other
schools, sufficient take-up of and retaining in the program (and in STIR schools more generally)
proved lower than expected. Ultimately, rationing was not a substantial barrier between a given
teacher being interested in joining STIR and her being invited to do so.

Teachers could face numerous personal and systemic incentives and barriers for joining STIR
once invited. Some of these are detailed in Link 2 in Appendix Table A6. Each teacher weighs
their understanding of the benefits and costs of joining STIR to make their decision to apply to
join. Personal benefits may include enthusiasm about improving teaching practice, interest in
achieving the Roehampton Changemaker Certificate, or interest in meeting teachers from other
schools and being part of a community of practice. Personal barriers can include the time and
transport money lost to participating as well as shyness and fear of failure or critique. Systemic
benefits could accrue to teachers if the relevant leadership (HTs, BEOs) were enthusiastic about
STIR. Other stakeholders may view STIR as a distraction from achieving the planned syllabus
and curriculum and implicitly or explicitly discourage participation; particularly in private
schools in Delhi, some school leaders worried about cross-school teacher poaching at network
meetings. The view from education stakeholders may, thus, play a role in whether an invited
teacher opts to join STIR (as indicated in Link 1).

For all facets of participating actively in STIR (from attending a first network meeting through
completing the programming), an important role is played by senior education stakeholders
including HTs and BEOs (Link 3). Through their overt support of STIR’s programming (such as
talking positively about STIR, showcasing teachers who participate with STIR, and/or attending
network meetings) or more subtle support, these stakeholders alter the feasibility and desirability
of active participation in the STIR program.

15



Becoming a participating teacher

Actively participating

The core of being an actively participating teacher in STIR, after joining, is to ‘engage in
(network) meetings,” ‘complete portfolios,” and ‘access other activities’ (shown as boxes in
Figure 5 in the main report). Whether and to what extent a teacher who joins STIR (expresses
interest, applies and is accepted, and attends at least one meeting) becomes an active participant
depends on many factors (Links 4, 5, and 6).

Engaging in meetings requires attendance and contribution for the duration of the meeting
(between 45 minutes and two hours). After joining STIR, a teacher must make a recurring
monthly decision about whether to attend and participate in these meetings (Link 4).
Logistically, barriers to attending meetings can include the time, transport costs (borne by
teachers), organizational burden of arranging travel to and from meetings, and safety concerns
about transport. Meeting time can compete with weekend, evening, and/or classroom time,
depending on the context. Concerns about travel safety, particularly for younger females, may be
compounded if colleagues from her school are not also attending or otherwise cannot travel
together. Teacher sex and age, then, may influence how regularly and comfortably teachers
attend network meetings. Teacher interest in STIR and its benefits (linked to initial motivation to
improve as a teacher) will, in part, determine how much effort a teacher exerts in trying to
overcome individual and systemic barriers to engagement.

Still in Link 4, once at a meeting, teachers also likely need to contribute to maximize their
benefit. Not all attendees may feel confident speaking up at meetings, especially when they must
share their weak points or challenges faced. Confidence may be built (or lost) depending on
whether teachers feel their contributions are valued. Teacher sex, age, qualification
(training/degree), and years of experience may all play a role in whether a teacher decides to
contribute during network meetings.

Actively participating also requires teachers to reflect on their teaching practice, in part by
completing their portfolios. However, a teacher may face barriers to reflecting on the questions
in the portfolios and filling in the answers (Link 5). First, teachers may not value or derive
personal benefit from completing the portfolios. They may instead view it as another form of
writing and paperwork (of which plenty already exists in school systems). Teachers also may see
the portfolios as a requirement for achieving the Roehampton Changemaker Certificate rather
than an instrument with intrinsic value for improving as a teacher. Second, even if a teacher does
find value in the portfolio, they may not be able to adequately plan or allocate time to this
activity. Third, even when they find both value in and sufficient time to engage with the
portfolio, a teacher may not feel she has the skills or experience to engage in self-reflective
practice, which is new to many of the teachers participating in STIR. During our theory-of-
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change building activities with STIR frontline staff, we heard about requests from teachers to
have ELs fill the portfolios for them.

Finally, there are a suite of ‘other activities’ that, for some teachers, will be part of actively
participating in STIR. These are linked with the experimental design and research questions,
described in more detail under “Program variations” in the main report and in Appendix A2.
These activities take place outside of the network meetings and, therefore, teachers may face
barriers and enablers similar to those detailed for network meeting attendance (Link 6).

From participating in STIR to making changes in classroom practice and culture

To move from the ideas and encouragement received in the monthly network meetings to making changes in
the classroom, a teacher may move through several intermediate phases: generally being motivated to change;
having a sense of potential and self-efficacy to activate a specific change; intending to change; and ultimately

making changes in classroom practice and/or culture.

Getting motivated

Engaging in network meetings can be a consequence of but also a source of motivation to teach
(better) (Link 7). Different activities during meetings are designed to remind teachers of the
importance of student learning and the critical role of teachers in facilitating this learning. This
can help to build a teacher’s sense of intrinsic motivation and professional purpose; this leads,
ideally, to a sense of commitment to one’s profession (Pink 2010).?

Meeting content also encourages teachers to adopt a growth mindset, thereby seeing themselves
as capable of becoming better teachers, regardless of their current skill and practice (Dweck
2010).* It also helps teachers view their students as capable of learning. This sense of potential
can also be motivating, and may be reinforced by completing the reflective portfolios and
receiving feedback on them (Link 8).

Motivation — especially extrinsic motivation — may be further enhanced when teachers access
the ‘other activities’ offered through variations to STIR programming (Link 9). The specific
ways through which motivation may be enhanced are detailed under “Intrinsic and extrinsic
motivators: core and core-plus models,” in Appendix A2.

Support from students’ families likely influences teachers’ motivation; this support may be
changed during the “influence cycle,” when teachers must specifically reach out to parents of
five of their underperforming students (Link 29). Teachers’ level of motivation to improve their
teaching practice to help their students learn, to the extent that this is visible and interesting to
the families and community surrounding the school, may influence how the community views

3 Note that a sense of professional purpose as an educator need not have drawn current teachers to teaching in the first
place. This may be particularly true in the government school system, where teachers may view themselves as civil
servants first and teachers only second.

+ A growth mindset, contrasted with a fixed mindset, is one oriented toward constant improvement and a sense that

such improvement is possible (Dweck 2010). The idea extends further to teachers seeing their students as capable of
improving rather than having a fixed level of intelligence.
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the value of education and particular types of teachers (Link 10). One of the ‘other activities’
focused on “local recognition” (see Appendix A2 for more details) involved explicit efforts to
make the surrounding community aware of teachers’ efforts through posters and events.

Education stakeholders such as HTs and relevant government officials can also influence
teachers’ motivation in important ways, some of which are under STIR’s influence and some of
which are not — but we feel these are still worth mentioning to help calibrate expectations
around what STIR’s programming can/not feasibly achieve (Link 11). These factors include the
types of contracts and job security teachers receive, the volume of additional responsibilities
given to a teacher by the school administration, the extent to which teachers feel recognized by
their superiors and key stakeholders, the extent to which teachers feel they can be creative in the
workplace, and the extent to which they learn new skills on the job. Some of STIR’s regular
programming as well as ‘other activities’ tested during Year 1 of the program touch on these
issues (as detailed in Appendix A2). For example, all of STIR’s work to help teachers develop a
growth mindset and a sense of self-efficacy to make specific changes in the classroom are linked
to enlarging the space in which teachers can be creative. In the “government and policy
exposure” activity bundle provided U.P. (see Appendix A2), teachers are supposed to have an
opportunity to meet with and be recognized by government officials, while the “career and
personal development” bundle provided teachers an opportunity to work on their English and
other professional skills.

Toward intention

To alter classroom practice, as per the working theory of change, a teacher must translate a
general sense of motivation to teach well in an interest and intention to make a specific change in
classroom practice or culture (Link 12). It is possible that elevated motivation to help students
learn and succeed could also be channeled into other activities, such as providing out-of-
classroom remedial activities and tuitions/tutoring, which may/not link with STIR’s intended
outcomes. STIR focuses on in-school changes. Motivation to help students learn could also
founder on poor student attendance or attention and/or on a lack of teaching materials — and
therefore fail to be translated into an intention to change classroom practice (Link 34). STIR
partially helps to overcome the latter concern (of limited teaching and learning materials) by
encouraging teachers to make use of local materials to serve as educational inputs, rather than
relying on what the school can and does provide.

Teachers may also move toward an intention to change classroom practice and culture in specific
ways without experiencing changed motivation. Perhaps their motivation was already high,
which lead to them participating actively with STIR in the first place. Or, through other pressures
from colleagues or other education stakeholders, they may intend to make the changes learned
about in meetings and through portfolios without changes in motivation (Links 13 and 14).

Once intent on making specific alterations to the classroom environment or to teaching practice,
a teacher must make daily decisions to actualize those changes. A teacher needs to recall STIR-
introduced ideas and approaches from meetings and portfolios, feel that they have the ability and
permission to make these changes, and then work to introduce them in the classroom. The
reflective portfolio, which requires teachers to delineate plans for effecting specific classroom
changes can sharpen the intent to make a change.
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Toward changed practice in classrooms, schools, and communities

There may be many barriers and possible facilitators between intending to make specific changes
in classroom practice and doing so (Link 15).

First and foremost, a teacher must be present at school and in the classroom to change it. This is
not always feasible. While we expect more motivated teachers to attend more frequently than
less motivated counterparts, personal and family conflicts can get in the way of teachers
attending school. In addition, especially in government schools, teachers have a variety of out-of-
school tasks related to being civil servants.® Such obligations put systemic pressures on the
teacher to omit time in the classroom for these duties.

Second, teachers need ideas to help animate their intention and they need time and the process
skills to plan how to put ideas into action. Network meetings and reflective portfolios may
provide these necessary inputs. Teachers further need to feel a sense of self-efficacy to
operationalize their ideas, including to make the necessary changes in their classrooms and, as
needed, to negotiate and justify those changes with their HTs and other stakeholders (Bandura
1977). Note that this implies two distinct strands of self-efficacy: one regarding teaching skill to
make specific changes in the classroom and one with regard to explaining and negotiating these
changes with stakeholders. A lack of agency or autonomy in the classroom can hinder a teacher’s
motivation or ability to translate intention into action.® So, too, will a sense that new ideas need
to be executed perfectly the first time, rather than a recognition that practices be attempted,
adapted, and tried again as needed (as proposed in the Learning Improvement Cycle, which
features more prominently in STIR’s updated programming).

Teachers may more directly decide to change classroom practice when STIR program staff (such
as ELs) visit their schools and classrooms (Link 46).

As teachers begin to try new ideas and practices, it may stimulate two feedback loops. For one, if
these changes are visible to students’ parents and the broader surrounding community — and if
they fit with the community’s idea of good changing practice — they may influence larger
attitudes about the value of education and schooling (Link 17). For two, as teachers see that
change in their classrooms is possible — perhaps regardless of what student learning outcomes
result — it may help spark additional interest in participating with STIR and in being motivated
to exert effort to improve classroom practice (Link 18). Teachers may also gain additional
motivation if their changes are recognized, whether by their own families, their colleagues and
peers, their superiors, and/or their students and their families (as implied in Links 29 and 42).

> This may include attending workshops or helping with government duties, such as helping with local elections.

¢ Data from our April 2016 process evaluation suggest that teachers, especially in private schools, often need permission
to make changes in their classrooms. More than 80% of teachers in Delhi private schools and roughly 35% of teachers
in U.P. government schools answered ‘yes’ when asked “If you want to change practices in your classroom, do you need
to take anyone’s permission or opinion?”
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Teachers can also translate their intention to change classroom and school practices into
influencing the practice of other teachers in the school, whether through informal means over
chai or through the formal mechanism of In-School Innovation Teams (ISITs). The extent to
which this happens depends, at least in part, on the opportunities for sharing innovative ideas
within schools and being part of school decision-making, as well as whether a teacher feels
sufficiently confident to intentionally influence the practice of others, which may vary by age,
qualification, experience, and sex (Link 16). STIR teachers can also influence the practice of
others as they change their own practice and lead by example, tempered by the extent to which
teachers get to see each other in action (Link 19). Similarly, STIR teachers may change their own
practices as they gain ideas and confidence from seeing the innovations of others (Link 20).

Quantity and quality of classroom practice

One of the major assumptions underpinning STIR’s programming is that teachers will make
changes in their classrooms and schools that lead to beneficial changes in the quantity and/or
quality of effective time for instruction or classroom management. Of course, not all changes in
classroom practice among STIR teachers (Link 21) or others (Link 22) will necessarily lead to a
useful reallocation of classroom time nor to useful changes in the quality of classroom practice
and culture.

For quantity of practice, for example, teachers may change their practices within a given amount
of teaching minutes but not actually alter the proportion of their classroom time devoted to
instruction. STIR’s programming does not provide direct guidance on how teachers should
allocate their time between teaching and classroom management nor does it explicitly discourage
off-task time. While we might prima facie expect more motivated teachers to devote more time
to teaching than to classroom management or being off-task, this may not always be the case.

For quality of practice, some aspects of what teachers can do are restricted or misguided by their
own teaching capacity, content mastery, pedagogical strategies and beliefs, and teaching skill.
Some practice may be changed but not become objectively better or lead to the measured
learning outcomes. Moreover, some teacher efforts at change may simply not be oriented toward
what STIR considers to be good classroom practice or culture, especially since part of the goal of
micro-innovating in the first year is simply to prove to teachers that they can effect change of
any kind.’

Even when planned changes are aligned with STIR’s view of high-quality classroom practice,
teachers may simply not be successful at their (early) attempts to bring about change. Teachers
require the growth mindset, process skills, problem-solving skills, and resilience to learn from
challenges and barriers and then to adapt and try again — as most new practices will not work
perfectly on the first attempt. Portfolios may help teachers to reflect on challenges and devise
new strategies (as per the “learning improvement cycle”) but only to the extent that teachers have

7 As an extreme but illuminating example from a September 2015 process evaluation, one teacher’s proudest
micro-innovation was to have his students wear blindfolds so that they would concentrate more attentively to his
lectures. It is not clear if this change would count as a positive change in classroom practice or culture in general
and certainly would not show up positively in the indicators of classroom practice we collect.
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the time, interest, and skill to engage thoughtfully with their workbooks. Collaboration (and the
collaborative skills to work) with other teachers (in network meetings or within schools, whether
in ISITs or through other channels) may offer means of reflecting, problem-solving, and building
up the interest and gumption to try again.

The distribution of time use in the classroom may reinforce the existing quality of classroom
practice (Link 23) and vice versa (Link 24). For example, spending more time on instruction, in
general, may allow teachers to feel they can allow time for students to ask questions, or to use
group work, or to share a joke — all of which may improve classroom culture. Helping teachers
to harness the synergies between the quantity and quality of classroom practice may be an
important part of STIR’s programming moving forward.

The extent to which teachers can effect changes in their classrooms will also be influenced by
education stakeholders, such as their openness to change and their degree of focus on the
curriculum and syllabus (Link 25). In turn, if teachers do make changes in the quantity and
quality of their classroom practice, to the extent that these changes are made visible to education
stakeholders, it may alter stakeholders’ views about the sanctity of the syllabus and the value of
innovation (Link 50).

From changes in classroom practice and culture to changes in learning outcomes

Student learning is the ultimate school-level goal for STIR’s programming. It is also a key
measurement point for the randomized evaluation). A fundamental assumption in STIR’s theory
of change (Link 26) is that the alterations teachers make to the quantity and quality of their
practice will improve student learning outcomes (for the purposes of this evaluation, specifically
in Hindi and math).

The role of students, families, and the surrounding community

No amount of classroom and school innovation will bring about changes in learning outcomes if
students are not in the classroom, able and interested to pay attention. This highlights the
important role of students, their families/caregivers, and their surrounding communities in
achieving the goal of student learning — these are included in the second row from the top of
Figure 2 in the main report. Being surrounded by people that value (formal) education and the
local school as the provider can reinforce habits of attending school; being surrounded by people
that value agricultural or other work at the expense of school attendance or predict low returns to
education will have the opposite effect (Link 27).

As teachers change their classroom practice (including, in the case of STIR, reaching out to the
families of five under-performing children), this may change the way students and families feel
about the quality of local schooling, the accessibility of schooling, and their motivation to take

(formal) education seriously (Link 28).

Whether increased student and family interest in schooling translates into improved school
attendance will depend on many factors, such as family pressure for a child to earn income or
formal and informal costs associated with going to school (maintaining a uniform and so on)
(Link 30). Whether motivation translates into increased student effort and engagement in and
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outside the classroom will depend on whether the student can pay attention in school (receives
breakfast, for example, and other health and nutrition inputs), has time to do homework and
prepare for classes, and feels comfortable and accepted in the classroom (Link 31).

Student effort, engagement, attendance may be mutually reinforcing. A student able exert more
effort on studies may be more interested in attending school (Link 32) and vice versa (Link 33),
though the synergies may not be automatic. As students increasingly attend class and pay
attention — and especially if teachers attribute these changes to their own efforts — teachers
may gain more enthusiasm to participate actively with STIR and to feel more motivated about
teaching in general (Link 34). However, it is important to recognize that student attendance and
attention may be largely out of a teacher’s control, with implications for how much their changed
classroom practice can translate into average learning outcomes across all students. As students
change their attendance and effort in school, to the extent that this is visible to the community,
may lead to updated attitudes about education (Link 35). ‘Other activities’ such as “local
recognition” may facilitate these links by making teacher efforts more visible to the community.

Both student attendance and student effort have the potential to influence student learning
outcomes (Links 36 and 37). As student effort and/or learning outcomes change, so too might
teachers’ motivation to participate in STIR and to try to innovate in their classrooms and schools
(Link 38). Changes in learning outcomes among students (especially if these are communicated
back to the larger community) might also shape the attitude of the community about the value of
education and teachers (Link 39).

The surrounding community can also play an influencing role for STIR in other ways. If the
community, including students’ and teachers’ families, value teachers and the effort required to
teach well, this can reinforce the interest of teachers in joining STIR (Link 40) and their ability to
navigate the logistics and time requirements of participating actively in STIR (Link 41). To the
extent that teachers feel valued and respected by the local community, they may also feel more
motivated to become better teachers; alternatively, in a community where education and teachers
are not valued, teachers may be unmotivated to invest time and energy in improving their
teaching practice (Link 42).

Making STIR’s programming happen

The role of STIR implementers

Front-line STIR implementers (namely the Education Leaders (ELs)) are central to interacting
with teachers and ensuring that STIR activities happen and have the maximum potential to excite
teachers and to impart new skills. ELs balance teaching new skills as per STIR’s meeting
curriculum while facilitating collaboration among network teachers. A good, respected EL can
help motivate teachers to join and stay active in STIR through a variety of channels, tempered by
the EL’s skills and effort (Links 43 — 45; 47, 48).8

ELs undertake an array of tasks to help STIR’s programming run as effectively as possible. This
includes finding space for each network meeting, contacting and organizing schedules among

8 Anecdotal evidence from the Delhi-based STIR team suggested that handsome, guitar-playing ELs maintained higher
attendance rates at their network meetings.
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network teachers, and then imparting material and facilitating conversation and participation
during the meetings (Link 43). ELs further review the teachers’ reflective portfolios and, when
required, assist in completing the portfolios (Link 44). ELs (and sometimes Program Managers)
also may visit schools and classrooms, which can include maintaining good relations with school
gatekeepers as well as observing a teacher’s classroom practice (Link 45). (Recall that this can
also directly alter practice, as in Link 46). ELs also take on the role of coaches—fielding
questions and concerns from participating teachers (Link 47). Finally, ELs need to organize the
additional activities discussed under “Program variations,” in Appendix A2 (Link 48). Together,
these activities help to create STIR programming that is compelling to teachers such that teachers
can and want to participate actively.

The role of senior education gatekeepers and stakeholders

Senior education gatekeepers and stakeholders play an important role in enabling ELs and PMs
to effectively carry out STIR activities. For example, stakeholder assistance and buy-in is
essential to securing time and a location for network meetings, which often are held in a different
location each month (Link 52). Similarly, gatekeepers such as Head Teachers need to allow ELs
into schools for visits; therefore, their view of STIR can influence their decision to help or hinder
STIR’s work in the school (Link 53 as well as Links 3, 11, 25). Finally, stakeholders and
gatekeepers may have to play a role in the additional activities, such as allowing teachers to visit
other local schools to gain exposure to new practices (Link 54). Stakeholders focused strictly on
the syllabus and curriculum may not allow this sort of flexibility. The broader school system
may, in addition, shape whether teachers’ and schools’ efforts at improving practice lead to
changes that last sufficiently long to affect learning outcomes.

Whether stakeholders and gatekeepers view STIR positively will depend in part on the
relationship they have with ELs and PMs. It may also be shaped by STIR-led opportunities for
interaction between teachers and Block Education Officers (Link 54). Finally, if stakeholders are
aware of changes in student learning outcomes that they attribute to STIR, it may change their
valuation of STIR’s programming (Link 51).
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Appendix A2: Elaboration of core-plus programmatic flavors

For the purposes of this evaluation, there are five different flavors of core-plus activities; that
were explored for year 1 of the program. Note that the explicit statement of aims for each of
these flavors happened after the different activity bundles had been launched. Many of the
bundles grew out of practices already being used by some ELs and PMs; others came from focus
groups led by STIR with teachers. In Table A1, we summarize which core-plus flavors took
place in which evaluation contexts, as some were Delhi- or U.P.-specific.

Table A1: Mapping flavors of core-plus extrinsic motivation packages to study context
Core-plus extrinsic motivation Delhi private schools | U.P. government schools

package

C+a: | local recognition X X
C+b: | government and policy X
exposure

C+c: | Head Teacher recognition | X

C+d: | teacher exposure X X
C+e: | career and personal X
development

C+a: Local recognition (both contexts)
Aim
To provide active STIR teachers recognition for their teaching efforts and best practices from

their (1) school (students and colleagues), (2) community and (3) family as a source of extrinsic
motivation.

Logic and assumptions

The underlying logic is that recognition can improve support, valuation and visibility of teaching
both in a teachers’ home and in the school. This can feed into motivation, depending on the
teachers’ own receptivity to recognition. In addition, specific activities such as a poster could
provide a cue-to-action for teachers to, on a daily basis, move from intending to change
classroom practice to actually making the effort to do so. Further, by highlighting and valuing
the activities of active STIR teachers, other teachers in the school may notice these new ideas
and be motivated to make changes in their own classrooms.

Included activities

Hanging a poster in the school (and sometimes in the wider village in U.P.) that highlights how a
teacher is impacting students; receiving postcards from other network teachers; stickers on doors
of STIR teachers in a school; sending a letter of appreciation to the teacher’s family that
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highlights the importance of family support to teachers; and organizing a ‘family day’
celebration.

C+b: Government and policy engagement (U.P. only)

Aim

To provide teachers a chance to interact with BEOs, Basic Shiksha Adhikaris (BSAs), DIET
principals, and district-level officials, with the understanding that teachers will receive
recognition (and therefore additional motivation) for their efforts from a person of authority.
Motivation may come both from direct recognition but also indirectly, as teachers identify

themselves as part of larger system and see themselves as having a role and voice in discussions
within that system.

Logic and assumptions

The government system does not have a defined recognition structure for their teachers and
teachers in turn often feel ignored. The engagements provided through this treatment provide
opportunities for selected teachers to interact with their officials beyond monitoring purposes and
make them feel part of local policy making in the sphere of education. Note that STIR did not
intend to use this engagement as an explicit platform to improve local official support for their
programming. Nevertheless, these engagements between local officials and active teachers may
also facilitate a wider change in system pressures on practice and encourage enthusiasm for
innovation that will influence all teachers.

Included activity

Arranged meetings between teachers (6 to 7 teachers per meeting, on a rotating basis), ELs and
local government officials in a ‘block level policy forum.” Teachers are offered an opportunity to
present a story from their classroom or school, including successes, challenges and learnings.
BEOs and other officials have time to comment and make suggestions. The meetings are
intended to close with the development of a combined plan of action for represented schools.

C+c: Head Teacher (principal) recognition and development (Delhi only)
Aim

To provide Head Teachers with an opportunity to develop themselves as principals, with an
indirect intent of exciting them about STIR’s programming.

Logic and assumptions

The underlying logic is that Head Teachers who have a chance to develop themselves and feel
excited by being part of a movement will in turn be more supportive toward teachers, including
those involved with STIR. This support can improve the motivation of teachers. It can also
facilitate teachers’ ability to participate in STIR programming and, more broadly, to make
changes in their classrooms and schools (regardless of whether they participate with STIR).
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Included activities

Delivering a School Development Toolkit to assist Head Teachers in making assessments of
their schools; facilitating conversations between HTs just beginning with STIR and those that
have been involved in the program longer (and are therefore outside the randomized evaluation
samples); and empowering Head Teachers to support teachers as they take on challenges.
Principals also receive an ‘Empowered Head Teacher’ certificate and mentorship from a STIR
Head Teacher further along in the Changemaker Journey.

C+d: Teacher exposure (both contexts)

Aim

To help teachers learn from experiences beyond their own schools which would help improve
their motivation.

Logic and assumptions

Seeing innovations in action can provide teachers with new ideas to implement and possibly
improved confidence to try these ideas by seeing them modelled by other teachers. In addition,
teachers will be reminded that other teachers, beyond their own schools, are working on
improving classroom culture and practice, thus improving their sense of being part of a
movement. And, finally, a chance to go see another school is fun and rewarding in and of itself.

Included activity

Providing an opportunity to see other school environments. It includes: a trip with other teachers
to another school and then structured reflection on what they saw; and engagement with an
expert on growth mindset; and a ‘teachers’ report.’

C+e: Career and personal development (Delhi only)

Aim

To help teachers gain specific skills outside network meetings, which can help them in their
careers as teachers and beyond, recognizing that skill mastery can be motivating.

Logic and assumptions

Facilitating the development of new, valued skills. Teachers in private schools highly value
career progression and most of them look forward to moving to a larger private school. English
speaking skills, classroom management and lesson planning are some of the key skills they want
to pick up. Providing training in the aforementioned skills would not only be helpful for teachers
in the immediate term but would contribute to their long-term career growth. Moreover, it
reinforces the idea that being involved in STIR can provide access to such opportunities.

Included activities

Participating in events outside of network meetings to allow time for: (1) learning about best
classroom practices through videos in a peer-to-peer setting; (2) talking with a ‘growth mindset’
expert; and training in spoken English.
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Appendix A3: Micro-innovation details from April 2016 process evaluation

In a process evaluation conducted in April 2016, we asked teachers participating in STIR to
describe the micro-innovations they had tried and aim they sought by doing them. We report the
results below to give suggestive (rather than fully representative) ideas to the reader about the
range of micro-innovations being deployed. In Table A2 and Table A3, we provided the coded
responses of the aim of the micro-innovations described by teachers (in Delhi and U.P,
respectively).

Table A2: Aim of micro-innovations described by teachers in Delhi private schools

Aim of micro-innovations in Delhi private schools Percentage
Attendance 8 11%
Unspecified learning 8 11%
Homework 5 7%
Not done 4 5%
Reading and writing 4 5%
Discipline (such as wearing proper uniform, coming regularly to class,

being well behaved in class etc.) 3 4%
Student participation and interest 3 1%
Off topic answer 2 3%
Guardian engagement 1 1%
Blank/ Don’t know 23 30%
Unclear/ Unsure 15 20%
Total 76 100%

Table A3: Aim of micro-innovations described by teachers in U.P. government schools

Aim of micro-innovations in U.P. government schools Percentage
Not done 15 14%
Attendance 13 12%
Numeracy 8 7%
Reading and writing 5 5%
Guardian engagement 4 4%
Student participation and interest 3 3%
Discipline (such as wearing proper uniform, coming regularly to class,

being well behaved in class etc.) 2 2%
Encouragement/ motivation 2 2%
Off topic answer 2 2%
Environment 1 1%
Focus on girls 1 1%
Unclear/ Unsure 18 17%
Unspecified learning 18 17%
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Blank/ Don’t know 17 16%
Total 109 100%

In Table A4 and Table A5, we show the descriptions of micro-innovation activities from
teachers, which, again, should only be taken as suggestive of the range of activities tried by all
teachers actively participating in STIR.

Table A4: Description of micro-innovation activities by teachers in Delhi private
schools

‘ Aid Count Percentage
Chart display/ performance tracker 10 25%
Stars/ stickers 9 23%
Unsure 5 13%
Group Activity 3 8%
Appreciation (claps, reward etc.) 2 5%
Engaging students (questions, quiz
etc.) 2 5%
TLM (e.g., Flash cards) 2 5%
Word jumble 2 5%
Birthday announcement 1 3%
Meeting Parents 1 3%
One on one teaching/ remedial groups 1 3%
Tests or grading 1 3%
Writing 1 3%

Table A5: Description of micro-innovation activities by teachers in U.P. government
schools

‘ Aid Count Percentage ‘
Group Activity 9 11%
Appreciation (claps, reward etc.) 7 8%
One on one teaching/ remedial groups 6 7%
TLM (e.g.,: Flash cards) 6 7%
Engaging students (questions, quiz etc.) 5 6%
Encouragement/ motivation 4 5%
Meeting Parents 4 5%
Play way method 4 5%
Localizing 3 4%
Story telling 2 2%
Word jumble 2 2%
Writing 2 2%
Bubble gum 1 1%
Chart display/ performance tracker 1 1%




Garbage collection 1 1%
Magic box 1 1%
Tests or grading 1 1%
Unsure 25 30%
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Appendix A4: Funnel of Attrition

Figure Aa: Funnel of attrition used with STIR in workshops
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Appendix A5: Details of randomly assigning STIR’s programming

Delhi

Defining the sample

In Delhi, the STIR team undertook a large search exercise for private schools in East Delhi with
a maximum monthly fee of US$ 17.00.° The team initially reached out to around 500 schools.
From these, STIR identified 200 private interested in working with STIR; STIR then formally
invited them to participate in their program, starting with the ‘taster’ session. 180 of these
schools agreed to participate. These 180 schools provided the full sample, for which we
randomized the assignment of STIR’s interventions at the school level.

Figure Ab: Sample and strata in
Random assignment of treatment in Delhi Delhi private schools

The 180 schools were then divided into 7 (roughly)
equally sized strata based on geography, such thatschools | @ @ &@
physically closer to one another were more likely to be in
the same stratum. Strata had between 22 and 25 schools.
Each stratum was assigned to a single STIR Education
Leader, the key front-line implementer of STIR’s
program in Delhi. This is visualized in Figure Ab, in
which the circles represent schools filled with teachers.

Figure Ac: First randomization
and clustering of schools in
Delhi private schools

6 %0659 " e
&
® ® Within each stratum, one-third of schools were randomly
®V assigned to comparison and two-thirds of schools to
® .—l ® treatment (filled-in blue circles represent treated schools
in Figure Ac). Then, within each stratum, the schools

® assigned to treatment were divided into 4 clusters based
WV on geography; these clusters are program units for STIR.
® & . .
® Finally, within each stratum, two treatment clusters were
® ® randomly assigned to STIR core treatment (shown as blue
®3 ;| circles in Figure Ad) while the remaining two clusters to

1 ' the four STIR core-plus flavors (shown in shades of
® & g . JOWI
® orange in Figure Ad) using sampling without replacement

o o approach (i.e., within each stratum, there are two flavors

BRI ®
BV S ¥ & B &
RV B
R B B Q ] &
BRI
B R B B ] &
BRI B
BV B B B ] B &

B B & & & &

of the core-plus treatment).

% There is no universal definition of what counts as an ‘affordable private school.” “APS are loosely defined as privately
owned schools serving low income communities” (Tooley, Dixon, and Gomathi 2007) (Tooley & Dixon, 2007).
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Figure Ad: Final randomization in Delhi private schools

Uttar Pradesh (U.P.)

Defining the sample

In Uttar Pradesh, districts are organized into government administrative units called “clusters”
(hereafter government clusters); these form the strata within which we randomize. Within our
two districts of interest, (Rae Bareli and Varanasi), we dropped government clusters with less
than 15 schools from consideration. From among the remaining government clusters, we
randomly selected 16 clusters. This forms our sample for assigning treatment.

Random assignment of treatment in U.P.

Within each government cluster, we randomly assigned one-third of schools to comparison and
two-thirds to treatment.!? In a second randomization, all treatment schools were randomized to
either the core programming or one of the three flavors of core-plus programming available in
U.P. Thus, all treatment schools in a government cluster received the same treatment. This is
shown in Figure Ae, in which circles of schools (populated with wedges/teachers); core
programming is shown in blue and core-plus programming in shades of orange.

Figure Ae: Details of random assignment in U.P.

10 For a few schools, we didn’t randomize at the individual school level. In some cases, two schools shared the same
building or grounds (mostly the case where PS and U.P.S schools of the same village are very close to one another).
Thus, we assured that schools with close proximity or sharing the same buildings had the same ‘treatment status’ to
minimize the risk of contamination. In practice, around 30 schools in all were randomized at this level. (For the purpose
of power, with an ICC of 0.2, it’s approximately a 4% loss in precision.) We did the sample size calculation with an
assumption of 0.2 as the ICC. Given this, the issue of randomizing to schools-on-same-grounds rather than individual
schools results in a 4% loss of precision in those cases.
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Appendix A6: Teacher motivation tool development report by NYU

Teacher Report Adaptation for Use in the Indian Context:
Description, Analyses, and Recommendations
Edward Seidman, Mahjabeen Raza, and Sharon Kim
New York University

There are several objectives of this report:
1. Describe the adaptation process of the Teacher Report for India.
2. Describe the data collection and sampling procedures
3. Present analytic plan and analyses: items and factors
4. Recommendations:
a. For STIR's future use of TR, and selected sub-scales, in India
b. For ID Insights use of TR factors to employ in RCT impact analyses

Description of adaptation process

In late 2016, the NYU and STIR India teams collaborated to adapt and contextualize the Teacher

Report (TR) to the Indian context for data collection in Delhi and Uttar Pradesh to support the

teacher measurement component in a larger RCT evaluation being conducted in India. Earlier in

2016, NYU had developed this teacher report for evaluating STIR programming in Uganda.

Building on the findings in Uganda, a set of 46 items were retained in the TR and subsequently

adapted for use in India. The TR was then translated into Hindi through an iterative process

between NYU and STIR India; this translated version was used for the next step of adaptation.

Given the vastly different contexts of the two countries, the first step of adaptation work was to

conduct focus groups in India. The TIPPS team drafted a protocol for enacting focus groups. A

final protocol for focus groups was established in concert with the STIR India team. The target

sample consisted of a mix of teachers that were both affiliated and unaffiliated with STIR. Ms.

Tanushree Sarkar, Monitoring Evaluation Associate STIR India was trained by the NYU team to

conduct the focus groups and evaluate the information she gathered.

At this stage of development, participating teachers were asked to review and provide feedback

on the TR items and share thoughts on any pertinent areas of note that may have been missed.

Participants were also asked to complete the TR and share their thoughts on the length and ease

of completing the survey, as well as the level of detail in the items. Upon completion of the focus

groups, Ms. Sarkar shared the completed surveys, notes, and recording with the NYU team. The

NYU team then reviewed those materials and discussed them with Ms. Sarkar. Four critical

findings were:

1. Teachers in both groups found the language of the survey somewhat difficult to understand,
albeit for different reasons. This was a substantiation of a prior concern — in earlier discussions,
the STIR India team had highlighted the fact that the schools and teachers in both locations
were markedly different in setting, cultural expression, and in Hindi language fluency. Where
Delhi is an urban metropolitan area, teachers are acclimated to using a mix of Hindi, English,
and Hinglish. In Uttar Pradesh, teachers are acclimated to using more formal Hindi (with little to
no English or Hinglish).

2. Teachers were unfamiliar with Likert scales and found the task of deciphering meaning and
proper use of the scale challenging.
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3. Some items — notably those tapping growth or fixed mindset — were disruptive and confusing to
teachers. Teachers indicated that the compound nature of the items made it difficult to
understand and would skip them to revisit after completing other items in the survey. Since
these problematic items were scattered in the measure, there was concern that this might lead to
a higher number of incomplete surveys.

4. Further, teachers highlighted the nuance with which the ideas of growth and intelligence are
understood in the Indian culture. Contrary to the idea of “innate” intelligence or success,
teachers indicated that they attributed these characteristics as blessings from God or nature’s
gift.

Given these observations, the following adaptations were made to the TR:
1. The Hindi used in the survey was significantly revised. Through multiple discussions and iterations,

the NYU and STIR India teams worked together to ensure that items were linguistically and
culturally attuned. In lieu of transliteration (which would require sophisticated Hindi terminology to
capture concepts around teacher mindset), the teams adapted items to ensure their content validity.
For instance, keeping with teachers’ recommendations on the mindset items, words such as “innate”
were translated conceptually to “God given” or “blessed with” to attune the survey to the way Indian
teachers could relate to and understand the concept of natural ability.

Both a verbal and written example of the Likert scale was included. The verbal example was
included in the enumerator script and Ms. Sarkar incorporated this component in the training
she conducted with enumerators. An example of a filled-out Likert scale item was also
included on the first page of the survey.

2. All Growth/Fixed Mindset items were incorporated into a separate 8-item section and relegated to
the end of the TRS to mitigate teachers’ confusion over these items. This change was intended to
allow teachers to focus on items they found easy to understand and prompt them on the difficult
ones at the end; thus, if respondents did not answer mindset items due to complexity, it would be
after they had completed the majority of the survey.

3. The resulting TR retained all 46-items (as in Uganda), however, the items were linguistically and
contextually adapted to the Indian context, and re-ordered into two separate sections, as indicated in
the previous paragraph. (See Appendix A for copies of the instrument in Hindi and English).

Data Collection
The TR was collected from the endline evaluation of the ongoing RCT in Delhi only. After
correcting a number of data coding issues, the data set included 1072 completed protocols. So as
not to allow the different treatment (Intrinsic, 38%, Extrinsic, 30%) and control (33%) conditions
to differentially affect our psychometric analyses of the TR, we randomly sampled 50% from
each of the three conditions to create two roughly equal samples. These samples were then used
exclusively to conduct factor and reliability analyses to assess the robustness of the resulting
factor solutions.

Analyses: Items and Factors
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We examined means, standard deviations, and skew of each item (see Table 1. Item-level
Descriptive Statistics). Ultimately, none of the items were excluded from the analysis: some
amount of skewness in several items was anticipated. Given the nature of the questions being
posed, it was expected that teachers’ might have an inclination to respond in a socially desirable
manner. There was still sufficient variance across most of the items to pursue factor analytic and
reliability analyses. Across all 46 items, there was an insignificant amount (less than 5%) of
missing data.

Next, we conducted an Exploratory Factor Analysis (EFA) on the data from sub-sample 1
(N=532). The EFA ensured that the measure was used to capture the impact of the Indian context
on the TR factor structure. We then conducted a Confirmatory Factor Analysis (CFA) on sub-
sample 2 (N=538) to verify the factor structure that emerged in the EFA. Lastly, we employed
Cronbach alphas to examine the internal consistency of each factor.

As part of the EFA in sub-sample 1, the Cattell's Scree test suggested closer examination of the
3-5 factor solutions. Upon examination and evaluation of item loadings on each factor as well as
model fit, it was determined that the 5-factor solution provided the best fit (RMSEA=0.043;
CFI=0.907; TLI=0.902) and the greatest conceptual clarity. Using this 5-factor EFA solution, we
tested the robustness of its fit by conducting a CFA on sub-sample 2. While the model indices
were not as strong as the EFA model fit — the 5-factor CFA still revealed good fit statistics
(RMSEA=0.059; CFI=0.95; TLI=0.937). Figure 1 (below) presents the measurement model,
indicating the relationships between TR factors and associated items. The CFA model too, had
good conceptual clarity. Table 2 provides a comparison of the factor model from both
exploratory and confirmatory analyses. What follows is a description of each factor (see Table
2).

Factor 1 is labelled Emotional Exhaustion/Burnout (n=6 items) and is similar to the factor
uncovered in the Uganda data set. But again, the internal consistency coefficients on both
sub-samples remain marginal (alphas = 0.54, 0.55, respectively).
Interpretive note: In essence, this sub-construct is remarkably similar in content
and reliability to that which emerged in Uganda.

Factor 2 is tentatively labelled Positive Professional Outlook (n=8) and did not appear as
such in the Uganda data. The internal consistency in both sub-samples was maximized by
dropping one (item #4) of the 9 loaded items (alphas = 0.84, 0.85).
Interpretive note: This sub-construct bears little resemblance to any uncovered in
the Uganda study, but nevertheless quite relevant. Conceptually, though not
empirically, it does appear to be a “cousin” of the following factor teacher
efficacy.

Factor 3 is labelled Teacher Efficacy (n=21) and is similar, but broader, than the items
encompassed in the Self-efficacy/Intrinsic motivation factor found in the Uganda data set.
The internal consistency in both sub-samples is excellent (alphas = 0.93, 0.93), which are
substantially higher than in Uganda. Beyond teacher efficacy, a small number of items
suggest being valued by colleagues, supervisors and family.
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Interpretive note: Eleven of the seventeen-items that loaded on the Ugandan
Efficacious Mindset are repeated in this sub-construct, with several of the Growth
Mindset items loading on a separate factor as originally intended.

Factor 4 contains only four items, and dropping one (#32) maximizes the alpha (n=3;
0.49, 0.52); this item also did not fit as well conceptually. The remaining 3 items tap
“feedback from colleagues.”
Interpretive note: While conceptually meaningful, the small number of items and
the lack of adequate reliability does not support its use in subsequent analyses.

Factor 5 is labelled Teacher Growth Mindset and consists of five of the eight items
originally constructed to tap growth mindset with the referent being other teachers (n=5;
0.73, 0.77). One of the original 6 items (#34) from the EFA lacked conceptual integration
with the others and dropping it maximized the alphas.
Interpretive note: Though these items were designed for the Uganda study, they
did not manifest themselves as a unique sub-construct there. In Delhi, they do
appear as a distinct sub-construct and with reasonable reliability given that it only
consists of 5 items. As noted above, this difference may lie in the manner in
which the content of the items were conceptually adapted to the nuances of the
Indian context.

Recommendations
Summary of Findings

Four conceptually meaningful factors were revealed, three with good to excellent levels of
reliability. Teacher efficacy and Teacher growth mindset are at the heart of STIR’s theory of
change and align with the ingredients of the “special sauce.” A Positive professional outlook, as
suggested above, a conceptual “cousin of efficacy, would also appear to be of interest to STIR
because it is tapping teacher outlook — a potentially important consideration in understanding
what makes an effective teacher. While Emotional exhaustion/Burnout is not a central concept to
STIR, it encompasses the concepts of dissatisfaction and burnout; a large extant literature points
to both concepts as central to teacher effectiveness and motivation. However, the reliability of
this factor is too low to recommend it for impact analyses.

For STIR’s Use of TR in India

Can these four sub-constructs be shortened for future use in India?

Based on the aforementioned recommendations, we are now left with a 40-item instrument.

It may be possible to shave an item or two off of Positive professional outlook, creating
improved conceptual clarity and not jeopardize its good reliability.

In a similar vein, it may be possible to reduce the number of items on the Teacher efficacy sub-
construct without sacrificing reliability in a meaningful way.

Any such reductions can be explored at the request of STIR.

Use of Sub-scales in Planned Impact Analyses by ID Insight
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Given the recommendations of the previous sub-section, the sub-constructs of Teacher efficacy
and Teacher growth mindset should clearly be utilized. We think there is also a good case for

Positive professional outlook. But of course, this decision is STIR’s alone.

Technically, there are two different ways ID Insight might calculate these sub-construct scores
for use in their planned impact analyses.
Use of absolute weights to calculate a factor score for each teacher on each of the sub-constructs
employed, or
Use of unit weights to calculate a factor score for each teacher on each of the sub-constructs
employed.

Our recommendation is to leverage the simplicity and conceptual clarity of unit weights.

Essentially, it means that for each teacher on each sub-construct, all the actual scores of the
specifically-loaded items would be added together and divided by the total number of items. This
is consistent with our employment of alpha coefficients and our logic in creating distinct sub-
constructs.

[y
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Table 1. Item-level Descriptive Statistics (N=1072)

Item Statement:

Teaching is mentally draining.

With the help of my colleagues, we can solve student
issues.

I feel used up at the end of the school day.

My pay as a teacher is insufficient to support my family
I feel fatigued when I get up in the morning and have to
face another day at school.

I have the ability to get parents involved in their children’s
education.

I ask my colleagues for feedback.

With the help of my colleagues, we can identify innovative
practices.

As a teacher, I'm given more responsibilities than I can
manage.

Some teachers at my school want to transfer to another
school.

I do not get paid on time.

I can make my classroom a safe space for students, both
emotionally and physically.

No matter how much natural ability you may have, you
can always find important ways to improve
As a teacher, I am contributing positively to the lives of
my students.

Mean

2.90
4.97

3.34
3.54
1.86
4.75

4.40
5.17

2.79

2.19

1.88
5.13

5.19

5.26

Std.

Dev.
1.48
1.32
1.47
1.78
1.06
1.29

1.47
1.11

1.59

1.29

1.27
1.13

1.03

1.03

Skewness

0.27
-1.85

-0.04
-0.05

1.92
-1.45

-1.01
-2.22

0.72

1.28

1.97
-2.13

-2.25

-2.41
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15
16
17
18
19
20
21
22
23

24

25

26

27

28
29

30
31
32
33
34
35
36
37
38
39
40
41
42
43
44

45

I feel energized when my class greets me each morning.
If I had to choose again, I would still want to be a teacher.
My supervisors treat me with respect.

My colleagues at school make work a fun place to be.
My supervisor praises me for my efforts in the school.
Parents value my work as a teacher.

I plan lessons with a colleague.

I feel confident about my abilities as a teacher.

If a student does not remember information in a previous
lesson, I would know how to help them remember.

When a student gets a better grade than he or she usually
gets, it is because I found a better way.

If a student in my class is undisciplined, I know some
techniques to direct him or her.

Every teacher can continue to improve their practice
throughout their career.

I can get through to even the most difficult or unmotivated
students.

I can motivate students who show low interest in school.
I can influence some of the decisions that are made in the
school.

I can get students to work in groups or pairs.

I ask my supervisor for feedback.

I can help students overcome some difficult home and
community conditions.

Teachers in my school work closely with supervisors.

I spend too much time traveling to my school.

My fellow teachers can be counted on to influence
decisions of the school.

When I get new material, I am sure I am able to learn it.
My family is proud that I am a teacher.

Sometimes I share materials with colleagues.

My colleagues praise me for coming up with new ways to
teach a lesson.

When I set a goal, no matter how difficult, I will
eventually achieve it.

I can learn new things, but I cannot really change my basic
intelligence.

The kind of teacher someone is, is something very basic
about them, and can’t be changed very much.

Every teacher can significantly improve their teaching
ability.

Some teachers don’t really benefit from professional
learning because they have a natural ability.

Teachers can change the way they teach in the classroom,

5.33
5.20
5.40
4.97
5.09
5.27
4.26
5.38
5.27

4.79

5.11

5.25

4.81

5.14
4.66

5.01
4.45
4.29
5.20
2.20
4.76
5.33
5.50
5.02
5.07
5.23
5.07
4.08
3.78
3.48

3.38

1.03
1.16
0.96
1.15
1.02
0.91
1.51
0.90
0.89

1.11

0.87

0.95

1.07

0.93
1.15

1.09
1.49
1.37
1.01
1.39
1.13
0.93
0.87
1.06
0.98
0.86
0.96
1.51
1.66
1.59

1.55

-2.50
-2.09
-2.73
-1.75
-1.84
-2.16
-0.79
-2.78
-2.16

-1.26

-1.85

-2.19

-1.15

-1.84
-1.10

-1.82
-1.02
-0.75
-2.12

1.30
-1.47
-2.47
-3.01
-1.83
-1.70
-1.75
-1.53
-0.62
-0.23
-0.06

0.09
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but they can’t really change their true ability.
Some teachers will be ineffective no matter how hard they 2.70
try to improve.

Table 2. Comparison of item loadings in EFA
and CFA
Factor 1
Teaching is mentally draining.
I feel used up at the end of the school day.
I feel fatigued when I get up in the morning and have to face another
day at school.
As a teacher, I'm given more responsibilities than I can manage.
Some teachers at my school want to transfer to another school.
I do not get paid on time.
Factor 2
With the help of my colleagues, we can solve student issues.
I have the ability to get parents involved in their children’s education.
With the help of my colleagues, we can identify innovative practices.
I can make my classroom a safe space for students, both emotionally
and physically.
No matter how much natural ability you may have, you can always
find important ways to improve
As a teacher, I am contributing positively to the lives of my students.

I feel energized when my class greets me each morning.

My supervisors treat me with respect.
Factor 3
If I had to choose again, I would still want to be a teacher.

My colleagues at school make work a fun place to be.

My supervisor praises me for my efforts in the school.

Parents value my work as a teacher.

I feel confident about my abilities as a teacher.

If a student does not remember information in a previous lesson, I
would know how to help them remember.

When a student gets a better graded than he or she usually gets, it is
because I found a better way.

If a student in my class is undisciplined, I know some techniques to
direct him or her.

Every teacher can continue to improve their practice throughout their
career.

1.52

EFA
0.53
0.38

0.62

0.41
0.47
0.57
EFA
0.40
0.38
0.53

0.61

0.66

0.68
0.71

0.42
EFA
0.50

0.30

0.41
0.52
0.57

0.61

0.53

0.61

0.48

0.68

CFA
0.46
0.45

0.68

0.32
0.33
0.68
CFA
0.52
0.55

0.69
0.70

0.76

0.76
0.77

0.85
CFA
0.77

0.52

0.55
0.72
0.83

0.74

0.44

0.75

0.70
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28
29
30
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35

36
37
38

39

40

41
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31
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43
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I can get through to even the most difficult or unmotivated students.
I can motivate students who show low interest in school.

I can influence some of the decisions that are made in the school.

I can get students to work in groups or pairs.

Teachers in my school work closely with supervisors.

My fellow teachers can be counted on to influence decisions of the
school.

When I get new material, I am sure I am able to learn it.

My family is proud that I am a teacher.

Sometimes I share materials with colleagues.

My colleagues praise me for coming up with new ways to teach a
lesson.

When I set a goal, no matter how difficult, I will eventually achieve
it.

I can learn new things, but I cannot really change my basic
intelligence.
Factor 4

I ask my colleagues for feedback.

I plan lessons with a colleague.

I ask my supervisor for feedback.
Factor 5

The kind of teacher someone is, is something very basic about them,
and can’t be changed very much.

Every teacher can significantly improve their teaching ability.
Some teachers don’t really benefit from professional learning because
they have a natural ability.

Teachers can change the way they teach in the classroom, but they
can’t really change their true ability.

Some teachers will be ineffective no matter how hard they try to
improve.

0.79
0.69
0.56
0.44
0.43

0.43

0.72
0.671
0.37

0.63

0.611

0.74

EFA
0.67
0.29
0.70
EFA

0.50
0.70
0.59

0.68

0.55

0.62
0.69
0.54
0.68
0.71

0.49

0.71
0.77
0.60

0.66

0.69

0.62

CFA
0.55
0.45
0.66
CFA

0.56
0.69
0.69

0.79

0.57
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Figure 1. CFA Model of the TR
(Delhi)
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Appendix A7: Classroom observation tool — development and iteration

Literature

Instructional time and appropriate classroom management time are key inputs into a
production function of student learning outcomes (Glewwe and Kremer 2006). The former
can be increased through adding hours to the school day or recovering minutes from time off-
task during any given school period (Ganimian and Murnane 2014).

A key way of assessing time use during a class period comes from the work of Jane Stallings
(Stallings 1977; World Bank 2015).!! The full Stallings Classroom Snapshot is a well-
established structured observation tool that captures how classroom inputs — including time
— are employed to improve learning. The tool has been used in low- and middle-income
countries in Latin America and Sub-Saharan Africa to describe classroom practice (Bruns and
Luque 2015; Bruns, De Gregoria, and Taut 2016; Bold et al. 2016). Through repeated use of
the Stallings snapshot by researchers (though not in India), a rough benchmark has been set
for quality teaching: 85% of class time spent teaching and 15% of time spent on classroom
management (with 0% of time spent off-task) (Bruns, De Gregoria, and Taut 2016).

Much of STIR’s focus is on changing the tone and environment in the classroom in a way
that is ultimately more conducive for learning. To capture this, we drew on a series of child-
friendliness indicators developed by the ASER Centre to highlight classroom features in
India, based on easily observable aspects of India’s National Curriculum Framework’s
guidance on good teacher practice (NCERT 2005; S. Bhattacharjea, Wadhwa, and Banerji
2011; Suman Bhattacharjea 2017). These represent a subset of the inclusive, child-centered,
and physically and emotionally healthy conception of child-friendly schools deployed by
UNICEF (UNICEF 2006). To our knowledge, most indicators related to child-friendliness
have been used descriptively, to provide reports on and comparisons between different
schools, rather than as outcomes in an impact evaluation.

We developed a classroom practice observation tool that drew on key components of the
Stallings snapshot.

Overview of tool

The classroom observation tool used was adapted from the Stallings Classroom Snapshot a
tool developed by Jane Stallings in 1977 (Stallings 1977; World Bank 2015). The snapshot
captures how classroom inputs are employed to improve learning. This includes how a
teacher spends own time and what physical resources and materials are used in the
classrooms.

We used the snapshot to assess teachers’ behavior and practices within the classroom and the
changes that may arise because of STIR’s program. Enumerators ‘sit-in’ in classrooms and
code student and teacher activities, four times for an interval of five minutes each. The

11 Only two measures of time use in classrooms have gained traction to date in low- and middle-income countries —
the Classroom Assessment Scoring System (CLASS) and the Stallings classroom observation instrument (Bruns, De
Gregoria, and Taut 2016).
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Stallings tool is a well-established and widely used observational tool used to gauge
classrooms and has especially been extensively used in classrooms in Latin America.

Adaptation to the original Stallings

Certain changes were made to the Stallings tool in its original form to make it more suitable
for our use.
e The number of observations was reduced to four to make it more suitable to Indian
classrooms and easier to administer.

e A section was added to capture and quantify the flow of verbal interactions within the
classroom. This was like the Flanders tool (Flanders 1961; Amidon 1966).!2 It
involved rapidly capturing ‘who is speaking?’ and ‘what is being said?’ This was
recorded thirty times over a two-and-a-half-minute window, in the middle of the
observation period.

e A section was also added to capture the content level being taught in the class.

e Finally, the a set of child-friendliness indicators developed by ASER was added to
one of the observations (S. Bhattacharjea, Wadhwa, and Banerji 2011).

Baseline instruments

While the Stallings classroom snapshot tool includes multiple components of classroom
activities, our main focus is on teacher time-use. Time use is divided into three main, pre-
coded categories: teaching, managing the classroom, or off-task.!?

To capture this, an enumerator is placed, as unobtrusively as possible, in a classroom to take
note of what is happening in the classroom at specific points in time. At these points in time
(signaled through the SurveyCTO software used for data collection), enumerators record
what the teacher is doing at that moment, disregarding what has been happening any time
prior (SurveyCTO (version 2.02) 2016).4

12 The verbal interaction tool recorded the speaker and content of speech for several minutes inside the classroom.
This data was then used to compute metrics such as teachers’ reactions to students’ questions, the relative frequency
teachers praising or criticizing students, etc.

13 Teaching is defined to include time spent by a teacher in lecture, answering academic matter related questions,
correction of students’ academic work and engaging with all or a group of students with regards to what is being
taught in the classrooms. Classroom management is defined to include non-academic clarifications of doubts and
questions, general classroom discipline and behavior, and other defined administrative responsibilities such as
attendance, checking uniforms etc. Finally, if a teacher is spending time on any activity other than teaching and
classroom management, then the teacher is off-task.

14 We also made some additions to the observation tool not strictly related to time use. First, we added to our
tool a section to capture the content level being taught in the class. Second, to help contextualize our findings,
we also included a one-time capture of basic classroom amenities, such as whether there were desks for the
students and teacher. These results are presented in Appendix A27. Finally, we included a section on classroom
interactions between teachers and students, which drew on the work of Flanders (Flanders 1961; Amidon 1966).
However, we ultimately found these data difficult to collect and to meaningfully analyze, with no clear sense of
what types of changes we ‘should’ expect over time in an improving classroom. We thus dropped this section
from the classroom practice observation tool for midline. We discuss this in more detail in Appendix A13.
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Due to the realities of school and classroom entry and timing in India, we made two central
changes to how the snapshot is used in our classroom practice observation tool. (More details
on the development of the tool are in Appendix A13).

First, the original tool calls for ten recording points during a single classroom session. Given
the length of class times in India, however, we reduced the number of points to four; every
five minutes, enumerators selected from a coded menu of descriptions of what was occurring.
Note that since the time-use categories are mutually exclusive and since they capture
particular points in time rather than duration of activities, the result can be 0%, 25%, 50%,
75%, or 100% for any time-use category, since each observation has four ‘rounds’ of
measurement.

Second, in other settings, enumerators go to a classroom in advance of class starting and
begin recording from the time the class is scheduled to start. As such, if the teacher is five
minutes late getting to class or starting a specific lesson, those 5 minutes would be recorded
as “off-task.” However, we rely on teachers for the entry to their classrooms and the timing of
specific lessons is often slightly fluid.!> Thus, we only begin recording once the teacher

enters the classroom; our results are internally consistent but should not be taken as directly
comparable to the results of other researchers deploying Stallings from the beginning of
scheduled class timings.

Outcomes from the classroom observation tool

We broadly classified outcomes from the classroom observation tool into two ‘families’.
These are the ‘time use’ and the ‘child friendliness’ families.

Time use: There are two indicators of time use that we look at as outcomes:
e Teaching time: Defined as percentage of times teachers were observed as teaching.
Note: For each teacher this could be either 0% or 25% or 50% or 75% or 100% since
each observation has four ‘rounds’ of observation.

e Off-task time: Defined as the percentage of times teachers were observed as off-task.
As with teaching time, this could be either 0% or 25% or 50% or 75% or 100% since
each observation has four ‘rounds’ of observation.

Amongst these, teaching time is considered as the primary indicator. Both indicators are
coded as response to the question ‘What is the teacher doing?’ (Q1 in section A, C, E, and G
in the classroom observation tool).

Child friendliness: There are six indicators of child friendliness that were used as outcomes:
e Teacher smiled/joked: Defined as the percentage of times teachers were observed as
smiling or joking with students at least once during the observation window. (Q4 in
section B, D, F, and H in the classroom observation tool).

15 In several instructive episodes, teachers told us that they were not necessarily planning to teach a particular class
(in favor of a cup of chai) but since we were there, they would teach after all.
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e Students asked at least one question: Defined as the percentage of times teachers
were observed as being asked at least one questions by students during the
observation window. (Q5 in section B, D, F, and H in the classroom observation tool).

e Teachers praised or displayed students’ work: Defined as the percentage of times
teachers were observed as praising or displaying work done by students within the
classroom at least once during the observation window. (Q6 in section B, D, F, and H
in the classroom observation tool).

e Teachers made use of local information, materials: Defined as the percentage of
times teachers were observed as having used local information or materials while
teaching at least once during the observation window. (Q7 in section B, D, F, and H in
the classroom observation tool).

e Teachers used learning aides: Defined as the percentage of times teachers were
observed using learning aids while teaching at least once during the observation
window. (Q8 in section B, D, F, and H in the classroom observation tool).

e Students worked in small groups/ pairs: Defined as the percentage of times
teachers were observed as encouraging students to work in small groups or pairs at
least once during the observation window. (Q9 in section B, D, F, and H in the
classroom observation tool).

While STIR views these as ‘good’ classroom practices, note that none of these behaviors
were necessarily stressed during the first year of STIR’s programming as evaluated here. It is
possible that different micro-innovations incorporated these elements but in Year 1, these
aspects of classroom culture and practice were not specifically endorsed by STIR.

Changes from baseline to midline

The observation tool was changed between baseline and midline based on learnings from
baseline and to make it more useful for STIR in the following ways:
e Dropping the Flanders’ section: The Flanders section was based on work by
Flanders to study classroom interactions (Flanders 1961). This section has been used
to capture communication within classrooms but presented a few complications:

o Flanders works best in classrooms where there is a two-way communication
channel. In Indian classrooms, especially in schools where the evaluation took
place, most communication is still led by teachers. The analysis of the data
was complex, and made it tough to make statements interesting/ useful for
STIR.

o The Flanders tool was also tough to administer from an enumerator standpoint
due to challenges in classifying and coding the classroom communication in
the given categories and the strict timing component.

e ASER matrix: At baseline, we only captured child-friendly behaviors once during a single 40-
minute classtoom observation. At midline, we decided to look for these indicators four times
through the classroom observation. This was to allow us a clearer and more confident picture of
what was happening in the classroom, given STIR’s interest in the baseline descriptive results
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using this indicators. We also added two further indicators based on our understanding of STIR’s
program — 1) Teachers praised or displayed students’ work (Defined as the percentage of
times teachers were observed as praising, showing-off, or displaying work done by students within
the classroom at least once during the observation window) and 2) Teacher refers to students
by name (Defined as the percentage of times teachers were observed as always referring to
students by their name during the observation window). The classroom practice observation tool
used at midline is included in Appendix AS.

e Changing question on student activities: The Stallings tool had a question on
student activities, namely the number of students engaged in different activities.
However, given the lack of agency students have within a classroom the interpretation
of the results became difficult. Instead, we replaces the more detailed observation of
student activities with a simpler and more meaningful (from STIR’s point of view) set
of questions. We used a two-part question to gauge if students in the classroom are
following instructions given by teachers (on task) or not.

e Adding a new section on classroom information: A new section was added which
enumerators filled out before the ‘main observation’. This included classroom-level
information, including number of students; number of girls and boys; if outside noise
affects the classroom, etc. We felt this would be useful in providing context to our
analysis of how classrooms are functioning.

Lessons learnt

The Stallings tool is relevant for STIR as it is useful in understanding teacher activities in the
classroom. The ASER matrix includes themes which teachers focus on as part of their first
year journey with STIR via micro innovations and otherwise. These include emphasis on
questions asked by students, smiling, displaying students’ work etc.

A limitation of the Stallings tool in its original form and even in the adapted form we use, is
that it does not allow us to distinguish between good and bad observations; e.g., “drills” could
be productive or could reflect recitation without learning. Further it does not capture quality
of instructions and makes it tough for us to make normative statements.
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Appendix A8: Classroom observation tool (endline version)

Observation date: [HI-THI1-TH1]

Classroom entry time: [HT:T11

Begin observation 1 (5 minutes after classroom entry time): [][]:[1[]
Record observation 1 (8 minutes after classroom entry time): [][]:[ ][]
Record observation 2 (11 minutes after classroom entry time): [][]:[][]
Record observation 3 (14 minutes after classroom entry time): [][]:[][]
Record observation 4 (17 minutes after classroom entry time): [][]:[][]
Record observation 5 (20 minutes after classroom entry time): [][]:[][]
Record observation 6 (23 minutes after classroom entry time): [][]:[][]
Record observation 7 (26 minutes after classroom entry time): [][]:[][]

Before beginning with the observation, please note the following:
Number of students —

Number of girls visible in the class —

Number of boys visible in the class —

e

How many teachers are in present the classroom?
a. None
b. 1
c. 2
d. 3 orabove
5.  What best describes the classroom?
a.  Open/ outdoor class
b. Roofed but open from the sides
c. Covered with walls
6. How would you describe the way the students are seated?
a. In rows
b. In groups
c. No particular arrangement
7. Majority of the students are on:
a. Bare floor
b. Mats
c. Seats with tables
d. Seats without tables
e. Not seated
8. Please note the following as yes, no or unclear:
Statement Yes No Unclear
Are children wearing uniform?
Does outside noise effect communication?
Does the classtoom have a blackboard ot whiteboard?
Is there a chair and/or a table for the teacher?
Are there posters, etc., on the walls or otherwise on display (other than student
work)?

Is student work (posters, drawings, etc.) on display in the classroom?
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STOP. Please wait on this page until it is time to begin observation 1.
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OBSERVATION 1 RECORD TIME........c....... | [I[1:[1[]

A. Classroom Snapshot (1): Answer questions about this moment (now).

1 What is the teacher doing? |

A Teaching students (discussing academic material)

B Classroom management (discipline, attendance, or
other non-academic interaction)

C  Out of classroom or off-task

2 What are students supposed to be doing?

Listening to, watching the teacher or repeating what the
teacher says

Working or discussing in pairs, groups or as a class

Working quietly (individually)

Sitting or standing quietly for non-academic purposes
(such as uniform distribution etc.)

No particular instructions on what they are supposed to
be doing

Unclear

3a Based on the instructions given by teachers mentioned
above which of the following most accurately describes the

students?
A Students are engaged in whatever they are supposed to
do

B Students are not engaged in whatever they are
supposed to do

C  Unclear (only when unclear option is selected in
question 2; loop ends here for this)

3b (For options A and B in 3a) To what extent are the students engaged or not
engaged?
A Somewhat
B Very much
B. Classroom overview (1): Please answer this question based on the past

five minutes only.

4 Did the teacher smile, laugh or joke with at least some
students?

A Yes
B No
C Don’t know

5 Did the students ask the teacher at least one question?
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A Yes
B No
C Don’t know
6 Did the teacher praise at least one child or

shared/showcased the work of one child in front of the
rest of the class?

A Yes
B No
C Don’t know
7 Did the teacher use local information to make academic

content relevant?

This includes use of objects, events, places or people with
which students are familiar.

A Yes
B No
C Don’t know
8 Did the teacher use any learning aides (posters,
chalkboard, supplies) other than the textbook?
A Yes
B No
C Don’t know
9 Did the teacher ask children to work in small groups or
pairs?
A Yes
B No
C Don’t know

10 Did the teacher always refer to her students by their

name?

A Yes

B No

C Don’t know

11 What topics were covered during this class?

Math
Single-digit numbers
Double-digit numbers
Addition
Subtraction
Multiplication
Division
Fractions
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Other math

Hindi

Letters

Words

Sentences

Stories

Vocabulary

Other

Other

Other subject

STOP.
Please wait on this page until it is time to begin observation 2.

OBSERVATION 2 RECORD TIME................ [I0]:T0]

C. Classroom Snapshot (2): Answer questions about this moment (now).

1 What is the teacher doing? |

A Teaching students (discussing academic material)

B Classroom management (discipline, attendance, or
other non-academic interaction)

C  Out of classroom or off-task

2 What are students supposed to be doing?

Listening to, watching the teacher or repeating what the
teacher says

Working or discussing in pairs, groups or as a class

Working quietly (individually)

Sitting or standing quietly for non-academic purposes
(such as uniform distribution etc.)

No particular instructions on what they are supposed to
be doing

Unclear

3a Based on the instructions given by teachers mentioned
above which of the following most accurately describes the
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students? |
A Students are engaged in whatever they are supposed to
do

B Students are not engaged in whatever they are
supposed to do

C  Unclear (only when unclear option is selected in
question 2; loop ends here for this)

3b (For options A and B in 3a) To what extent are the students engaged or not
engaged?
A Somewhat
B Very much

D. Classroom overview (2): Please answer this question based on the past
five minutes only.

4 Did the teacher smile, laugh or joke with at least some
students?
A Yes
B No
C Don’t know
5 Did the students ask the teacher at least one question?
A Yes
B No
C Don’t know
6 Did the teacher praise at least one child or

shared/showcased the work of one child in front of the
rest of the class?

A Yes
B No
C Don’t know
7 Did the teacher use local information to make academic

content relevant?

This includes use of objects, events, places or people with
which students are familiar.

A Yes
B No
C Don’t know

8 Did the teacher use any learning aides (posters,
chalkboard, supplies) other than the textbook?
A Yes
B No
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C Don’t know
9 Did the teacher ask children to work in small groups or
pairs?
A Yes
B No
C Don’t know

10 Did the teacher always refer to her students by their
name?

A Yes
B No
C Don’t know

11 What topics were covered during this class?
Math

Single-digit numbers

Double-digit numbers

Addition

Subtraction

Multiplication

Division

Fractions

Other math

Hindi

Letters

Words

Sentences

Stories

Vocabulary

Other

Other

Other subject

STOP.
Please wait on this page until it is time to begin observation 3.

OBSERVATION 3 RECORD TIME................ [I0]:T0]

E. Classroom Snapshot (3): Answer questions about this moment (now).

1 What is the teacher doing? |

A Teaching students (discussing academic material)
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B  Classroom management (discipline, attendance, or
other non-academic interaction)
C  Out of classroom or off-task

2 What are students supposed to be doing?

Listening to, watching the teacher or repeating what the
teacher says

Working or discussing in pairs, groups or as a class

Working quietly (individually)

Sitting or standing quietly for non-academic purposes
(such as uniform distribution etc.)

No particular instructions on what they are supposed to
be doing

Unclear

3a Based on the instructions given by teachers mentioned
above which of the following most accurately describes the

students?
A Students are engaged in whatever they are supposed to
do

B Students are not engaged in whatever they are
supposed to do

C  Unclear (only when unclear option is selected in
question 2; loop ends here for this)

3b (For options A and B in 3a) To what extent are the students engaged or not
engaged?
A Somewhat
B Very much

F. Classroom overview (3): Please answer this question based on the past
five minutes only.

4 Did the teacher smile, laugh or joke with at least some
students?
A Yes
B No
C Don’t know
5 Did the students ask the teacher at least one question?
A Yes
B No
C Don’t know
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6 Did the teacher praise at least one child or
shared/showcased the work of one child in front of the
rest of the class?

A Yes
B No
C Don’t know
7 Did the teacher use local information to make academic

content relevant?

This includes use of objects, events, places or people
with which students are familiar.

A Yes
B No
C Don’t know
8 Did the teacher use any learning aides (posters,
chalkboard, supplies) other than the textbook?
A Yes
B No
C Don’t know
9 Did the teacher ask children to work in small groups or
pairs?
A Yes
B No
C Don’t know
10 Did the teacher always refer to her students by their
name?
A Yes
B No
C Don’t know
11 What topics were covered during this class?
Math
Single-digit numbers
Double-digit numbers
Addition
Subtraction
Multiplication
Division
Fractions
Other math
Hindi
Letters
Words
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Sentences

Stories

Vocabulary

Other

Other

Other subject

STOP.
Please wait on this page until it is time to begin observation 4.

OBSERVATION 4 RECORD TIME................ | [I[1:[1[]

G. Classroom Snapshot (4): Answer questions about this moment (now).

1 What is the teacher doing? |

A Teaching students (discussing academic material)

B Classroom management (discipline, attendance, or
other non-academic interaction)

C  Out of classroom or off-task

2 What are students supposed to be doing?

Listening to, watching the teacher or repeating what the
teacher says

Working or discussing in pairs, groups or as a class

Working quietly (individually)

Sitting or standing quietly for non-academic purposes
(such as uniform distribution etc.)

No particular instructions on what they are supposed to
be doing

Unclear

3a Based on the instructions given by teachers mentioned
above which of the following most accurately describes the

students?
A Students are engaged in whatever they are supposed to
do

B Students are not engaged in whatever they are
supposed to do
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C  Unclear (only when unclear option is selected in
question 2; loop ends here for this)

3b (For options A and B in 3a) To what extent are the students engaged or not
engaged?
A Somewhat
B Very much

H. Classroom overview (4): Please answer this question based on the past
five minutes only.

4 Did the teacher smile, laugh or joke with at least some
students?
A Yes
B No
C Don’t know
5 Did the students ask the teacher at least one question?
A Yes
B No
C Don’t know
6 Did the teacher praise at least one child or

shared/showcased the work of one child in front of the
rest of the class?

A Yes
B No
C Don’t know
7 Did the teacher use local information to make academic

content relevant?

This includes use of objects, events, places or people
with which students are familiar.

A Yes
B No
C Don’t know
8 Did the teacher use any learning aides (posters,
chalkboard, supplies) other than the textbook?
A Yes
B No
C Don’t know
9 Did the teacher ask children to work in small groups or
pairs?
A Yes
B No
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C Don’t know

10 Did the teacher always refer to her students by their
name?

A Yes
B No
C Don’t know

11 What topics were covered during this class?
Math

Single-digit numbers

Double-digit numbers

Addition

Subtraction

Multiplication

Division

Fractions

Other math

Hindi

Letters

Words

Sentences

Stories

Vocabulary

Other

Other

Other subject

STOP.
Please wait on this page until it is time to begin observation 5.

OBSERVATION 5 RECORD TIME................ [I0]:T0]

A. Classroom Snapshot (5): Answer questions about this moment (now).

1 What is the teacher doing? |

A Teaching students (discussing academic material)

B  Classroom management (discipline, attendance, or
other non-academic interaction)

C  Out of classroom or off-task

2 What are students supposed to be doing?

Listening to, watching the teacher or repeating what the |

IDinsiocht midline report on STIR proorammine in Delhi and Uttar Pradesh: Rebort Abpbendix 60



OIDinsight

DATA. DECISIONS. DEVELOPMENT.

teacher says

Working or discussing in pairs, groups or as a class

Working quietly (individually)

Sitting or standing quietly for non-academic purposes
(such as uniform distribution etc.)

No particular instructions on what they are supposed to
be doing

Unclear

3a Based on the instructions given by teachers mentioned
above which of the following most accurately describes the

students?
A Students are engaged in whatever they are supposed to
do

B Students are not engaged in whatever they are
supposed to do

C  Unclear (only when unclear option is selected in
question 2; loop ends here for this)

3b (For options A and B in 3a) To what extent are the students engaged or not
engaged?
A Somewhat
B Very much

B. Classroom overview (5): Please answer this question based on the past
five minutes only.

4 Did the teacher smile, laugh or joke with at least some
students?
A Yes
B No
C Don’t know
5 Did the students ask the teacher at least one question?
A Yes
B No
C Don’t know
6 Did the teacher praise at least one child or

shared/showcased the work of one child in front of the
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rest of the class?

A Yes
B No
C Don’t know
7 Did the teacher use local information to make academic

content relevant?

This includes use of objects, events, places or people
with which students are familiar.

A Yes
B No
C Don’t know
8 Did the teacher use any learning aides (posters,
chalkboard, supplies) other than the textbook?
A Yes
B No
C Don’t know
9 Did the teacher ask children to work in small groups or
pairs?
A Yes
B No
C Don’t know
10 Did the teacher always refer to her students by their
name?
A Yes
B No
C Don’t know
11 What topics were covered during this class?
Math
Single-digit numbers
Double-digit numbers
Addition
Subtraction
Multiplication
Division
Fractions
Other math
Hindi
Letters
Words
Sentences
Stories
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Vocabulary

Other

Other

Other subject

STOP.
Please wait on this page until it is time to begin observation 6.

OBSERVATION 6 RECORD TIME................ [I0]:T0]

A. Classroom Snapshot (6): Answer questions about this moment (now).

1 What is the teacher doing? |

A Teaching students (discussing academic material)

B Classroom management (discipline, attendance, or
other non-academic interaction)

C  Out of classroom or off-task

2 What are students supposed to be doing?

Listening to, watching the teacher or repeating what the
teacher says

Working or discussing in pairs, groups or as a class

Working quietly (individually)

Sitting or standing quietly for non-academic purposes
(such as uniform distribution etc.)

No particular instructions on what they are supposed to
be doing

Unclear

3a Based on the instructions given by teachers mentioned
above which of the following most accurately describes the

students?
A Students are engaged in whatever they are supposed to
do

B Students are not engaged in whatever they are
supposed to do

C  Unclear (only when unclear option is selected in
question 2; loop ends here for this)
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3b (For options A and B in 3a) To what extent are the students engaged or not
engaged?
A Somewhat
B Very much

B. Classroom overview (6): Please answer this question based on the past
five minutes only.

4 Did the teacher smile, laugh or joke with at least some
students?
A Yes
B No
C Don’t know
5 Did the students ask the teacher at least one question?
A Yes
B No
C Don’t know
6 Did the teacher praise at least one child or

shared/showcased the work of one child in front of the
rest of the class?

A Yes
B No
C Don’t know
7 Did the teacher use local information to make academic

content relevant?

This includes use of objects, events, places or people
with which students are familiar.

A Yes
B No
C Don’t know
8 Did the teacher use any learning aides (posters,
chalkboard, supplies) other than the textbook?
A Yes
B No
C Don’t know
9 Did the teacher ask children to work in small groups or
pairs?
A Yes
B No
C Don’t know
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10 Did the teacher always refer to her students by their
name?

A Yes
B No
C Don’t know

11 What topics were covered during this class?
Math

Single-digit numbers

Double-digit numbers

Addition

Subtraction

Multiplication

Division

Fractions

Other math

Hindi

Letters

Words

Sentences

Stories

Vocabulary

Other

Other

Other subject

STOP.
Please wait on this page until it is time to begin observation 7.

OBSERVATION 7 RECORD TIME................ [I0]:T0]

A. Classroom Snapshot (7): Answer questions about this moment (now).

1 What is the teacher doing? |

A Teaching students (discussing academic material)

B Classroom management (discipline, attendance, or
other non-academic interaction)

C  Out of classroom or off-task

2 What are students supposed to be doing?

Listening to, watching the teacher or repeating what the
teacher says

Working or discussing in pairs, groups or as a class
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Working quietly (individually)

Sitting or standing quietly for non-academic purposes
(such as uniform distribution etc.)

No particular instructions on what they are supposed to
be doing

Unclear

3a Based on the instructions given by teachers mentioned
above which of the following most accurately describes the

students?
A Students are engaged in whatever they are supposed to
do

B Students are not engaged in whatever they are
supposed to do

C  Unclear (only when unclear option is selected in
question 2; loop ends here for this)

3b (For options A and B in 3a) To what extent are the students engaged or not
engaged?
A Somewhat
B Very much

B. Classroom overview (7): Please answer this question based on the past
five minutes only.

4 Did the teacher smile, laugh or joke with at least some
students?
A Yes
B No
C Don’t know
5 Did the students ask the teacher at least one question?
A Yes
B No
C Don’t know
6 Did the teacher praise at least one child or

shared/showcased the work of one child in front of the
rest of the class?

A Yes
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B No
C Don’t know
7 Did the teacher use local information to make academic

content relevant?

This includes use of objects, events, places or people
with which students are familiar.

A Yes
B No
C Don’t know
8 Did the teacher use any learning aides (posters,
chalkboard, supplies) other than the textbook?
A Yes
B No
C Don’t know
9 Did the teacher ask children to work in small groups or
pairs?
A Yes
B No
C Don’t know
10 Did the teacher always refer to her students by their
name?
A Yes
B No
C Don’t know
11 What topics were covered during this class?
Math
Single-digit numbers
Double-digit numbers
Addition
Subtraction
Multiplication
Division
Fractions
Other math
Hindi
Letters
Words
Sentences
Stories
Vocabulary
Other
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Other

Other subject

END OF OBSERVATION IN THIS CLASSROOM.
You have completed the observation part of the survey in this classroom.
Please find a suitable time and ask the teacher the following.

12 Which book(s) were being used for teaching today?

Bookl

Book?2

Book3

Book4

Book5

Book6

Book7

Bookg&

For each book what was the chapter number being covered
in the class today?

Bookl

Book?2

Book3

Book4

Book5

Book6

Book7

Book&

(If possible) For each book what was the page number being covered in the class
today?

Bookl

Book?2

Book3

Book4

Book5

Book6

Book7

Book&
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Appendix A9: Student learning tool

Literature

One common and popular way of understanding student competency in core subjects has
been developed by Pratham and the ASER Centre. The ASER student testing tool (across
different languages and competencies) is widely used in India (in the Annual State of
Education Reports; Bhattacharjea S 2013; Banerjee S, Mandal K S, and De P; Shotland M,
Berry J and Banerji R 2014) and is now also used in Sub-Saharan Africa. The popularity of
the ASER tool comes from what it captures — basic reading and arithmetic which are
considered as foundational skills; and the advantage of the tools being simple, quick, cost-
effective, and easy to train examiners to administer (Wagner 2003). The yearly ASER survey
(using the ASER tool) is widely regarded as providing information on Indian education by
allowing for rapid assessments (Muralitharan 2013)'6. For the purposes of our evaluations,
the ASER tool helped capture ‘learning’ well by assessing H Hindi reading (the local
language in northern India) and math levels.

Hindi baseline instruments

To measure student competency in Hindi, we rely on a modified version of the ASER test for
learning levels (“Annual Status of Education - Rural” 2005). Our modifications were to
extend the range of skills (learning levels) covered by the tests as our sample includes 1% to
8t grades. Specifically, we included two additional levels of “story” that were slightly more
difficult than the other stories to avoid potential ceiling effects. Difficulty was assessed based
on a combination of a few different criteria — total number of words, total number of
sentences, number of words with four letters, number of words with more than four letters,
words with half letters, complexity of specific words. The added ‘levels’ were piloted
extensively before baseline.

We illustrate how the tool is administered using the Hindi assessment as an example. A
student’s Hindi level is defined as the highest question he/ she answers correctly. Students in
different grades start from different places in the student testing tool. Details can be seen in
Table A7, below.

Table A7: Starting point to administer the Hindi assessment tool in Delhi and U.P.

Starting point Starting point

Grade Delhi U.P.

First Letters Letters
Second | Words Letters
Third Paragraph Letters
Fourth Story 1 Letters
Fifth Story 2 Story 1
Sixth Story 2 Story 1
Seventh | Story 2 Story 2
Eighth Story 2 Story 2

16 Note however Muralitharan (2013) does call for the use of more ‘advanced’ tool in case a deeper diagnosis vis-a-vis
the whole range of the syllabus is required.
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The testing tool is ordinal in nature, i.e, if the student is at paragraph level, that would imply
that they can do everything from letters through paragraph but not Story 1 and above. From
the first question a student is given (as per grade level, shown in Table A7), the student can
either move up to a higher question (if they answer correctly) or move down to a lower
question (if they answer incorrectly). To illustrate, a fourth-grade student in Delhi would start
the Hindi test from level the Story 2 level. If the student gets this question correct, they will
be asked a question about Story 3. If not, the student will be asked about Story 1; if they
cannot read Story 1, they will be asked to try the paragraph, and so on.

For letters and words, students need to read three out of five correctly to progress to the next
question (see Appendix A10 for the Hindi testing tool). For paragraph and stories, students
are allowed a maximum of three errors.!”

In developing an expectation about how much Year 1 of STIR’s programming might affect
Hindi learning outcomes, it is important to remember while STIR aims to improve student
learning outcomes overall, (a) STIR does not specifically target teachers focused on Hindi
and (b) the changes teachers make in their classroom in the first year do not necessarily target
pedagogical strategies to improve Hindi acquisition.

Update for endline measurement

Based on our baseline results, we added an additional level story level to avoid potential
ceiling effects in our results. The instrument we used at endline are in Appendix A10.

Math baseline instruments

To measure student competency in math, we rely on a modified version of the ASER test for
learning levels (“Annual Status of Education - Rural” 2005). Our modifications were to
extend the range of skills (learning levels) covered by the tests as our sample includes 1% to
8t grades. Specifically, we included fractions beyond being able to do division.

Update for endline measurement

There were no updates made from baseline to endline

17 All errors in one word are considered one and reading the same word incorrectly over and over is also considered
one. For all questions, if the student is unsuccessful in the first attempt (based on the conditions mentioned above)
they are allowed a second chance.
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Appendix A10: Student learning tool — Hindi and Math (Sample A &
Sample B) (endline version)

O IDIinsight

DATA. DECISIONS. DEVELOPMENT.

Student Testing Tool

STIR Impact Evaluation

Sample A

8th July 2017
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Oral Tool - IDinsight testing — Sample A @
wEE &

o I3 F gl F ad qPeRT T 7 IE T

o ZH 4% grEl ¥ ad S 1 F ER G e 75

o FH5 ¥ gral ¥ ad FWA 2 F FE G gE 7

o FET HIT T F THUT FCT F T 5T AT T FA 7 FA 4 T 92 A Ty

o TR FET T VR T F T 1T 10 FE 7% T 9§ A g8 TAT 5 T AT 7Y AT 50 AT T AT 10 GFS F g dam aw ar
ST AET A T T G

o A F AT Ry T a8 A G B 00K app F W AT TRGE AT TG T OOK FIF FT AT WA TEC T

O IDinsight
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G T AR A AK WEE U B FE| e S wAT W eE g ¥ AN ¥ O 9§ A6 A I F AT a9 e @] 97 g
T 93 TN TE| W TG T AT G B FEC A EE TAT TFA 2 A1 GrA F A FEC A EE AEN TGH F OG T Ab qGT qH W 5|

Ql: A&
T T
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Q2: g

A3

O IDinsight
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g7 & [T d7eT T FFE AT A 7 F T A7eaT 9 9%l & #1 2 @ 7§ F g7 J7ea7 9 0F YA 4 9 7 % 0 0
IIET G T A AEFIE W A AT GG A ET IF TAE A A 7T T FFE G B AeHT TG q0T Auwaq 3 wad aw
& B o vE vr # F A Wi aeind w0 Fae ue & e ) aqeegT 4 g & 9w # 9 i e # F & A 9w (3 @ e
TEIAr FH TC GIA 7 AT G A FCAG AT G TF FY 10 WHS w4 7% Fe G 7 GT T AT T AAG T A G@;d E a5
FFTAT 3 AT 7T A T AT 10 GHT T T FC GG A TAF 27 T2 @A 7

Q3: AT_R
TE R T |
W fww s ¢ |
ARt ws @ T |
T ATSE W E |
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g7 @ e Fanaal wd 9ET F FE) 99 TR AT E T7 & A A gTA # 50 967 F Fa] 5 FEH 0F FCAA TA Y 75 T AT AT
FAT ¥ [ FEA TFT ¥ AT 90 TEA F AT A F T0C 37 3] G 1T T FT g7 FEA I OF T A TG A FT 0F 0F 757 FAT A I8
T T FIE VEE A AT TE A AR G A E A GHG AT TG F FE GIF F FEA G q97 dvFaw 3 ganat w3 d f o
ET H FT T W Aaa # FA UF & T (] UF FET § oF & VsE A a1 A FgF & A A S T Fer 3 7 w4y qwnaat
FE @ ff g F AT F AT T BT W TG | 7 @ WT F o7 w57 F R AT 7 37 B FE AF G 04) FEA 0F T A7 7 5907
TEAAA FE AT TAF e TE UF I TEY| A GTA FEA UF F AT T AT 7 FA A FE TH TE (FET @) AT a ey [ vy & wer 2
ST FEA 3 7 o E A G TG FV 10 GFE § T 7% Feg TET AT G A FAH A TE F GFA £ A 58 A 7] A a7 A T s
10 TFEE 7 A FT TG A T 26T TFT @oT 7] b g Rld A gr7 F aarr 78 27 T AT ODK 7 FTF FAT AT (incomplete) T T |

AS
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Q4: HEMI-1
Faar &1 &7 ar | g & 9 fF | AT AR W R O )@ ¥ | g fant &
W Yq @ O | W o P F A Fa o F g e w wwdt | g ¥ A
B off T ¥ o forar | @ ¥ QX G FaAr a9 WA @R | O B Ak Foavg At
B AT MY AR TG HA T |

1) GOU Fet W @ a ?
2) O AR @ X W B Fw A

Source: ASER Hindi reading tool

AB
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O IDinsight

ssssssssssssssssssssssssss

A A Q7 TR ST T A B X W Q4 R T FEER BT ARONEE A3 A 3 A FH IR FAGG A A |
Q5: HEI-2

T TEA TH TR & N9 TR 7@ & U@ T AT HO o1 | o0 g & TAEr o |
TeF ToF § ot A aga geids Re—ga F @I & | a0l Wor F O F W &
g Tem A7 7w FE T F T ¥ R FEr av |
% BT TR U@ A GF WA TG Foar Qi B A @r | Tow ¥ Few S fer
far qur IR R G W | A A B TR T ¥ A ¥ AR MR g8 W e
FO F A MR Y | To0 T FG0E A 7 A g a9 RSt B oL g 9T
T B BT B @ | I BT AT TR T 78 I F G QO T I o

1) o T WRET & S B 9T

2) ST HYA TS & S A A b [ T LT aT?

Source: ASER Hindi Reading Tool
RAe: A G T TEE A T I AT BT W Q5. 3 € TE TN B ARNAE AR 3 A 3 A FH NGRA & GG T T |

AT
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Q6: FEI-3
@ AR WERA M A $G AGARE F WY I FC Q@ A | FEAF F oAb I B ¥ IO AR
AT FEX T | T o FEFAX g AN 7@ MG | M o B GeF O I@ T aw =4 A AT W
T FEX W | M o BT o FepTR R AR A A T X |
Tt < F1 gF ard, Bt W g @ F e o ¥ ggr B aw =i @ e e gw sw @
AR ATy 9 Fg o T w2 W o ¥ g A B e 7 seRA F et Rraren BT wwrT A
R waar ¢ | Ml o A W F AL N AR o A AY N I @F A Fg AX qex ¥ | ey ok X
ITAEAR B GFT W B T S R F | gFe X 97 SR A WE @ aR wer A & wga
A T o A 8 weT wwar § | W K T wEw B Oy v gw I wex A 1@ w1 v @ @
YR & Bt ¥ T T Y A Rt B anor T v § | ¥ Ay el wWE o @ x@w g
TARIY T T ITHT B WA T w2
1) v vt S F ST BT T A SR w4
2) g s F st # gerw Fw A ¥

AB
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oooooooooooooooooooo

Q7: HEF-4
YT T # Wiy v of f Rrarerr ¥ affs Iogw i Il Sk ¥l ¥ | v wrdww ¥
B A eE A AR g 1 R e ¥ | s weef @ T v s
Jeaitea & | TERet ¥ I A A o ¥ g A ardfear @l ¥ | =S awr A o q@or
AR % WEq & AL (PR & | 7eh F qa 76 sE+a ¥, B il aies ae-
e, i e, TRl qur ¥ wRAfar @7 ot ardeE e i & e o war %
Rreffat @t wwr o4 ¥ Rig Wewiea fear s ¢ | Fw wRaRar ¥ gereT ¥ wegl, Prdve
AR FefieT =T V@ TEAT T ¢ | TR F Bie WS FT W I@Y & AR 7 99 JerieT
WA St X ST a1 | S 79 AR o e ¥ g FRA wAw I @ | T
FUHA A AT AX A W AL B [ A T ¢ | DA BT T T B 100G
T T4 F0 o AT HieT WO W ¢ | awh 7@ Rdwar ¥ R ve Rrae
T & % e ¥ |

A9

OIDinSight

oooooooooooooooooooooo

1) gl § s frad e
2) @t # WA * Fhaa d T For oy 82

A10
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iU
wiaE & T

o L1 L2 % grT F T RU TG @ T F A FODK app T A HIT GAFE ATT AT H ODK FIH F A7AT WA TEC TG TH 7 A
GTF ¥ 7 47 AT TAT ODK F W ODK §7 & (AT WET AT T E I FAaiiee) S qareT i Fm)

o FE f GIT T UF AT G T A E T T G T A AT G FT ST T FT T A G GIAT 37 AT B TR

o L1 FTL2 FT T FC F T GTF F 7 G FH 4 7T a8 A7 ey

o T GTF B ff AT # 10 GFT & T 7% F T AT TA £ T TAT FAAT T8 7T GFF & A 978 TG 5] e 77 W T AW 10 7FTH
T FT G A GTFE A TAT T FE | AETE AT G F AT AT & H GoENA TE GAT WA AT & A TH FAT T R F A GAH
v T F1|

A1

O IDinsight
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G B leias @@ Yg = B/ A 3% A Tew B g ¥ QAW F O 99 ¥ A G F AN AN Sl @H 99 grA 7 9g4 Bl
FE TR 957 ¥ A G T FF T TEA AT TG £ A G BT A 9% A G A 99 F W T A AT W a5

L1 (1-9)

A2
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L2 (11-99)

21
33
67 43

98

A13

O IDinsight
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W l:Se

757 F A F A9 qAqA T 7 FIE A OF qAT T F FE A ATE 48 73

7F FAT FE T I W F A a7 F G T AT F I T FE +37 +18

T T TE A TAT FCA & A T ZAT A Ay FH T FE 75T

ST 7E T A AT FEA F A T A6 HL2 T F GIA AT AT . —

77 7% 0T W TE T A & a7 T A FF B FE -
93 42
-35 -37

Al4
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HIT 2 : "

Fo B "I F G q@d § F i A UF qEeT aad FOFE A 7F T2 q9T q@ A
FT A F @ 759 TGS F A 7 GIF A A 759 TF T TAT FA B A I
ZAT AT TAT FT B FE T FIT TE GAT A TAT FAF A 7 AT T Ay F
T A T FE A UF T2 #T A 68 #ar & A & 96 YO 7 AT
§IT 3 : O

Fo 7 PO F I qA A FE A gF qqT awT FOpE FAETE

wAT WE @ F A & A 7= F YW F w A WA A T T

ot 7T T & A T AT T GEA F T F G AT AT, T AT

7T WA FE FT oA E A 5 Y T F G & W) AT T wE A

UF T T GAT TET AT E Al & G AT F AT 3]

A1S

OIDinsight

DATA. DECISIONS. DEVELOPMENT.

AT 4 @ AT

T F AT F I qqA T A FIE A OF T aE FFE] AW TE
77 AT @ F FC A E A T B A F @ F G A A T
7E AT TIT FCA & A T FAT AN TAT FT F Fa| T AN TE
FAT A TTT FA E A T AT A JOF T A G A A,
T AT THT FAGT TE BT GA & A GG AT @ FGIA & A A
T FIE ff GF AT FT AT W FAT 3 A T P w3

WA 5 : A

o F A F T qad § A FE A §F ganr o # Fe) A A7
7F FAT TE A T G4 F A 75 A F @ TG A AW A=
77 WA T T E A I T A GAT FA F FE| T AW TE
AT ff TTT FA A T AT T A F @ TG AT A, T
7F THT FAT WE FC AT & AT G A T F G & A

A6

39 46
X 55 X 18
7)825( 8)637(
7 16 3 8
RN | Q- SNSRI |
9 12 5 6
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Student Testing Tool

STIR Impact Evaluation

Sample B

27" January 2017

OIDinsight
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Oral Tool - IDinsight testing - Sample B @
wdww e &

Fw 1 F oyl & Gy WY & Ey & yF &Y

FRIT 2 F oI F Y 0 F A YT F]

FRIL3 & BT F I AFOBT F T YT H]

T 4 & oyl & gy FEE 1 FET H YE &)

w5 & aral & Gy wEE 2 F wT # YE )
BT HT e F IAF W F @0 gv 5T H I & FH 4 FaG 6@ g anRey

Tl HET FHiv e T F N T 10 3FF F% Faa a1 & a 3¢ FarT 37 # fenRa # a2 gEd aw it & Hiv 10 @FF F [ Faw
ar & a e e ar v ¢ F)
o &7 & qERT R 7 §E Faral # wear # ODK app # HY A §derw 39w wrw A ODK wid & Hegpa gid 5w 6]

(&} (=] (&} [+] (=] [+] (=]

B1
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o & Al e @ we o & FE) o 3w o e Y o @ geae & AU 3w HEW W e F A e 39 w@E 99 o9 @
UG @ &P W UeA ¥ NI oI #18 HEW A1 AeE TT0d Ugdl § A oUF @ &) MEW AT e QERT Yo & AU wE afF Jraw At A &)

Ql: 31ER
| .
)
T
q
"
O IDinsight
Q2: s
=

B3

IDinsiocht midline report on STIR proorammine in Delhi and Uttar Pradesh: Rebort Apbendix 81



O IDinsight

DATA. DECISIONS. DEVELOPMENT.

O IDinsight

DATA. DECISIONS. DEVELOPMENT.
a1y & RFlRf@a dgede e & ¢ AT QT & # aoar HgedT @ w7 JF) G QT & F o7 HeiT # 0 gag A @ #
U UF wE Hew ¥ 93 3OV G #E e wr aEw sE & @ 98 g § At 3w dawy gg # 38 o @ sgede 9gd wew dflwan 3
TATal F1E 8] st v e H & adt FHY Aaiaat # dde v @ A P sgede H vw @ wew H aw v A # vw @ HEr Srear
(3 & ST A FE WS HAE B S & HR B G g 10 @FF @ e aF FO g @ 9F A Heda # G0 F
"Fd & ar 37 aziar & wfe a@ st @ o 10 @F3 H a1 & au G 35w e 5 @aw &

Q3: e

T WY @I T |
FoR AT |
R IH 35 I |
35H ¢ TH qAT 1T |

O IDinsight
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o @ REaf@s siaal @a 9g & F3 Fa d Be v § 35 & Fw A ord @ 3@ 9z F #@) 9B FEA 0w aarar S 3] aed @
77 Mt @ar & [F FEE 95 F @ 38 FEE F FURT waEt F 39 87 & @y tum & F oy Rl # ow gaE H 93 a1 ) o oF e
HAT & 9F | IR Gy #F wmm a @ §g § @ 97 g & at I6d ghmwr g # FE) T F g v aET F0wan 3 rEiaa s d
et 3y v azq  E IR FHY AT F Fa 0 G TS ) v P B 0F g wwg A @ G A F 0 g A Foa) How @ o 3
& ey wERa # at # oy @ s F Ha d Re ma qfF [ e & wa & 3ov AfEw v d @ anw A 23 F w5 A e Q4) Fe vF
H AT & Fwer aafaal’ & 35w dve @ o 2ar @) R oy dEEt td A T ar dia & F5 aad & aat 372 (weEr gy Bar sar
R | CAT & FEEH 2 H FA 3 A HY Gl HAR O GG §U 10 8% & ST dw FO A W ud & ar Fe #7 9aw a6 w1 awd &
ar 3= agrar & A a@ # & HAW 10 AF= H v w Qv Gt 37w Eve W @aw F RBE g Rafy & oy # w@e ag Re 3w @ 00K #
FEH A HY (incomplete) &5 # |

BS
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( ) IDinsight

Q4: Fger-1
wagammm|m#a§a#mm#|mmmmqammﬂTm
| #Ye ST & Wt SRt A q@Hrer BT waT 91 | vE R K9 qeee A BE 9 |
e, F aW AFE F v @ TEE gogw F oW 9@ v | gl g A e g3
¥ Hiq F aE FFer R | wft S aga gor |

1) SETer T TS &l A7?
2) &I F e § TN Faa Aher?

Source: ASER Hindi reading tool

BE

OIDmslght
e AT & F FEet AR T I a9l B A Q4. F & 7§ FEe F grwaw 3R 3 T 3 F FA qEfAAT F A9 95 90 |
Q5: FgI-2

MW & AT # GAE T T & R aga a9 AW @ § | Ao GE & @ aga
[ & o I ¥ | A F aga g @h § AR aga @ gEW @l ¥ | Roelr aw Ay
3R Arer ot we AT F WA AT @A AC & | AX F AT F JUN A F AT HA
1 Ao far o1 | QY # FqF ¥ T AT 97 FAfAC A FAF W AE JoT AT | A F
foré #r aga @ g of | A A g T Prodai @ | @ F g AR AT B @
AT gAaaR R | 58 aR &g 3R AT & 9 39F TR & 7§ Qea ot Aar @
Y Grorerr @ @ ¥ |

1) A F 9 # fFw e FAar sorar ar?
2) Ry g w &=t 7 dar?

Source: ASER Hindi Reading Tool

B7
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OIDinsight

are: A & 7 FEEt AR e I awal B & S Q5. F & 7§ FEEh F aRware AR 3 3 ¥ FA4 TG F 9 99 90 |
Q6: Fg1-3

o e Rz RER sisa 1 qanr Fa-ad IaT 5esd 00 AR Ue 95T T4 | e & gE A
S qEHT M gU g 0 $RR & W A gar IR Rewee e ae ada # o | Rig &
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Appendix Al11l: Teacher motivation questionnaire (endline version)

Table A7: Translated items from the teacher motivation questionnaire

STATA Variable

name Statement/Question

Al Teaching is mentally draining.

A2 With the help of my colleagues, we can solve student issues.
A3 | feel used up at the end of the school day.

A4 My pay as a teacher is insufficient to support my family

| feel fatigued when | get up in the morning and have to face another day
A5 at school.

A6 | have the ability to get parents involved in their children’s education.
A7 | ask my colleagues for feedback.

A8 With the help of my colleagues, we can identify innovative practices.
A9 As a teacher, I’'m given more responsibilities than | can manage.

A10 Some teachers at my school want to transfer to another school.

All | do not get paid on time.

| can make my classroom a safe space for students, both emotionally and
Al2 physically.

Al13 As a teacher, | am contributing positively to the lives of my students.
Al4 | feel energized when my class greets me each morning.
A15 If | had to choose again, | would still want to be a teacher.
Al6 My supervisors treat me with respect.
Al7 My colleagues at school make work a fun place to be.
A18 My supervisor praises me for my efforts in the school.
Al19 Parents value my work as a teacher.
A20 | plan lessons with a colleague.
A21 | feel confident about my abilities as a teacher.
If a student does not remember information in a previous lesson, | would
A22 know how to help them remember.

When a student gets a better graded than he or she usually gets, it is
A23 because | found a better way.

If a student in my class is undisciplined, | know some techniques to direct
A24 him or her.

Every teacher can continue to improve their practice throughout their
A25 career.

A26 | can get through to even the most difficult or unmotivated students.
A27 | can motivate students who show low interest in school.

A28 | can influence some of the decisions that are made in the school.
A29 | can get students to work in groups or pairs.

A30 | ask my supervisor for feedback.

| can help students overcome some difficult home and community
A31 conditions.

A32 Teachers in my school work closely with supervisors.
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A33 | spend too much time traveling to my school.
A34 My fellow teachers can be counted on to influence decisions of the school.
A35 When | get new material, | am sure | am able to learn it.
A36 My family is proud that | am a teacher.
A37 Sometimes | share materials with colleagues.
A38 My colleagues praise me for coming up with new ways to teach a lesson.
B1 Every teacher can significantly improve his or her teaching ability.
No matter how much natural ability you may have, you can always find
B2 important ways to improve.
B3 When | set a goal, no matter how difficult, | will eventually achieve it.
B4 | can learn new things, but | cannot really change my basic intelligence.
The kind of teacher someone is, is something very basic about them, and
B5 can’t be changed very much.
Some teachers don’t really benefit from professional learning because they
B6 have a natural ability.
Teachers can change the way they teach in the classroom, but they can’t
B7 really change their true ability.
B8 Some teachers will be ineffective no matter how hard they try to improve.
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Appendix A12: Baseline and endline sampling

Programmatic and evaluation timeline

Table A8 below presents timeline for how our evaluations relate to both STIR’s
programming and the academic year in India. STIR’s network meetings happen roughly once
a month but not in precisely the same week for all networks. The placement of network
meetings in the timeline in Table A8 should be taken as indicative.

Table A8: Timeline of academic, programmatic, and evaluation events for first year
of randomized evaluation (2015-2016)

Academic year STIR programming Evaluation
February 2015 In-session Baseline TM
In-session Baseline TM
March 2015 In-session Baseline TM
In-session Baseline TM
April 2015 Begin academic year 1 Baseline TM
In-session Taster session Baseline TM
May 2015 In-session [randomization & sampling]
Holiday
June 2015 Holiday Baseline CP & SL
Holiday Baseline CP & SL
July 2015 Holiday Baseline CP & SL
In-session Baseline CP & SL
August 2015 In-session Network meeting (Year 1) Baseline CP & SL
(Innovate)
In-session Baseline CP & SL
September 2015 In-session Network meeting (Year 1) Baseline CP & SL
(Innovate)
In-session Baseline CP & SL
October 2015 In-session Network meeting (Year 1) Baseline CP & SL
(Implement)
In-session Baseline CP & SL
November 2015 In-session Network meeting (Year 1) Baseline CP & SL
(Implement)
In-session Baseline CP & SL
December 2015 In-session Network meeting (Year 1)
(implement)
Holiday
January 2016 Holiday
In-session Network meeting (Year 1)
(Influence)
February 2016 In-session
In-session Network meeting (Year 1) [process evaluation]
(Influence)
March 2016 In-session [process evaluation]
In-session Network meeting (Year 1) [process evaluation]
(Influence)
April 2016 Begin academic year 2 Midline TM
In-session Network meeting (Year 2) Midline TM
May 2016 In-session Midline TM
Holiday
June 2016 Holiday
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Holiday
July 2016 Holiday
In-session
August 2016 In-session Network meeting (Year 2)
In-session
September 2016 In-session Network meeting (Year 2)
In-session (exams)
October 2016 In-session Network meeting (Year 2)
In-session
November 2016 In-session Network meeting (Year 2)
In-session
December 2016 In-session Network meeting (Year 2)
Holiday
January 2017 Holiday
In-session
February 2017 In-session
In-session
March 2017 In-session
In-session
April 2017 In-session
In-session
May 2017 In-session
Holiday
June 2017 Holiday
Holiday
July 2017 Holiday
In-session Network meeting (Year 2-
Refresher sessions!8)
August 2017 In-session
In-session

Midline TA, CP, & SL
Midline TA, CP, & SL
Midline TA, CP, & SL
Midline TA, CP, & SL

Delhi Endline TM, CP, & SL
Delhi Endline TM, CP, & SL
Delhi Endline TM, CP, & SL

U.P. Endline TM, CP, & SL

U.P. Endline TM, CP, & SL
U.P. Endline TM, CP, & SL

Delhi private schools: sampling strategies and baseline and endline samples

In this section, we describe baseline and endline sampling for our different data collection
needs. The endline target and actual samples are summarized in Table A9.

Table A9: Delhi endline targeted and actual samples

Teachers for Teachers for
motivation

questionnaire observation

classroom practice

Students for
learning outcomes

All teachers in All teachers from
control and treatment

schools in our sample

Target endline
sample

has fewer than 2
teachers left from

Delhi CP original list
(n=811). If a school

All 3367 students
surveyed at baseline

18 STIR felt that since the U.P. data collection was delayed due to state elections, it would be beneficial to conduct
another session with the teachers before the data collection in treatment schools so as to make up for the long lag in

between the last meeting and the survey period.
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this list, randomly
select one or two

teachers randomly
from among those
teachers who were

present as on 1% July
2016

Total number of 1072 462 1846

units sampled at

endline

Characteristics of All teachers All teachers targeted | All students taught

the Estimation
Sample

by STIR and still
present at the study
school. (Plus adding
some teachers to the

by a STIR targeted
teacher at baseline

still studying in the
school at endline.

list.)

4.5.3.1 Delhi teacher motivation assessment (using motivation questionnaire)
Delhi TM baseline
Sampling strategy

Our sampling strategy for using the teacher motivation tool was to capture all teachers in all
our treatment and comparison schools. The sample frame in Delhi consists of 180 private
schools located in East Delhi; these are the 180 schools identified by STIR as fitting their
criterion for being a private schools (fees < US$ 17/month) and that expressed interest in
STIR’s programming and agreed to host a taster session!®. As shown in Table A8, teacher
motivation baseline took place from February to April 2015, before the randomization of
STIR’s programming.

Baseline sample

After a maximum of three visits per school, 1,249 teachers completed the teacher motivation
questionnaire. Hereafter this list of 1,249 teachers is referred to as Delhi TM baseline list.
The first column of Table 15 in Appendix A14 illustrates that the average teacher in our
baseline sample is about 29 years old and has an average of 5.8 years of teaching
experience?’. 94% of teachers in the Delhi TM baseline list are female; 25% possess a
bachelor degree or higher.

Delhi TM endline
Sampling strategy

The endline teacher motivation survey took place at the end of the second academic year
between January and February 2017. As shown in Table A9, all teachers in our sample

19 STIR held a taster session before rolling out the actual program (and network meetings) to gauge interest of
teachers of the school in the program and give teachers an idea of what they could expect from the sessions,
portfolios and other elements of the program.

20 Standard deviations are reported in parentheses.
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schools formed the endline target list. From the teachers surveyed at baseline, 734 teachers
dropped out of our sample during the midline and endline and hence were not available for
surveying at endline?!.

Endline sample

We surveyed 514 teachers at endline for whom we also have baseline data (48% of the target
sample).

Delhi classroom practice assessment (time use and child-friendliness)

Delhi CP baseline

Sampling strategy

Prior to randomization, STIR conducted a taster session in all 180 interested private schools.
From these sessions, STIR identified 811 teachers interested in STIR’s programming. This
became the target list for observing classroom practice at baseline, hereafter the Delhi CP
original list. Note that this sampling strategy means that we only look at teachers, in both
treatment and comparison schools, who expressed a degree of interest in STIR’s
programming. As mentioned in section 3, not all teachers who expressed interest ended up
joining STIR’s program. However, to the extent that teachers who showed initial interest in
the program differ from those who did not (albeit on unobservable characteristics), the results
should be generalized with a bit of caution. As shown in Table A8, classroom observations
took place between July and October 2015, following the summer break of the 2015-16
school year.

Baseline sample

While we targeted 811 teachers for baseline classroom observations, only 333 teachers (41%
of the target) were ultimately observed. These form the Delhi CP baseline list.?

The lower number of classroom observations than planned can be explained by a high
number of school refusals and teacher drop-outs. First, without an over-arching authority over
all private schools, surveying permissions (and interest in STIR) were regularly renegotiated
on a school-by-school basis. Some Head Teachers and owners were particularly skitterish
about data collection, given the proprietary nature of their schools as well as concerns about
government regulatory check-ins.??

2 While we do not know the exact reason for dropouts for each of these teachers; our experience has been that
teachers leave schools either to join other private schools or drop out of teaching altogether. As part of the process
evaluation in eatly 2016, we tried following up telephonically with teachers who had dropped out of our sample
between both rounds of baseline. Among the 50 teachers we were able to talk with, neatly 40% of teachers were no
longer working, roughly 20% had moved onto teaching in another private school, the same proportion had moved
onto teaching private tuitions and a small proportion (less than 5%) were now teaching in government schools.

22 There are 9 classroom observations that were only partially conducted and thus not used in the analysis sample.
23 Private schools of the type with which STIR works in Delhi have come under threat of government ordered
closure due to inability to meet some of the quality and infrastructure standards of the Right to Education Act. See,

for example, a 2015 news item from The Hindu (PT1 2015). This may cause some schools to be more hesitant in
sharing information with external parties.
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Column 1 of Table 16 in Appendix A14 presents descriptive statistics of the teachers for
which classroom observations have been conducted at baseline.

Delhi CP endline
Sampling strategy

Endline classroom observations took place from Jan to February 2017, after the winter break
of the 2016-17 school year (see Table A8). The endline target was to conduct classroom
observations for all 811 teachers on the Delhi original list, of which 333 teachers (41%) were
observed at baseline.

In schools at which fewer than 2 teachers could be found from the Delhi original list, we
would randomly sample additional teachers from that school, if they been present as of 1 July
2015. The number sampled per school depended on the number that had dropped out and the
number in the Delhi original list. Say a school had 5 teachers and all but one dropped out, we
would add four teachers. If a school had say only 1 in the Delhi original list and they
dropped out we replaced only one.

Endline sample

Our total endline sample for the classroom practice is 462. Of the Delhi CP original list we
followed up with 221, and these are the teachers we have baseline data for.

241 teachers were added since baseline during the following two rounds whenever the
threshold of minimum two teachers per school was not met.

Data collection was hampered by objections of school owners and Head Teachers. We faced
two main types of challenges during data collection:
e School refusals: In Delhi, STIR Education Leaders managed our school entry. In a few schools,

school leadership consistently put off scheduling a precise date for surveying, both because of a
lack of buy-in to the STIR program and suspicion around data collection more generally. Further,
a few schools refused to have us survey altogether despite providing dates for survey. This
impacted both classroom practice observation and student testing.

o Refusals to add new teachers to our lists: In some schools, Head Teachers allowed us to
speak with teachers interviewed at baseline but did not allow us to add new teachers to our
sample due to apprehension with data collection and disinterest in subsequent rounds of data
collection. This affected only classroom practice observations.

Delhi student learning assessment (Hindi and math)
Delhi SL baseline
Sampling strategy

We sampled students at the same time as we conducted the classroom practice assessments,
from July to October 2015 (see Table A8). Our sampling strategy was to link the students
selected with the teachers for whom we observed classroom practice. We aimed to randomly
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select 10 students from the ‘main’ class of each of the observed teachers.?* The hypothetical
sampling frame was thus 8110.

Baseline sample

As we only observed the classrooms of 342 teachers, we aimed to assess learning levels for
3420 students. Given student refusals®®, we ultimately tested 3367 students at baseline.
Hereafter, this list of students is referred to as the Delhi Student Learning baseline list.

The average student in our baseline sample is 8 years old. 60% of students in our sample are
male and 40 % are female.

Delhi SL endline
Sampling strategy

Student testing took place at the same time as classroom observations and teacher motivation
surveys (January to February 2017). As with the teacher samples, our goal was to have a
panel dataset, meaning that we would follow-up with the same students tested at midline. Our
target sample was thus the 3367 students on the Delhi Student Learning baseline list. We
did up to five revisits to schools in pursuit of these students.

Endline sample
We tracked and tested 1846 students at endline.

U.P. government schools: sampling and baseline and endline samples

In this section, we describe baseline and endline sampling for our different data collection
needs. The endline target and actual samples are summarized in Table A10.

Table A10: U.P. endline targeted and actual samples

Teachers for Teachers for Students for testing
motivation survey classroom learning levels
observation
Target endline All teachers in All 838 teachers All 7386 students
sample control and treatment | surveyed at baseline. | surveyed at baseline

schools in our sample | Wherever all teachers
have dropped out one
teacher to be added

on the spot.
Total number of 1133 724%° 3152
units sampled at
midline

24 A teacher’s ‘main class’ or primary class was defined as the class in which s/he spent the maximum time duting
the week or were ‘class teachers’ for. ‘Class teachers’ have additional responsibility for administrative tasks such as
taking attendance for a particular grade level or classroom.

25 Refusals may not be directly by students but also by teachets or head-teachers ‘on behalf.’
26 This includes 80 ‘active’ teachers that were added to the sample for the purpose of the observational analysis only.

They were excluded for the rest of our analyses as adding them would bias our sample.
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Characteristics of | All teachers All teachers surveyed | All students taught
the Estimation at baseline and still by a STIR targeted
Sample present at the study teacher at baseline

school. (Plus adding | still present at
teachers in cases midline

where all teachers of
a school have
dropped out.)

U.P teacher motivation assessment (using motivation questionnaire)
U.P. TM baseline
Sampling strategy

We conducted our baseline TM survey from February to April 2015, prior to STIR beginning
to implement their programming (see Table A8). The sampling frame included all teachers in
schools in the sampling frame: 270 government schools in Rae Bareli and Varanasi
districts.?” IDinsight enumerators visited all schools up to three times to reach all available
teachers.

Baseline sample

1,145 teachers completed the motivation questionnaire. Hereafter, this list of 1145 teachers is
referred to as U.P. TM baseline list. The average teacher is about 38.7 years old and has
about 11.2 years of teaching experience. About 54% of teachers in our sample are female and
more than 90% of teachers’ education background is M. Phil or higher.

U.P. TM endline
Sampling strategy

The endline teacher motivation survey took place at the beginning of the third academic year
between, July and August 2017. The goal was to survey as many teachers as possible by
offering the survey to all the teachers in our sample schools.

Endline sample

582 teachers (51%) from the U.P. TM baseline list were surveyed successfully at endline.?8
551 teachers were added on the spot by offering the form to all teachers. We do not have
baseline data for these teachers.

U.P. classroom practice assessment (time-use and child-friendliness)
U.P. CP baseline
Sampling strategy

Classroom practice observations took place between July and October 2015, following the
summer break of the 2015-16 school year. We aimed to randomly select an average of three

27 Within these districts, IDinsight randomly selected 16 clusters, conditional on the cluster having least 15 schools
per cluster. From these 16 clusters, all 270 schools in those schools were included in the study. We provide
additional details about randomization in Appendix A5.

28 Note that this contains the teachers that have been added to the list according to the procedure described above.
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teachers from each of the 270 schools included in the sample, drawing from the 1,145
teachers on the U.P. TM baseline list.

Baseline sample

In total, classroom observations took place for 838 teachers. Hereafter, this list is referred to
as U.P. CP baseline list. he average teacher is about 38.4 years old and has about 11 years of
teaching experience. 54% of teachers in the baseline sample are female and about 84% have
at least obtained an M.Phil.

U.P. CP endline
Sampling strategy

Endline classroom observations took place at the beginning of the third academic year
between, July and August 2017. The goal was to conduct classroom observations for all
teachers included in the U.P. CP baseline list (n=838). We included additional teachers in
the survey in cases for which the number of teachers on the U.P CP baseline list still teaching
in this school dropped to 0.2%-*° For adding teachers to the list, one teacher was selected at
random from all the teachers teaching in the school as of 1st July 2016. A maximum of five
revisits were done to ensure maximum opportunity to track the same teachers.

Endline sample

We successfully conducted endline classroom practice observations for 629 (86%) of the
teachers from the U.P. CP baseline list. 95 new teachers were added on the spot since after
baseline, resulting in a total of 724 teacher classroom observations.

U.P. student learning assessment (Hindi and math)
U.P. SL baseline
Sampling strategy

The student testing survey was conducted in parallel to the classroom observations (July-
October 2015). For each of the teachers in the U.P CP baseline list, we aimed to assess a
random sample of 10 students from the main course the teacher was teaching is selected for
student testing, for a total of 8380 students.?!

2 Even though we knew from STIR that within schools some teachers had become more active in STIR than
others, we did #o¢ make use of this information in selecting teachers within schools. Since our main estimate is ITT
at the school level, in line with the final unit of assignhment, we used simple random sampling within each school and
so should capture, in aggregate, the average teacher offered STIR’s program, including those who never joined and
those who are the most enthusiastic participators.

30 This sampling strategy has two advantages over other re-sampling methods:
1. This re-sampling method helps to target teachers and students that have been exposed to STIR for as
long as possible. The supporting thought is that the timeline for the overall evaluation is relatively short
and a longer exposure to STIR is expected to represent the effects of interest more accurately.

2. Given the rather sophisticated design of the evaluations, this re-sampling procedure allows for a clear
interpretation and narrative surrounding the results.

31 A teacher’s ‘main class’ or primary class was defined as the class in which s/he spent the maximum time duting
the week or were ‘class teachers’ for. ‘Class teachers’ have additional responsibility for administrative tasks such as
taking attendance for a particular grade level or classroom.
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Baseline sample

At baseline, a total of 7386 students’ math and Hindi proficiency was tested. Hereafter, this
list of students is referred to as U.P. SL baseline list. In U.P., it is common for classes to
have a total enrollment (or attendance across multiple days) of less than 10 and have two
teachers teach the same group of students. Thus, even though the target was on average 10
students per teacher, in actuality, the total number of students surveyed per teacher often fell
less than this number. The average student in our sample was 9 years old. Roughly 45 percent
of students in our sample were male.

U.P. SL endline
Sampling strategy

Endline student learning was assessed jointly with classroom observations (July and August
2017). In pursuit of a panel dataset, we aimed to assess the 7386 students from the U.P. SL
baseline list at endline. We initially planned to do up to three revisits per school but
ultimately made between 4 and 6 revisits.

Endline sample

We completed student learning assessments with 3152 students (43% of the baseline
sample)3? in the endline survey.

32 Again, as with Delhi, we have less verifiable information on why students drop out as compared to teacher level
drop outs. Anecdotally, there seemed to be three main reasons: a) Students moving to private schools (especially
after 5th grade) b) Students dropping out of school altogether and c) Students moving to UPSs of other villages.
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Appendix Al13: Attrition

The effects of attrition (Glennerster and Takavarasha, 2013) are summarized below to help

guide the reader through the potential threat on any evaluation:

1. Reduce comparability between treatment and comparison: When people’s data
are lost through attrition, the comparability of the treatment and comparison group is
undermined, if the rates of attrition or types of attrition differ between the treatment
and comparison group. In both cases, we would end up with a biased estimate of
impact.

2. Attrition lowers statistical power: Statistical power depends on sample size.
Attrition reduces sample size and in turn reduces power. The experiment loses
sensitivity, and the impact of the program must be higher in order to detect it.

Detailed understanding of attrition Assessing differential sample loss (attrition)

One underpinning assumption of randomized evaluations is that treatment and comparison
groups were and remain, on average, similar on key characteristics. This similarity is the
basis for the comparative claim of relative (to what would have happened absent the
program) changes to teachers in the treated schools. If we see, for example, a greater number
of teachers in the treated schools attriting from (leaving) our sample than is the case in
comparison schools, this warrants concern about the validity of our causal comparison. This
is because we worry that the program itself may be causing the overall differential attrition
levels between treated and comparison groups.

Following from section 4.4.4, we provide here details of the tests we ran for attrition. As
mentioned previously the evaluations have faced high rates of attrition at the teacher and the
student level.

Teacher level

At the teacher level, we notice large number of teachers dropping out of our sample lists
between baseline and endline. The figures below give a quick indication of number of
teachers who dropped out of the sample lists (CO and PMB).

Figure Af: Attrition in teacher sample from baseline to endline (classroom
observation survey)
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Note: The endline numbers presented here are not the “final” number of teachers surveyed since new teachers were added at endline. New
teachers were added in U.P. only if all teachers in a school from our list had dropped out and new teachers were added in Delhi only where less
than two teachers from our list were available. The numbers here represent teachers from baseline lists who were followed up with. Teacher
attrition is largely due to dropout/transfers from schools in our sample. There is no differential attrition of teachers across treatment arms.

Figure Ag: Attrition in teacher sample from baseline to endline (PMB survey)
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Note: As with above, the endline numbers presented here are not the “final” number of teachers surveyed since new teachers were added at
> P y
endline. There is no differential attrition of teachers across treatment arms.

It is possible to assess the concern of differential attrition between treatment and comparison
samples empirically. First, we investigate overall differential attrition by comparing teacher
dropout across treatment status (comparison, standard, exploratory) in the different study
sites (U.P., Delhi) for the two survey rounds (Professional Mindsets & Behaviors (PMB),
Classroom Observations (CO)). If differential attrition was absent, overall trends for attriting
teachers are expected to be comparable across treatment and comparison groups. Thus, we
compare average teacher dropout across treatment status. Statistical inference on differential
attrition is based on a simple linear regression of the teacher-level dropout indicator (which
equals 1 if the teacher dropped out at endline) on indicators of the treatment status, where the
omitted category is given by the comparison group.’® Technically speaking, we find evidence

33 All attrition tests presented in this section cluster standard errors at the school level.

IDinsiocht midline report on STIR proorammine in Delhi and Uttar Pradesh: Rebort Apbendix 102



0 IDinsight

DATA. DECISIONS. DEVELOPMENT.

against similar attrition trends if we reject the null hypothesis from a joint test for both
treatment indicators being equal to zero.

In Table A11, we report overall attrition rates from the PMB survey in Delhi. Overall,
dropout is approximately 60%. Comparing dropout across the entire treatment group and
across treatment arms, in a similar manner as described above, we find no evidence for
differential attrition at the 5% level of significance.

Table A11: Assessment of differential attrition of PMB sample - endline in Delhi

p-val P-val
(all (std. &
Overall Treatment Comparison Standard Exploratory STIR) exploratory)
Attrition 0.59 0.60 0.56 0.59 0.62
(0.492) (0.490) (0.498) (0.492) (0.487) 0.24 0.46
n 1249 868 381 509 359

Note: This table reports means and standard deviations (in parentheses) of teacher attrition from baseline to endline. The final two columns
contain results from a balance test. Technically, we run two OLS regressions of a binary dropout indicator on (1) an overall treatment
indicator (All STIR) and (2) on two binary variables representing the two treatment arms (standard & exploratory). For the later regression,
we use a joint test for whether any of the treatment arm coefficients is statistically different from 0. If the p-value is lower than 5%, we are
able to reject the null hypothesis of similar means. * <0.10, ** <0.05, *** <0.01.

In Table A12, we report overall attrition rates from the PMB survey in U.P. Overall, dropout
is about 50%. Comparing dropout across the entire treatment group and across treatment
arms, in a similar manner as described above, we find no evidence for differential attrition
rates at the 5% level of significance.

Table A12: Assessment of differential attrition of PMB sample - endline in U.P.

p-val p-val
(all (std. &
Overall Treatment Comparison Standard Exploratory STIR) exploratory)
Attrition 0.49 0.50 0.48 0.51 0.48
(0.500) (0.500) (0.500) (0.500) (0.5) 0.48 0.55
n 1145 770 375 382 388

Note: This table reports means and standard deviations (in parentheses) of teacher attrition from baseline to endline. The final two columns
contain results from a balance test. Technically, we run two OLS regressions of a binary dropout indicator on (1) an overall treatment
indicator (All STIR) and (2) on two binary variables representing the two treatment arms (standard & exploratory). For the later regression,
we use a joint test for whether any of the treatment arm coefficients is statistically different from 0. If the p-value is lower than 5%, we are
able to reject the null hypothesis of similar means. * <0.10, ** <0.05, *** <0.01.

In Table A13, we report overall attrition rates from the CO survey in Delhi for those teachers
surveyed at baseline.?* Overall, dropout is about 36%. Comparing dropout across the
comparison group and entire treatment group, we see that overall dropout of teachers is
statistically equivalent. However, when comparing the dropout across the standard and
exploratory treatment arms against the dropout of the comparison group, we see a statistically

3*As described above, the target list at endline is given by the CP Delhi baseline list. At endline some teachers from
this list are part of the survey, even though not surveyed at baseline. Further, there are additions to the Delhi CO
baseline list according to the decision rule. Since the decision rule focuses on random re-sampling of teachers, we do
not expect these teachers to differ in terms of baseline characteristics from teachers already in the CP baseline list.
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significant difference at the 10% level. We would encourage readers to read through the
further analysis we provide ahead before thinking through implications of this finding on our
evaluation results.

Table A13: Assessment of differential attrition at classroom practice - endline in
Delhi

p-val p-val
(all (std. &
Overall Treatment Comparison Standard Exploratory STIR) exploratory)
Attrition 0.36 0.36 0.36 0.44 0.26
(0.481) (0.482) (0.482) (0.498) (0.443) 0.98 0.08*
n 342 235 107 133 102

Note: This table reports means and standard deviations (in parentheses) of teacher attrition from baseline to endline. The final two columns
contain results from a balance test. Technically, we run two OLS regressions of a binary dropout indicator on (1) an overall treatment
indicator (All STIR) and (2) on two binary variables representing the two treatment arms (standard & exploratory). For the later regression,
we use a joint test for whether any of the treatment arm coefficients is statistically different from 0. If the p-value is lower than 5%, we are
able to reject the null hypothesis of similar means. * <0.10, ** <0.05, *** <0.01.

In Table A14, we report overall attrition rates from the CP survey in U.P. Overall, dropout is
about 25%. Comparing dropout across the entire treatment group and across the two
treatment arms, in a similar manner as described above, we find no evidence for differential
attrition at the 5% level of significance.

Table A14: Assessment of differential attrition at classroom practice - endline in
U.P.

p-val p-val
(all (std. &
Overall Treatment Comparison Standard Exploratory STIR) exploratory)
Attrition 0.25 0.25 0.26 0.23 0.28
(0.435) (0.434) (0.437) (0.420) (0.447) 0.93 0.53
n 838 560 278 273 287

Note: This table reports means and standard deviations (in parentheses) of teacher attrition from baseline to endline. The final two columns
contain results from a balance test. Technically, we run two OLS regressions of a binary dropout indicator on (1) an overall treatment
indicator (All STIR) and (2) on two binary variables representing the two treatment arms (standard & exploratory). For the later regression,
we use a joint test for whether any of the treatment arm coefficients is statistically different from 0. If the p-value is lower than 5%, we are
able to reject the null hypothesis of similar means. * <0.10, ** <0.05, *** <0.01.

In addition to caring about the absolute numbers of treated and comparison schools and
teachers that remain in the sample, we care about the composition of these samples. Some
central characteristics are ‘time-invariant’ characteristics — ones that we do not expect to
change with the passing of time or with the introduction of the program. This includes, for
example, teacher sex and teacher experience (less experienced teachers cannot suddenly gain
more years of experience than long-serving teachers).

For other characteristics, we do expect to see change over the course of time and with the
introduction of the program. A key example of this is motivation level. What is important for
the validity of our causal claims, then, is maintaining balance on initial baseline
characteristics. For example, we want to see similar proportions of teachers with initially low
baseline motivation remain in our sample, regardless of how their motivation levels changed
between the baseline and endline measurements.
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Column 1 of Table A15 reports summary statistics of baseline and time-invariant
characteristics for those teachers that make up our endline PMB sample (note: new teachers
added at endline are included in these results)*. Columns 2 to 5 report characteristics for the
respective subsample indicated in the header. The final two columns present the results of
statistical tests to assess the similarity of baseline characteristics between endline treatment
and comparison groups.*¢

We find that teachers in the PMB survey in Delhi at endline do not significantly differ when
comparing across the entire STIR treatment group and the control comparison group in their
baseline characteristics (at the 5% level of significance). However, teacher qualification
appears to be imbalanced when comparing the control group with either the standard or the
exploratory treatment arms in isolation (at the 10% level of significance). We are confident
that, despite this imbalance, the interpretation of the professional mindset and behavior
results for the two treatment arms need not be caveated for the following reasons: (a) this
imbalance existed in the baseline sample, implying that this is not the result of differential
attrition; (b) there is only one imbalanced characteristic, which may be a result of a Type 1
error; and (c) we added teacher qualification as a control variable in our professional mindset
and behavior regressions to account for differential qualification levels across the respective
treatment arms and the comparison group.

35 This analysis includes teachers added to the survey list at endline. Most baseline teacher socio-economic
characteristics for this sample could be inferred using data from endline (e.g. age & gender). Baseline levels of the
outcome variable were imputed for added teachers using simple mean imputation.

36 The p-value in the second to last column comes from a regression of the baseline characteristic indicated in the
respective row on a dummy variable representing whether a teacher was part of a treatment school or not. Standard
errors are clustered at the level of the school.

The p-value in the last column comes from a joint hypotheses test that is based on a regression of the baseline
characteristic indicated in the respective row on two treatment indicators — whether part of the standard or
exploratory treatment arm (for those teachers in the endline sample) — with standard errors clustered at the level of
the school.
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Table A15: Balance of observed characteristics in Delhi PMB sample
p-val p-val
Endline Endline Endline Endline Endline (all (std. &

Overall Treatment Comparison Standard Exploratory STIR) exploratory)
Baseline Outcomes

Motivation (BL) 1.95 1.94 1.97 1.90 1.99 0.53 0.36
(0.813) (0.817) (0.807) (0.837) (0.788)
Socio-Demographics
Age 28.19 28.14 28.31 27.87 28.48 0.86 0.86
(10.331)  (10.345) (10.317) (10.363) (10.328)
Experience 5.43 5.54 5.21 5.37 5.77 0.42 0.52
(5.534) (5.707) (5.159) (5.789) (5.600)
Gender 0.94 0.93 0.94 0.93 0.94 0.75 0.90
(Female)
(0.244) (0.247) (0.238) (0.253) (0.239)
Educ: 0.11 0.12 0.11 0.15 0.07 0.75 0.06*
>= Bachelor
(0.318) (0.321) (0.312) (0.357) (0.261)
Educ: 0.89 0.88 0.89 0.85 0.93 0.75 0.06
<=Pass 12
(0.318) (0.321) (0.312) (0.357) (0.261)
n 1072 722 350 408 314

Note: This table reports means and standard deviations (in parentheses) of baseline characteristics at endline. The final two columns contain
results from a balance test of characteristics among the teachers in the endline sample. The column, “p-value (all STIR)” contains the p-
value in an OLS regression of the characteristic on a dummy variable indicating whether the teacher was part of the treatment or comparison
group (standard errors clustered at the school level). The last column presents results from an OLS regression of the given characteristic on a
set of two treatment indicators and jointly tests whether any of these coefficients is statistically different from 0. If the p-value is lower than
5%, we are able to reject the null hypothesis of similar means. * < 0.10, ** < (.05, *** < 0.01.

Table A16 presents the same analysis as above for the teachers that form our endline
classroom observation sample (note: as before, new teachers added at endline were included
in these results). We find that teachers in the CP sample in Delhi at endline do not differ
across treatment groups in terms of their baseline characteristics at the 5% level of
significance.
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Table A16: Balance of observed characteristics in Delhi classroom practice sample
p-val p-val
Endline Endline Endline Endline Endline (all (std. &

Overall Treatment Comparison Standard Exploratory STIR) exploratory)
Baseline Outcomes

Motivation 1.99 2.03 1.90 1.93 2.14 0.25 0.13
(0.904) (0.911) (0.885) (0.892) (0.925)

Teaching 0.69 0.69 0.69 0.67 0.70 0.76 0.49
(0.240) (0.227) (0.266) (0.232) (0.222)

Off Task 0.02 0.02 0.02 0.01 0.02 0.70 0.42
(0.047) (0.044) (0.054) (0.027) (0.058)

Smile, Laugh 0.24 0.22 0.27 0.26 0.19 0.30 0.21
(0.309) (0.288) (0.349) (0.293) (0.281)

At least 1 Qn 0.64 0.64 0.64 0.64 0.64 0.99 1.00
(0.378) (0.371) (0.396) (0.387) (0.357)

Local Info 0.25 0.25 0.25 0.20 0.31 0.94 0.22
(0.363) (0.349) (0.393) (0.315) (0.373)

Learning Aides 0.48 0.48 0.46 0.48 0.48 0.80 0.96
(0.402) (0.406) (0.396) (0.396) (0.418)

Group Work 0.01 0.01 0.00 0.01 0.01 0.34 0.59
(0.054) (0.060) (0.040) (0.066) (0.054)

Baseline Teacher Characteristics

Gender (female) 0.95 0.95 0.94 0.95 0.94 0.82 0.88
(0.222) (0.219) (0.230) (0.208) (0.232)

Gender 0.33 0.32 0.34 0.32 0.32 0.70 0.93

(missing)
(0.470) (0.468) (0.475) (0.469) (0.468)

Experience 5.66 5.65 5.69 5.52 5.81 0.95 0.92
(5.601) (5.662) (5.482) (6.061) (5.135)

Experience 0.34 0.33 0.35 0.33 0.33 0.73 0.94

(missing)
(0.473) (0.471) (0.478) (0.473) (0.471)

Age 28.23 28.11 28.49 27.68 28.64 0.69 0.70
(8.471) (8.472) (8.491) (8.785) (8.061)

Age (missing) 0.33 0.33 0.34 0.32 0.33 0.80 0.95
(0.471) (0.470) (0.475) (0.469) (0.473)

Educ: 0.81 0.80 0.82 0.75 0.86 0.69 0.17

<=Pass 12th
(0.396) (0.402) (0.386) (0.433) (0.350)

Educ: 0.19 0.20 0.18 0.25 0.14 0.69 0.17

>= Bachelor
(0.396) (0.402) (0.386) (0.433) (0.350)

Qualification 0.33 0.32 0.34 0.32 0.32 0.70 0.93

(missing)
(0.470) (0.468) (0.475) (0.469) (0.468)

N 462 318 144 177 141

Note: This table reports means and standard deviations (in parentheses) of baseline characteristics at endline. The final two columns contain
results from a balance test of characteristics among the teachers in the endline sample. The column, “p-value (all STIR)” contains the p-
value in an OLS regression of the characteristic on a dummy variable indicating whether the teacher was part of the treatment or comparison
group (standard errors clustered at the school level). The last column presents results from an OLS regression of the given characteristic on a
set of two treatment indicators and jointly tests whether any of these coefficients is statistically different from 0. If the p-value is lower than
5%, we are able to reject the null hypothesis of similar means. * <0.10, ** < (.05, *** < 0.01.

In Table A17, we present baseline characteristics of the U.P. PMB sample. We find no
evidence against similar baseline characteristics of teachers surveyed at endline.
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Table A17: Balance of observed characteristics in U.P. PMB sample
p-val p-val
Endline Endline Endline Endline Endline (all (std. &

Overall Treatment Comparison Standard Exploratory STIR) exploratory)
Baseline Outcomes

Motivation 1.75 1.74 1.79 1.72 1.76 0.34 0.50
(0.756) (0.749) (0.770) (0.740) (0.758)

Baseline Teacher Characteristics

Gender 0.56 0.55 0.58 0.54 0.56 0.53 0.77

(Female)
(0.497) (0.498) (0.495) (0.499) (0.497)

Experience 9.86 9.83 9.94 9.90 9.76 0.76 0.93
(5.082) (5.123) (5.001) (4.889) (5.353)

Age 37.07 37.08 37.05 37.46 36.70 0.96 0.56
(8.484) (8.589) (8.273) (8.627) (8.545)

Educ: 0.23 0.23 0.23 0.21 0.25 1.00 0.46

<= Bachelor
(0.419) (0.419) (0.419) (0.407) (0.431)

Educ: 0.77 0.77 0.77 0.79 0.75 1.00 0.46

>= M.Phil.
(0.419) (0.419) (0.419) (0.407) (0.431)

Endline addition 0.49 0.50 0.46 0.52 0.48 0.27 0.27
(0.500) (0.500) (0.499) (0.500) (0.500)

N 1133 767 366 384 383

Note: This table reports means and standard deviations (in parentheses) of baseline characteristics at endline. The final two columns contain
results from a balance test of characteristics among the teachers in the endline sample. The column, “p-value (all STIR)” contains the p-
value in an OLS regression of the characteristic on a dummy variable indicating whether the teacher was part of the treatment or comparison
group (standard errors clustered at the school level). The last column presents results from an OLS regression of the given characteristic on a
set of two treatment indicators and jointly tests whether any of these coefficients is statistically different from 0. If the p-value is lower than
5%, we are able to reject the null hypothesis of similar means. * < 0.10, ** < (.05, *** < 0.01.

Finally, we look at teachers who were part of the endline classroom observation sample in
U.P. In Table A18 we see that overall treatment group teachers surveyed at endline are
comparable to comparison group teachers on baseline characteristics.’” In contrast, though,
we do find evidence of imbalance in our treatment arm sample. In particular, teachers in
standard and exploratory schools seem to differ in their baseline time-use compared to
comparison schools. Teachers in exploratory schools are observed to spend less time teaching
and more time off-task. However, these differences are not the result of differential attrition
as these differences existed in the baseline sample. To control for this imbalance, all time-use
regressions at endline include baseline levels as a covariate.

37 Note that this analysis, as above, includes teachers added to the sutvey list at endline. Most baseline teacher socio-
economic characteristics for this sample could be identified using data from endline (e.g. age & gender). Baseline
levels of the outcome variable were imputed for added teachers using simple mean imputation.
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Table A18: Balance of observed characteristics at classroom practice endline in U.P.

p-val p-val

Endline Endline Endline Endline Endline (all (std. &
Overall Treatment Comparison Standard Exploratory STIR) exploratory)
Baseline Outcomes

Motivation 1.76 1.72 1.85 1.67 1.78 0.17 0.21
(1.010) (1.014) (0.999) (1.012) (1.015)

Teaching 0.78 0.77 0.78 0.82 0.72 0.78 0.03**
(0.330) (0.331) (0.326) (0.296) (0.357)

Off Task 0.15 0.15 0.15 0.11 0.19 0.98 0.03**
(0.293) (0.294) (0.292) (0.243) (0.334)

Smile, Laugh 0.07 0.06 0.07 0.04 0.08 0.51 0.11
(0.183) (0.179) (0.190) (0.135) (0.214)

At least 1 Qn 0.24 0.26 0.20 0.30 0.21 0.24 0.16
(0.353) (0.361) (0.334) (0.389) (0.326)

Local Info 0.13 0.14 0.13 0.17 0.10 0.71 0.22
(0.276) (0.286) (0.256) (0.316) (0.248)

Learning Aides 0.44 0.47 0.39 0.51 0.43 0.10 0.07*
(0.426) (0.427) (0.419) (0.428) (0.423)

Group Work 0.06 0.05 0.07 0.05 0.05 0.47 0.76
(0.200) (0.185) (0.226) (0.188) (0.182)

Baseline Teacher Characteristics

Gender (female) 0.58 0.57 0.59 0.58 0.56 0.76 0.91
(0.495) (0.496) (0.494) (0.495) (0.497)

Gender 0.03 0.03 0.02 0.03 0.03 0.53 0.82

(missing)
(0.169) (0.177) (0.152) (0.176) (0.179)

Experience 10.44 10.47 10.38 10.35 10.59 0.89 0.96
(6.735) (6.834) (6.545) (6.549) (7.130)

Experience 0.05 0.05 0.05 0.04 0.07 0.78 0.79

(missing)
(0.221) (0.225) (0.212) (0.199) (0.249)

Age 38.05 37.98 38.20 38.26 37.69 0.76 0.77
(8.052) (8.150) (7.868) (8.376) (7.918)

Age (missing) 0.05 0.05 0.04 0.04 0.06 0.78 0.78
(0.211) (0.216) (0.202) (0.188) (0.240)

Educ: 0.41 0.42 0.39 0.40 0.45 0.47 0.46

<= Bachelor
(0.492) (0.494) (0.489) (0.490) (0.498)

Educ: 0.57 0.56 0.59 0.59 0.52 0.52 0.37

>= M.Phil.
(0.496) (0.497) (0.494) (0.493) (0.501)

Qualification 0.06 0.06 0.06 0.05 0.07 0.84 0.75

(missing)
(0.233) (0.230) (0.240) (0.209) (0.249)

N 644 431 213 219 212

Note: This table reports means and standard deviations (in parentheses) of baseline characteristics at endline. The final two columns contain
results from a balance test of characteristics among the teachers in the endline sample. The column, “p-value (all STIR)” contains the p-
value in an OLS regression of the characteristic on a dummy variable indicating whether the teacher was part of the treatment or comparison
group (standard errors clustered at the school level). The last column presents results from an OLS regression of the given characteristic on a
set of two treatment indicators and jointly tests whether any of these coefficients is statistically different from 0. If the p-value is lower than
5%, we are able to reject the null hypothesis of similar means. * < 0.10, ** < (.05, *** < 0.01.
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In addition to testing endline balance on baseline characteristics, we run one final check to
test for differential attrition. In what follows, we present results from regressions of teacher
attrition on baseline characteristics and on time-invariant teacher characteristics, denoted X
below, interacted by treatment assignment.

Attrited = a + X + prTreatment + fiTreatment * X + ¢

These regressions perform a check of whether baseline characteristics of attritors are different
across treatment and comparison groups. For example, we test whether attritor teachers in the
treatment group are more likely to have their masters degrees than comparison teachers,
which if true, would cast doubt on the assumption of non-differential attrition.

Table A18.1: Comparison of Attritor Characteristics Between Treatment Groups -
PMB Sample

Treatment Comparison p-val of Treatment Comparison p-val of

Group Group difference Group Group difference
(Delhi) (Delhi) (Delhi) (U.P.) (U.P.) (U.P.)

Baseline Outcomes

Motivation 0.001 -0.028 0.25 -0.002 -0.009 0.79
Baseline Teacher Characteristics

Gender (female) 0.138 0.408 0.02%* -0.005 -0.035 0.65
Experience -0.017 -0.022 0.38 0.004 0.006 0.49
Age -0.012 -0.015 0.42 0.003 0.003 0.93
Educ:

~— Bachelor 0.014 0.082 0.37 -0.148 -0.241 0.38
Educ:

<= 12t Pags -0.014 -0.082 0.37 0.148 0.241 0.38
N 868 380 770 375

Note: This table reports coefficients from a linear probability model with the dependent variable indicating whether the teacher dropped out
from baseline to endline and the independent variables include a series of baseline outcomes and time-invariant baseline teacher
characteristics. The column, “p-value of difference” contains the p-value from a regression of the interaction between treatment status and
each baseline characteristic (standard errors clustered at the school level). If the p-value is lower than 5%, we are able to reject the null
hypothesis of similar means, indicating that the attritors have different characteristics between the treatment and control group. Note the
regressions do not include sample added after baseline. * < 0.10, ** <0.05, *** <0.01.
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Table A18.2: Comparison of Attritor Characteristics Between Treatment Groups -
Classroom Practice Sample

Treatment Comparison p-val of Treatment Comparison p-val of

Group Group difference Group Group difference

(Delhi) (Delhi) (Delhi) (U.P.) (U.P.) (U.P.)
Baseline Outcomes
Motivation -0.006 0.008 0.82 0.010 -0.021 0.17
Teaching -0.050 0.175 0.11 -0.07 -0.078 0.94
Off Task 0.785 -1.064 0.00%*** 0.114 0.082 0.77
Smile, Laugh 0.071 0.005 0.71 -0.056 0.12 0.30
At least 1 Qn -0.164 0.073 0.13 0.003 0.096 0.38
Local Info -0.144 -0.012 0.32 0.014 0.063 0.72
Learning Aides -0.198 -0.069 0.35 -0.013 -0.012 0.99
Group Work 0.358 0.798 0.46 0.084 0.039 0.76
Baseline Teacher Characteristics
Gender (female) 0.388 0.379 0.97 0.371 0.375 0.95
Experience -0.017 -0.021 0.55 -0.008 -0.008 0.96
Age -0.009 -0.012 0.51 0.000 -0.001 0.76
Educ:
~= Bachelor -0.436 -0.435 0.99 0.268 0.27 0.97
Ei“l"z'm Pass 0.436 0.435 0.99 -0.268 0.27 0.97
N 235 111 560 282

Note: This table reports coefficients from a linear probability model with the dependent variable indicating whether the teacher dropped out
from baseline to endline and the independent variables include a series of baseline outcomes and time-invariant baseline teacher
characteristics. The column, “p-value of difference” contains the p-value from a regression of the interaction between treatment status and
baseline characteristic (standard errors clustered at the school level). If the p-value is lower than 5%, we are able to reject the null hypothesis
of similar means, indicating that the attritors have different characteristics between the treatment and control group. Note the regressions do
not include sample added after baseline. * <0.10, ** <0.05, *** < 0.01.

In both the PMB teacher sample and the classroom practice teacher sample, there does not
exist strong evidence that the attrition is unbalanced across treatment groups. Largely,
attritors share the same characteristics across treatment and the comparison.

Summary and implications for teacher level results:
Our main concern when looking at attrition is if our results are in any way driven by

differential attrition (both across treatment arms and baseline characteristics) thus resulting in
biased estimates. Our interpretations from the tests above is that there is no conclusive
evidence suggesting that differential attrition is confounding our estimates of treatment
effects.

e Opverall there is no conclusive trend of differential attrition between treatment arms
across survey rounds e.g.: there is no reasonable theory that could explain why there
is such high dropout in standard schools in Delhi private schools in the classroom
observation sample (table A10) while not for the PMB sample (table A8) given that
for both surveys, baseline and endline happen in different school years. Furthermore,
teachers in standard schools continue to show similar baseline characteristics as
teachers in other schools. The significant results we see is much likely due to a chance
difference or a ‘false-positive’ given the multiple hypotheses we run or an imbalance
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that was present originally at baseline. Furthermore, there are no imbalances when

comparing baseline characteristics between the aggregated treatment group and the
comparison group, which should inspire confidence in the validity of the all-STIR

treatment effect results.

¢ Our endline results come from multivariate regressions that control for baseline
characteristics. This means that differential attrition (by baseline characteristics)
would be problematic only were we to assume that treatment effects vary in baseline
characteristics (heterogenous treatment effects). We ran these heterogeneity tests for
baseline teaching and off-task in U.P. (which appear as significant in table A18),
which showed that there is no heterogeneity in treatment by baseline time use
measures.

Thus, for the teacher level parameters we feel attrition does not skew our results — it could
have at most a very marginal influence that, even under the most favorable assumptions,
would not overturn our key findings.

Student level

Similar to the tests at the teacher level, we ran tests at the student level to check for
differential attrition across treatment arms and baseline characteristics.

In Table A19, we report overall attrition rates from the student testing survey in U.P. Overall,
dropout is about 57%. Comparing dropout across the treatment arms, we find no evidence for
differential attrition at the 5% level of significance.

Table A19: Assessment of differential attrition at student testing endline in U.P.

p-val p-val
(all (std. &
Overall Treatment Comparison Standard Exploratory STIR) exploratory)
Attrition 0.57 0.56 0.59 0.57 0.56 0.51 0.78
(0.495) (0.496) (0.493) (0.495) (0.497)
N 7386 4829 2557 2335 2494

Note: This table reports means and standard deviations (in parentheses) of student attrition from baseline to endline. The final two columns
contain results from a balance test. Technically, we run two OLS regressions of a binary dropout indicator on (1) an overall treatment
indicator (All STIR) and (2) on two binary variables representing the two treatment arms (standard & exploratory). For the later regression,
we use a joint test for whether any of the treatment arm coefficients is statistically different from 0. If the p-value is lower than 5%, we are
able to reject the null hypothesis of similar means. * <0.10, ** <0.05, *** <0.01.

Similarly looking at the attrition rates from the student testing survey in Delhi (Table A20)
we find no evidence for differential attrition at the 5% level of significance.
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Table A20: Assessment of differential attrition at student testing endline in Delhi

p-val p-val
(all (std. &
Overall Treatment Comparison Standard Exploratory STIR) exploratory)
Attrition 0.45 0.45 0.44 0.48 0.40 0.86 0.44
(0.497) (0.497) (0.497) (0.500) (0.491)
N 3047 2063 984 1217 846

Note: This table reports means and standard deviations (in parentheses) of student attrition from baseline to endline. The final two columns
contain results from a balance test. Technically, we run two OLS regressions of a binary dropout indicator on (1) an overall treatment
indicator (All STIR) and (2) on two binary variables representing the two treatment arms (standard & exploratory). For the later regression,
we use a joint test for whether any of the treatment arm coefficients is statistically different from 0. If the p-value is lower than 5%, we are
able to reject the null hypothesis of similar means. * <0.10, ** <0.05, *** <0.01.

Column 1 of Table A21 reports summary statistics of baseline characteristics for those
students in U.P. that were surveyed at endline. Columns 2 to 5 report similar characteristics
for the respective subsample indicated in the header. We observe that overall these
characteristics seem comparable. The final two columns assess the similarity of baseline
characteristics across the overall treatment and the two treatment arms respectively. We find
that students in U.P. at endline do not differ in their baseline characteristics at the 5% level of
significance.
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Table A21: Balance of observed characteristics at student testing endline in U.P.

p-val p-val
(all (std. &

Overall Treatment Comparison Standard Exploratory STIR) exploratory)

Hindi levels (BL) 1.81 1.74 1.95 1.76 1.73 0.23 0.48
(1.825) (1.812) (1.843) (1.860) (1.768)

Math levels (BL) 1.63 1.56 1.77 1.54 1.58 0.17 0.37
(1.671) (1.625) (1.752) (1.668) (1.586)

Baseline Student Characteristics

Gender (Female) 0.55 0.55 0.55 0.56 0.55 0.75 0.82
(0.497) (0.497) (0.498) (0.4906) (0.498)

Gender (Missing) 0.02 0.02 0.02 0.03 0.02 0.97 0.78
(0.154) (0.155) (0.153) (0.176) (0.133)

Age 8.44 8.35 8.60 8.33 8.37 0.23 0.48
(1.759) (1.708) (1.848) (1.794) (1.626)

Second grade 0.19 0.19 0.19 0.20 0.18 0.96 0.88
(0.394) (0.394) (0.395) (0.400) (0.388)

Third grade 0.23 0.25 0.20 0.22 0.27 0.12 0.09
(0.421) (0.430) (0.399) (0.412) (0.445)

Fourth grade 0.15 0.16 0.13 0.15 0.17 0.28 0.40
(0.359) (0.367) (0.341) (0.357) (0.375)

Fifth grade 0.10 0.10 0.10 0.10 0.11 0.73 0.88
(0.302) (0.3006) (0.296) (0.299) (0.311)

Sixth grade 0.18 0.15 0.23 0.17 0.14 0.17 0.35
(0.384) (0.360) (0.423) (0.372) (0.348)

Seventh grade 0.00 0.00 0.00 0.00 0.00 0.16 0.37
(0.025) (0.031) (0.000) (0.032) (0.030)

Eighth grade 0.00 0.00 0.00 0.00 0.00 0.53 0.37
(0.040) (0.031) (0.054) (0.000) (0.043)

N 3152 2111 1041 1006 1105

Note: This table reports means and standard deviations (in parentheses) of baseline characteristics at endline. The final two columns contain
results from a balance test of characteristics among the students in the endline sample. The column, “p-value (all STIR)” contains the p-
value in an OLS regression of the characteristic on a dummy variable indicating whether the student was part of the treatment or comparison
group (standard errors clustered at the school level). The last column presents results from an OLS regression of the given characteristic on a
set of two treatment indicators and jointly tests whether any of these coefficients is statistically different from 0. If the p-value is lower than

5%, we are able to reject the null hypothesis of similar means. * < 0.10, ** < (.05, *** < 0.01.

Similarly, Table A22 summarizes baseline characteristics for students in Delhi private
schools who were surveyed at midline. We find that students in Delhi at midline do not differ

in their baseline characteristics at the 5% level of significance.
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Table A22: Balance of observed characteristics at student testing endline in Delhi

p-val p-val
(all (std. &

Overall Treatment Comparison Standard Exploratory STIR) exploratory)

Hindi levels 3.56 3.55 3.58 3.48 3.64 0.91 0.72

(BL)
(1.804) (1.776) (1.864) (1.749) (1.805)

Math levels 3.31 3.24 3.45 3.28 3.20 0.40 0.62

(BL)
(1.834) (1.814) (1.871) (1.833) (1.791)

Baseline Student Characteristics

Gender 0.37 0.36 0.38 0.39 0.34 0.60 0.25

(Female)
(0.482) (0.481) (0.485) (0.487) (0.473)

Age 8.75 8.78 8.68 8.80 8.76 0.73 0.93
(2.067) (1.970) (2.263) (2.067) (1.854)

Second grade 0.12 0.10 0.16 0.12 0.09 0.19 0.29
(0.328) (0.3006) (0.368) (0.326) (0.280)

Third grade 0.17 0.19 0.12 0.20 0.17 0.12 0.24
(0.371) (0.389) (0.325) (0.402) (0.373)

Fourth grade 0.16 0.18 0.12 0.18 0.17 0.11 0.26
(0.365) (0.382) (0.321) (0.386) (0.377)

Fifth grade 0.09 0.08 0.11 0.07 0.08 0.37 0.66
(0.283) (0.268) (0.313) (0.264) (0.272)

Sixth grade 0.07 0.06 0.08 0.04 0.09 0.47 0.23
(0.250) (0.236) (0.278) (0.185) (0.283)

Seventh grade 0.07 0.06 0.11 0.08 0.03 0.17 0.08
(0.260) (0.229) (0.315) (0.266) (0.173)

Eighth grade 0.00 0.00 0.00 0.00 0.01 0.20 0.37
(0.047) (0.056) (0.000) (0.038) (0.072)

UKG grade 0.09 0.07 0.13 0.08 0.07 0.18 0.37
(0.284) (0.257) (0.331) (0.266) (0.247)

N 1846 1263 583 680 583

Note: This table reports means and standard deviations (in parentheses) of baseline characteristics at endline. The final two columns contain
results from a balance test of characteristics among the students in the endline sample. The column, “p-value (all STIR)” contains the p-
value in an OLS regression of the characteristic on a dummy variable indicating whether the student was part of the treatment or comparison
group (standard errors clustered at the school level). The last column presents results from an OLS regression of the given characteristic on a
set of two treatment indicators and jointly tests whether any of these coefficients is statistically different from 0. If the p-value is lower than
5%, we are able to reject the null hypothesis of similar means. * < 0.10, ** < (.05, *** < 0.01.

Summary and implications for student level results:

Thus, to conclude, at the student level we find no evidence of differential attrition. We are
limited in our ability to look at trends in baseline characteristics (since we only collect
student data on age and sex) but within the limited scope of the analysis we do not find
differential trends.
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Appendix Al14: Baseline balance checks

The treatment groups in both Delhi and U.P. appear to be well balanced across all treatment
groups. 21 variables were tested for Delhi and 20 tested for U.P.3® F-tests were used to
determine the joint significance in difference in means across the three groups. Standard
errors were clustered at the school level in all analyses presented.

In the Delhi study, two of 21 variables were significant at the 10% level and no variables
tested were significant at the 5% or 1% levels. Theory would predict that roughly two out of
21 variables would be significant at the 10% level by chance, and that one variable at the 5%
level would be significant by chance. This seems to indicate that the variables are well-
balanced across the various study arms in Delhi.

In the Uttar Pradesh study, three out of the 20 variables were significant at the 5% level and
one variable was significant at the 10% level. Two of these variables are fraction of time
spend teaching and fraction of time spent off-task, which are not independent variables,
meaning that imbalance in one is likely responsible for imbalance in both. Along with
classroom management, the fractions for each of these variables must add up to 100%. The
other significant variables were the fraction of teachers who used learning aids (at the 5%
level) and fraction of students engaging in group discussion or Q&A (at the 10% level).
While theory would only predict one variable that is significant at the 5% level assuming
random distribution, IDinsight believes that the comparison and treatment groups are
nonetheless well-balanced. IDinsight will also take measures to test for bias at endline, for
example, by performing robustness checks incorporating baseline covariates.

Table A23: Delhi

Mean Mean Mean Num Model- N

comparison Intrinsic Extrinsic o;s. df Reg-df F-statistic  p-Value
Teacher Motivation Index 1.9 1.9 2.0 1256 2 178 0.80 0.45
Teacher Age 28.1 28.7 29.5 1252 2 178 086 042
LEerdinfal S Sl 5.6 5.7 6.5 1248 2 178 1.56 021
(Years)
Female 95% 94% 92% 1257 2 178 1.26 0.29
Teacher Education’ 1256 2 0.77 0.68
Additional Teacher
Qualiﬁcati0n52 1251 12 14.08 0.30
o GiF e 3%  64%  71% 1384 2 140 192 0.5
Teaching
Fraction of Time 26% 33% 28% 1384 2 140 1.51 0.23
Managing Classroom
Fraction of Students 25% 29% 27% 1383 2 140 051  0.60
Doing Dirills
LG oI O ST il 17% 16% 15% 1383 2 140 016 085

Participating in a Group

38 Additional teacher qualifications were not recorded at the baseline survey for U.P. These were collected only
during the midline survey to take place in 2016.
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Discussion
Fraction of Students

Listening fo Lecture® 21% 19%  14% 1383 2 140 235 0.0
Erffgéogiiiftggftﬁirk* 29% 27% 38% 1383 2 140 300 005
%i‘l’;ﬁon of Students Off 8% 8% 6% 1383 2 140 141 025
Fraction of Teachers Who 750, 68% 80% 2015 ; 140 - ol

Smiled at Least Once

Fraction of Classrooms

Where At Least One 33% 33% 35% 345 2 140 0.03 0.97
Student Asked a Question

Fraction of Teachers Who

Used Local Information 78% 83% 77% 345 2 140 0.84 0.43
while Teaching

Fraction of Teachers Who o o o

Used a Learning Aid 58% 61% 63% 344 2 140 0.34 0.72
Fraction of Teachers Who

Asked Students to Work 3% 2% 4% 342 2 139 0.56 0.57

in Small Groups
Student’s Math ASER

! 3.8 3.6 3.6 3379 2 037 083
Level
ST i ASIE 3.6 3.5 3.5 3379 2 067 0.1
Level

Notes: Unless otherwise noted, F-statistics reflect the model specification statistic for a linear regression model
with the outcome variable listed on the leftmost column and the explanatory variables as two binary variables
indicating either intrinsic or extrinsic motivation treatment status. Unless otherwise noted, all standard errors in
this table are clustered at the school level.

* Indicates significance at the 10% level.

** Indicates significance at the 5% level.

*** Indicates significance at the 1% level.

! Highest education level is an ordinal variable, so an ordered logit model was used. Because this model uses
maximum likelihood, the model test is a chi-squared test, rather than an F-test. Standard errors were clustered at
the school level. Group means have not been listed for this model.

2 Teacher qualification is an unordered qualitative variable, and a Pearson’s chi-squared test was used to
determine differences in distributions among the different treatment arms. Standard errors are not clustered at
the school level, so the p-value listed may be conservative.

* Student Math and Hindi scores are from the ASER test battery, which gives an ordinal value. Because this
model uses maximum likelihood, the model test is a chi-squared test, rather than an F-test. Standard errors were
clustered at the school level. Readers should use some caution when interpreting group means, as the numerical
values from one category to the next are arbitrary.

Table A24: Uttar Pradesh

Mean

compariso Il?t’[rfz:lc E}:’t[rel‘;';w 1:;;“ Model-df ~ Reg-df  F-statistic  p-Value
n

Uzl b Biifveiion 18 17 18 1145 2 270 062 054
Index

Teacher Age 38.9 38.7 38.4 1222 2 270 0.19 0.83
Teaching Expericnce 11.5 10.9 1.0 1214 2 270 046 0.63
(Years)

Female 57% 52% 54% 1244 2 269 0.37 0.69
Teacher Education’ 1205 2 0.09 0.96
Fraction of Time 77% 81% 1% 3369 2 270 3.50 0.03

Teaching**
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Fraction of Time

Managing Classroom

Fraction of Time Off

Task**

Fraction of Students

Doing Dirills

Fraction of Students

Participating in a Group 5% 4% 8% 3349 2 265 2.42 0.09
Discussion*

Fraction of Students

Listening to Lecture

Fraction of Students

Doing Silent Seatwork

Fraction of Students Off

Task

Fraction of Teachers

Who Smiled at Least 6% 4% 7% 841 2 265 1.62 0.20
Once

Fraction of Classrooms

Where At Least One

Student Asked a

Question

Fraction of Teachers

Who Used Local

Information while

Teaching

Fraction of Teachers

Who Used a Learning 32% 45% 33% 841 2 265 3.76 0.02
Aid**

Fraction of Teachers

Who Asked Students to 6% 6% 5% 841 2 265 0.04 0.96
Work in Small Groups
Student’s Math ASER
Level?

Student’s Hindi ASER
Level?

Notes: Unless otherwise noted, F-statistics reflect the model specification statistic for a linear regression model
with the outcome variable listed on the leftmost column and the explanatory variables as two binary variables
indicating either intrinsic or extrinsic motivation treatment status. Unless otherwise noted, all standard errors in
this table are clustered at the school level.

* Indicates significance at the 10% level.

** Indicates significance at the 5% level.

*#* Indicates significance at the 1% level.

! Highest education level is an ordinal variable, so an ordered logit model was used. Because this model uses
maximum likelihood, the model test is a chi-squared test, rather than an F-test. Standard errors were clustered at
the school level. Group means have not been listed for this model.

2 Student Math and Hindi scores are from the ASER test battery, which gives an ordinal value. Because this
model uses maximum likelihood, the model test is a chi-squared test, rather than an F-test. Standard errors were
clustered at the school level. Readers should use some caution when interpreting group means, as the numerical
values from one category to the next are arbitrary.

7% 7% 8% 3369 2 270 0.22 0.80
16% 12% 21% 3369 2 270 3.84 0.02

32% 27% 28% 3349 2 265 1.53 0.22

28% 34% 25% 3349 2 265 2.07 0.13
16% 19% 18% 3349 2 265 0.94 0.39

18% 17% 22% 3349 2 265 2.18 0.11

18% 29% 20% 841 2 265 2.09 0.13

7% 13% 10% 841 2 265 1.43 0.24

23 2.0 2.0 7376 2 2.73 0.25

2.5 2.3 2.2 7376 2 2.46 0.29

Appendix A15: Sample sizes and school type

The number of teachers in the teacher motivation and classroom observation sample in each
program type are mentioned below.

Table A25: Number of teachers by treatment arm
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School type

Teacher motivation

sample

Classroom observation

sample

Delhi private | U.P.gov | Delhiprivate | U.P. gov
Core 408 384 177 219
Core-plus 314 383 141 212
Comparison 350 366 144 213
Number here represents number of teachers in core, core plus and comparison schools

The number of teachers for each subgroup category are mentioned below. This has been split
according to our teacher motivation and classroom observation sample lists.

Table A26: Number of teachers by subgroup categories
Teacher motivation sample

Classroom observation sample

Sub group Category Delhi private U.P. gov Delhi private U.P. gov
Teacher Sex Male NA 488 NA 277
Female NA 645 NA 367
Amava NA 108 NA 66
Dalmau NA 70 NA 43
Harchandpur NA 92 NA 63
Lalaganj NA 94 NA 52
Sataon NA 66 NA 45
Block Rahi NA 62 NA 25
Pindra NA 84 NA 43
Sevapuri NA 167 NA 91
Chiraegaun NA 192 NA 120
Araziline NA 86 NA 41
Kasividyapeeth NA 84 NA 55
Number here represents number of teachers in each subcategory (counting teachers in both STIR and comparison schools)

A block may be comprised of one or more STIR networks, implying that a block may either
have schools belonging to one or multiple STIR programming variants, as shown in Table

A27.
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Table A27: Schools b

blocks

Core-
Core Plus
Block Name schools schools
Amava X X
Dalmau X
Harchandpur | X X
Lalganj X X
Sataon X
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Rahi X
Pindra X
Sevapuri X
Chiraegaun X X
Araziline X
Kasividyapeeth | X

Note all blocks had comparison schools

Appendix A16: Primer on statistical inference

Statistical inference: asking one question of the data

Every question that we ask has a true answer: either STIR’s program “works” (i.e., there is a
positive and high magnitude effect of the program on student learning outcomes) or it does
“not work™ (i.e., there is no effect). As a researcher, though, we are not able to observe this
truth directly and instead we resort to answering such questions using statistical inference
applied to the data at hand. Since the data we have are generally a (random) sample of the
population of interest (all teachers in treatment and comparison schools), such answers often
contain (statistical) noise, also called sampling variation.

When a researcher asks a question of the data to get closer to the truth, the answer is
generally based on a “test statistic”.? This test statistic is compared to a reasonable threshold
that — if crossed — would imply a “statistically significant effect”. This threshold, however, is
fully under the discretion of the researcher through choosing the level of confidence of the
results. Higher thresholds are more difficult to cross, and such results are therefore
considered more reliable (that is, less likely to be noise).

A technical measure for how large the test statistic is in comparison to the chosen threshold is
the p-value. Put simply, the p-value measures how large the threshold could have been
chosen to still indicate a statistically significant effect. More technically, the p-value indicate
the smallest level of significance for which the effect would still be statistically significant.*°
In general, we say that the effect is statistically significant if the p-value is lower than the
chosen level of significance a.

Figure Ay presents the four possible combinations of truth (“STIR has an effect” v. “STIR
has no effect”) and test result (“Effect is statistically significant” v. “Effect is not statistically
significant”). If STIR, in truth, has an effect, then if the researcher’s test indicates that there is
a statistically significant effect, this would result in correct inference. The match between
truth and our finding would make us happy, as shown in the northwest corner of Figure Ay.

If the researcher’s test did not indicate a statistically significant effect, this situation would be
referred to as a false negative. Put differently, in this situation, the researcher is not able to
detect a true effect in the data. The likeliness of this situation depends on the detection

39 Oftentimes, this test statistic is the t-statistic, which is derived as the fraction of the coefficient estimate of a
simple linear regression model and its according standard error estimate.

40 On a more conceptual note, it is evident that determining the level of significance prior to data analysis is
warranted.
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“power” of the test. Broadly speaking, a more powerful test can detect more truly existing
effects (so that there would be less false negatives).

Assuming that, in truth, STIR has no effect, and the researcher’s test does not suggest a
statistically significant effect, the result — while disappointing from a programmatic point of
view — would be valid (as shown the southeast quadrant of Figure Ay). If the researcher’s test
indicated a statistically significant effect, though, the result would not be valid and should be
classified as a “false positive”, i.e., registering an effect, even though in reality there is
none.*! The important note is that the researcher directly determines the probability of such
false positive statements by choosing the level of significance, which directly relates to the
level of the threshold that needs to crossed.

Conventionally in the social sciences, the level of significance is chosen at 5% and/or 10%.
This means that for every given question we ask of the data, there is a 5% or 10% chance of
finding a statistically significant effect, even though in truth there is none. In other words, we
should expect one in every 20 or 10, respectively, statistically significant results to be a false
positive if the null is true.

Figure Ay: Statistical inference
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Statistical inference: asking multiple questions of the data

When we collect data, we usually want to ask multiple questions of it: for example, we want
to ask separate questions for each of the child-friendliness indicators discussed in this report;
did STIR’s program have a positive effect on each of these indicators?

Asking multiple questions of the data, therefore — by construction — increases the probability
of finding at least one statistically significant result. For example, asking seven questions
from the same data at the 5% level of significance, increases the chance of finding at least
one false positive from 5% to about 35%, thereby weakening the confidence in our results. If
we do multiple comparisons, the probability of finding at least one false positive is: 1-(1-a)" ,
where m is the number of tests.

As a general remark, note that uncorrected results that are not statistically significant are
expected to remain not statistically significant after correction for multiple inference, since
multiple inference largely adjusts for false positives.

4 Obviously, this is a hypothetical situation because the truth is never observed.
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Appendix A17: Comparison of multiple inference corrections

In this evaluation we examine several outcomes (grouped into families) in accordance with
exploring different aspects of the theory of change. Asking many questions (or testing many
hypotheses) in this way increases the risk of finding many ‘false positives,” which lowers our
confidence in the results. Said another way, asking multiple questions of the data — by
construction — increases the probability of finding at least one statistically significant result.
For example, asking seven questions from the same data, at the 5% level of significance,
increases the chance of finding at least one false positive from 5% to about ~30%*2, thereby
weakening the confidence in our results.

The evaluation literature suggests several ways in which we could correct for multiple
inference. First, we could aggregate similar questions into one summary question, thus
reducing the overall number of questions asked. Technically speaking, all outcomes measures
of an outcome family would be aggregated into a single outcome index, thereby reducing the
number of tested hypotheses. One advantage of this approach is that it does not reduce the
power to detect truly existing effects. At the same time, however, it would be difficult to
disentangle the underlying changes in the outcome variables though. As an example, if time-
use outcomes are seen to improve, we would not be able to state whether this is due to
reduced time off-task or increased time spent teaching. Given the learning nature of the
evaluation, we choose not to aggregate individual outcome measures into outcome indices
since we felt the underlying changes would be ultimately useful for STIR.

Second, it is possible to adjust statistical inference for multiple hypothesis testing by
controlling the Family-Wise Error Rate (FWER), i.e., the probability of finding at least one
false positive for a given set of questions or “outcome family”. We considered a few different
approaches for the same:

e The Bonferroni correction (Bonferroni, C.E 1936): A popular and simple approach used

extensively in the literature is the Bonferroni correction, which adjusts the level of significance
for the total number of questions asked of the data in each outcome family. The Bonferroni
correction compensates for that increase by testing each individual hypothesis at a significance
level of o/m where o is the desired overall alpha level and m is the number of hypotheses.

e The Sidak cortection (Sidik, Z. K. 1967): The Sidak correction also adjusts the level of
significance for the total number of questions asked of the data in each outcome family. Given m
different null hypothesis and a familywise alpha level of a each null hypothesis (of no impact) is
rejected that has a p-value lower than 1-(1- a)!/m.

e The Free Step Down Resampling Method (FSDRM): Westfall and Young (1993) proposed
this correction method for less conservative multiple testing procedures. Their method proves to
be less conservation since it takes into account the dependence structure between test statistics
(Ge Y, Dudoit S and Speed T.P. 2003). The FSDRM consists of the following steps (Anderson
2007):

o Step 1: Run the original regressions and compute the p-value simulation storage counters
o Step 2: Impose monotonicity in the p-values (increasing p-values)
o Step 3: Calculate a set of simulated p-values using a simulated treatment assignement

variable

42 1f we do multiple comparisons, the probability of a false positive is: 1-(1-at)”, where 7 is the number of tests.
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o Step 4: Enforce the original monotonicity of simulated p-values
o Step 5: Calculate the adjusted p-value and force monotonicity one last time
e The Holm-Bonferroni Correction (Holm, S 1979): The Holm-Bonferroni correction was one
of the earliest usages of stepwise algorithms in simultaneous inference. It is a modification of the
Bonferroni cortection. The formula to calculate the Holm-Bonferroni is ((0/ (n- rank number of
pairs (by degree of significance) +1)) where o is the target alpha level, n is the number of tests
and rank is the order of the p-values (sorted from lowest to highest)*.

While the Bonferroni correction is a popular approach, the downside of the Bonferroni
correction is it is potentially lower powered to detect existing effects and overly conservative
if the considered outcomes are correlated. The Sidak correction will always be less
conservative than the Bonferroni correction and hence will always be the better option. But
for low values of m (as it is for our evaluations); it is not that much less conservative and
hence does not change the chances of us rejecting the null massively. The Holm-Bonferroni
is a more rigorous approach as compared to the Bonferroni and the Sidak corrections and is
considered as a more powerful approach.

The FSDRM is the more powerful method and is our preferred form of correction. However,
we are able to use the FSDRM only for specifications where we compare STIR schools (core
and core-plus taken together) to comparison. The complications associated with replicating
the FSDRM to the core v. comparison and core-plus v. comparison specifications are as
follows:

e Firstly, with a three arm RCT (as with ours), it would be straightforward to conduct a
randomization inference based test (such that the FSDRM) that there is no difference between
all three arms. It is however more complicated to conduct a test that there is no difference
between treatment arm 1 and comparison or that there is no difference between treatment arm
two and comparison.

e Secondly, steps of the FSDRM, (among other things) include generating a fake randomization
(or iteratively reassigning the treatment assignment) and obtain p-values for all the tests. Given
the way our randomization assignment was done (especially in Delhi) it would be tough for us to
clearly identify the comparison schools that map with a particular core plus flavor or with the
core treatment schools. This is because as a first step schools are assigned to treatment and
comparison; after which the treatment schools are further divided into core and core-plus
clusters. This second step is not done correspondingly for comparison schools (please see

Appendix A5 for details).

Furthermore, given the complexities of the FSDRM, this method is only applicable to the
school-level results and is not applicable to the IV/LATE approximations of the teacher level
effect of STIR programming.

In order to maintain consistency within different specifications, our approach will be to use
the FSDRM for all-STIR v. comparison school-level specifications (along with sub-group
analyses) and the Holm-Bonferroni correction for all core v. comparison and core-plus v.
comparison specifications as well as all IV/LATE analysis. Table 1 below organizes the

43 http://www.statisticshowto.com/holm-bonferroni-method/ provides a good summary of the steps associated
with the Holm-Bonferroni correction.
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school-level outcomes into related groups, colloquially termed “families”, and summarizes
the correction method used across each of the families.**

4 Note that corrections for the IV/LATE teachet-level analysis have been cortrected using the Holm-Bonferroni
method. Corrections for this analysis follow from the school-level, namely the two outcome groups corrected are:
(1) classroom practice: quality (main, secondaty, & sub-groups) (2) professional mindsets & behavior (sub-groups).
Also note, that for the observational analysis, we did not conduct multiple hypothesis correction given our
skepticism on the validity of these results.
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Table 2: Summary of multiple hypothesis correction - School-Level analysis*>

Treatment # of
Outcome (all, std., or  hypotheses
Group Family Outcomes within family exploratory) tested Type of correction used
Student Math Standardized Math Score all-STIR 1 Not corrected
Testing (main)
Math Standardized Math Score standard + 2 Not corrected
(secondary) exploratory
Math 1. Gender all-STIR 3 Not corrected
(sub- 2. Baseline teacher motivation
groups) 3. Teaching experience
Hindi Standardized Hindi Score all-STIR 1 Not corrected
(Main)
Hindi Standardized Hindi Score standard + 2 Not corrected
(secondary) exploratory
Hindi 1. Gender all-STIR 3 Not corrected
(sub- 2. Baseline teacher motivation
groups) 3. Teaching experience
Professional | PMB 1. Self-assessed total PMB score all-STIR 4 Not corrected
Mindsets & | (main) (standardized)
Behavior 2. Positive Professional outlook
(PMB) index

3. Teacher growth mindset index
4. Teacher efficacy index

PMB 1. Self-assessed total PMB score standard 4 Not corrected
(secondary) | (standardized)

2. Positive Professional outlook
index

3. Teacher growth mindset index
4. Teacher efficacy index

PMB 1. Self-assessed total PMB score exploratory | 4 Not corrected
(secondary) | (standardized)

2. Positive Professional outlook
index

3. Teacher growth mindset index
4. Teacher efficacy index

PMB 4 PMB outcomes X 3 sub-groups all-STIR 12 FSDRM
(sub- (gender, baseline teacher
groups) motivation, teaching experience)
Classroom | Time use 1. Time spent teaching all-STIR 2 Not corrected
Practice: (Main) 2. Time spent off-task
Quantity
Time use 1. Time spent teaching standard 2 Not corrected

4 Note, outcome families were created separately for the two geographies, Delhi & U.P. We did not correct across
geographies.
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(secondary) | 2. Time spent off-task
Time use 1. Time spent teaching exploratory | 2 Not corrected
(secondary) | 2. Time spent off-task
Time use Time spent teaching X 3 sub- all-STIR 3 Not corrected
(sub- groups (gender, baseline teacher
groups) motivation, teaching experience)
Time use Time spent off-task X 3 sub- all-STIR 3 Not corrected
(sub- groups (gender, baseline teacher
groups) motivation, teaching experience)
Classroom | Child 1. Whether teacher laughed or all-STIR 7 FSDRM
Practice: Friendliness | smiled
Quality (Main) 2. Whether students asked at least
1 question
3. Whether teacher used local
information in teaching
4. Whether teacher used learning
aides
5. Whether teacher used group
work
6. Whether teacher referred to
students by name
7. Whether teacher praised or
showed-off students work
Child 1bid. Standard 7 Holm-Bonferroni
Friendliness
(Secondary)
Child 1bid. Exploratory | 7 Holm-Bonferroni
Friendliness
(Secondary)
Child 7 Child friendliness outcomes X 3 | all-STIR 21 FSDRM
Friendliness | sub-groups (gender, baseline

(Sub-group)

teacher motivation, teaching
experience)
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Appendix A18: Deviations from the Commitment to Analysis and
Reporting Plan (CARP)

Our CARP acts as a guideline to our analysis. This document includes details on data
collection, sampling, main research questions and proposed analytical models. All these
details are already present in the report (please see section 4 for details). By prespecifying the
hypotheses and clearly laying out the analytical strategy, CARPs (or pre-analysis plans)
ensure research integrity and transparency and ensure the data are being used to test
hypotheses backed by theory rather than creating hypotheses from the data itself; thus
preventing the tendency to ‘data mine’. In different parts of the report we have mentioned
where we have deviated from the CARP. We provide her a detailed summary. We deviated
from the CARP in three cases:

1. When we felt the need to inspect into something more than we had initially planned. This

would be in case our initial understanding was weak or upon looking into something we felt we
had to give it more thought. In our case this happened with our attrition analysis and our
multiple hypotheses correction strategy.

a. Attrition: We had initially proposed looking at differential attrition only across treatment
arm. However, we felt to truly understand the implications of the high attrition on our
estimates we would need to understand trends in the attriting teachers and students
better and also look at impact on our power. We conducted two additional analyses to
those specified in the CARP.

i. We conducted balance tests of baseline characteristics for teachers surveyed at
midline (Appendix Al4).

ii. We ran power calculations for our main specification to understand firstly what
is the minimum effect we are powered to pick up and secondly how that has
changed from what was initially proposed at the start of the evaluations. Please
see Appendix A15 for details.

b. Multiple hypotheses correction: Our initial understanding of multiple hypotheses
correction was less. We had proposed to use the Bonferroni correction in all cases
(please see Appendix A22 for details). However, as we looked into it more deeply we felt
that the Bonferroni correction while the most popularly used, was the least ‘powerful’
correction method. In our final analyses, we used the Free Step Down Resampling
Method (FSDRM) for correction of all-STIR ». comparison specifications and the Holm-
Bonferroni for all core ». comparison and core-plus 2. comparison specifications.

1) When we felt we should conduct a piece of analysis differently than specified: This only
happened for the student testing analytical model. We had initially thought of the ordered logit
model to see if STIR’s program affects probability of a student being at a particular learning level.
On fitting the ordered logit regression, we hoped to see the marginal effect of treatment on the
probability of child being at a certain learning level (in both Math and Hindi). The ordered logit
model helps us ask the following question of our data: “Does being a part of STIR s program increase
the probability of a child being at a certain level of learning as compared to a child in the comparison group?”.
However, we felt it would be better to switch to an OLS estimation which would give us the
general effect of the program on student learning. This was done for two reasons. Firstly, we felt
this would help us make a cleaner learning statement for STIR. Secondly, based on our
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understanding of STIR’s ToC, we did not feel the program specifically targeted (or was more

oriented to) students with different learning levels Eg: we would not expect STIR’s program to

benefit students who can read letters any differently or any more than those students who can

read words.

2. When we felt the need to conduct more analyses: After presenting initial analyses, STIR

requested for additional analyses they felt would help them learn more about their program.

These were not specified in our CARP initially. These are mentioned below:

a.

Adding a new sub-group: After viewing initial results, STIR felt that they may be able
to learn something about the importance of senior education stakeholder support and
implementation context in U.P. by viewing the results divided by block. STIR thought
this would be particularly useful in trying to separate out the influence of program design
versus implementation capacity and delivery context, which the hypothesis that
administrative units with more supportive BEOs and other local officials would show
stronger results. Note: initially we had also planned to use STIR’s network health
indicators for the subgroup analyses. However, this was not done and the block level
analyses were conducted instead.

Teacher level analyses: As mentioned in section 4 in the report, we felt given STIR’s
program design and emphasis on systemic change, the school level estimates would be
the best reflection of impact. However, given the great learning importance of the
teacher level estimates to STIR, we conducted additional analyses to try and get at the
teacher level impact (please see section 4.5.1.2 for details). This was done in two ways:

i. IV/ LATE: We also pursued the IV/LATE strategy to the and get at the
‘treatment-on-the-treated” effect. Broadly, any ‘treatment-on-the-treated’ analysis
aims to isolate the effects of STIR’s programming for only those teachers who
actively participated in STIR. An ‘instrumental variable’ offers a strategy to
isolate this effect. Crudely, we use the relationship between a school being
randomly offered treatment and a teacher in that school taking up treatment
(participating in programming) to focus a light on just the outcomes of those
teachers who participated in at least one meeting. We conducted this analysis for
all indicators and subgroups in both geographies.

ii. Observational analysis: On STIR’s request, we also directly compared teachers
in the treatment group who participated in STIR with teachers in the
comparison group, excluding teachers in the treatment group who didn’t
participate in STIR. This analysis is an attempt to a relationship between
participating in some amount of STIR programming and the outcomes for
different teachers. This analysis was conducted for all indicators and subgroups
for both geographies.
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Appendix A19: Evaluation Approach

Randomized evaluations and causal claims

Researchers and implementers making use of impact evaluation methodologies seek to
answer the question: to what extent can changes in outcomes of interest, if any, be credibly
attributed to a specific program?

Making a claim about causal impact is always a comparative question: causal claims require
comparing, in some way, what happened to those schools (in this case) that received STIR’s
programming (‘treated’) with what happened in those that did not (‘comparison’). Schools
that did not receive*® STIR programming provide an answer to the question “what would
have happened in similar schools over the same period in the absence of the program?”

The impact estimate is, at root, a comparison in the average outcomes between schools
assigned to receive the program and those that were not. Said another way, the impact
estimate for an outcome of interest is the change in that outcome in treated schools relative to
changes in comparison schools.

One way of rigorously evaluating the impact of a program is to use a randomized strategy for
assigning treatment (the offer of STIR’s programming to teachers in a school) — that is,
randomly selecting the schools with which STIR will work during the evaluation period from
among all schools in the geography of interest. The goal of using random assignment is to
create a starting point (baseline measurement) in which, on average, teachers in treatment and
comparison schools are sufficiently similar (or ‘balanced’) on characteristics deemed relevant
to how the intervention is expected to work in schools.

Formative approach to evaluation

While randomized evaluations are a rigorous and often rigid methodology, we have worked
with STIR to provide as flexible and formative an evaluation as possible within the
requirements of rigor. There are two key rigidities however with the design. First, those
schools assigned to receive (or not) STIR programming (the ‘treatment’) cannot be
reassigned over the course of the evaluation. This is fundamental to causal inference. Second,
we are bound by our intended analyses, which is fundamental to going transparent and honest
research. When we have gone beyond the scope of our planned analyses, this is clearly
denoted in Appendix A18. This is not true with only randomized evaluations but with any
analyses. Data should be used to test theoretically backed hypotheses. Building theory and
hypotheses from observed patterns in data increases the risk of Type I errors or ‘false
positives’#’. This reduces confidence in the results and increases the risk of making decisions
on positive results driven by statistical noise.

4 Whenever we refer to the comparison group we refer to schools where STIR’s program was not offered. For
readers familiar with RCT terminology, this is the same as the ‘control’ group.

47 In statistical hypothesis testing, a Type I error is the incorrect rejection of a true null hypothesis (a "false

positive"). Please sce further section on multiple hypothesis correction (section 4.5.3) for a better understanding on
the implications of false positives.
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We have taken a formative approach to this randomized evaluation in three*® main ways:
1. STIR has continued to iterate on its programming based on experiential learning over the course

of this first year of the evaluation. We have also tried to contribute to this learning through a
detailed process evaluation, reported elsewhere.

2. We have continued to refine our measurement metrics and indicators over the course of the
evaluation so far. As we have learned more about our own instruments and STIR has gained
clarity on their goals and indicators, we have worked to adopt or adapt the measures we used at
baseline (made possible by the randomized set-up). We have attempted to include measures of
attendance, which we and STIR now understand as an important link in the ToC. We have also
adapted the classroom observation tool to ensure that indicators are closer to STIR’s program.
We have also added questions to the classroom observation and teacher motivation tools which
map closer to the STIR program, to provide more useful information to STIR.

3. We explicitly designed this evaluation to test the differential effects of iterations of the program
in Year 1, as described under “Program variations.” This included looking a programming
version focused largely on intrinsic motivation as well as a version that added in different
extrinsic — but still non-financial — motivators. This represented a focus on structured,
experiential learning and small experimentation within the structure of the larger RE set-up
(Pritchett, Samji, and Hammer 2012).

48 Looking forward to Year 2 of the evaluation, STIR decided that a different research objective was more
pressing than intrinsic versus extrinsic motivation: whether teachers and students benefitted more from ready-
made, evidence-informed approaches to classroom practice or from co-creating their own approaches to
challenges faced. IDinsight has also accommodated this change in focus.
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Appendix A20: Covariates in teacher level regression analyses

The control variables mentioned here*” are those which we are not interested in directly but
we expect are related to the dependent variable or may have differential experiences as part
of the STIR program. We will include these in the regression equation as the independent
variable to ‘control’ for their effect.> 3!

1. Teacher sex: Male and female teachers may be motivated by different factors or
conversely different things may motivate male and female teachers differently.
Further the access to, experience with the STIR program and the interest and ability to
act on STIR’s ideas may vary with sex.

2. Age: Teachers of different ages may find different barriers in being active members
of STIR. They may be more susceptible to pressures from family, colleagues and
supervisors. They may also have less decision-making power while trying to influence
the classroom culture or practice. At the same time the desire to collaborate with peers
may be more exciting to younger teachers.

3. Teacher qualification level: Teachers in schools have varied backgrounds and
training. This may influence a teachers’ ability to influence her classrooms in general,
and specifically with regards to learnings from STIRs programs. A teacher with
higher training or qualification may also be better at finding localized solutions to the
challenges in the classrooms and may be more ‘active’ participants in network
meetings.

4. Total number of years teaching: A teacher’s experience may influence how they
‘value’ STIRs program. It may be the case that teachers younger in their teaching
career are more incentivized to be a part of the STIR program that someone who is
further ahead in their career or closer to retirement. At the same time, it may be that
slightly more experienced teachers are better aware of the challenges specifically in
their classrooms or in general. They may be able to use the STIR experience in a more
fruitful manner.

5. Enumerator dummies: It is important to control for enumerator dummies, to prevent
for any enumerator specific biases during data collection. While the motivation
questionnaire is self-administered, bias may creep in due to an enumerators
communication and explanation skills.

6. Baseline teacher motivation index: A teacher’s inherent motivation may be an
important determinant of how actively they are a part of STIRs network. STIRs
program requires teachers to spend time and effort outside of classrooms in network
meetings and to find solutions to existing problems. Along the way they may have to
face barriers of different kinds, which may act, as disincentives e.g., travel, pressure
from head teachers, family etc. If a teacher is highly motivated, she would be more
likely to overcome these hurdles or may be more excited by the opportunity to learn.

4 Note apart from these we also control for baseline values where applicable

0 From a technical point of view, there is no need to control for additional (teacher) characteristics in the analysis
because of random assignment of the treatment indicator. We expect that inclusion of additional characteristics
helps to explain overall variation in the outcome measures and thus increases precision of the estimates of interest.

51 The respective control variable is excluded in the subgroup analysis for that variable.
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7. Dummy variable for network: Teachers are organized into local changemaker
networks in which they interact with teachers from other schools in the same network.
Each network is led by one EL and contains schools with geographical proximity to
one another.

8. Class size: For the time use family and the child friendliness indicators (i.e.,
indicators from the classroom observation) we also use class size as a control variable
(where class size is defined as the number of students present in the class at the time
of the observation itself). The number of children in a class may affect a teacher’s
teaching style and influence the way she allocates time in the classroom.

Baseline outcome measures: Apart from the covariates mentioned above, we also include
baseline outcome measures. We expect that outcome levels observed at midline to be
explained to a large extent by corresponding baseline levels. For this reason, we do include
baseline values of the outcome measure if available. For two outcomes of the child-
friendliness outcome family and the attendance family baseline levels are not available since
these data were not collected at baseline.
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Appendix A21: Teacher-level estimates: Observational analysis

For the observational analysis, we first restrict the sample by removing teachers in treatment
schools who did not participate in STIR and then use the following specification:

Yiij = Bo + By * leastActive; + B, * partiallyActive;; + B3 * fullyActivey + B4 * Yo + v * Xj; + wj + g

Where,
(@]
(@]
(@]

O
O

Y1, is an individual teacher’s (belonging to school j) outcome at endline

Yy is an individual teacher’s (belonging to school j) outcome at baseline
leastActive;; is a dummy variable which is 1 if the teacher (in 2 STIR school j)
falls in the category of least active participation Ze., has attended only one
meeting in the two years

partiallyActive;; is a dummy variable which is 1 if the teacher (in a STIR school
j) falls in the middle category of active participation Ze., has attended at least half
(but less than three fourths) of the meetings in the two years.

fullyActive;; is a dummy variable which is 1 if the teacher (in a STIR school j)
falls in the highest category of active participation ze., has attended at least three-
fourths of the meetings.

Xjjis a vector of covariates. For teachers, these include teacher sex, age,
qualification, years of experience, baseline teacher motivation, class size,
enumerator and network dummies.

&;j is an individual level (within schools) error term

wj is a school level error term

B1, B, and B; are the coefficients of interest (effect size) for least, partially and fully active
teachers respectively. Note each teacher can be part of only one of the three categories. In the
results, we report all three; i.e., for each regression we compare outcomes of teachers in each
of the three categories to teachers in control schools.
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Appendix A22: Data quality assurance measures

Details of survey administration

The teacher motivation questionnaire was filled out by teachers on a paper form. They
provide written consent before beginning the questionnaire. Data from this survey was
entered (in double) by data entry operators which was then reconciled and checked by
IDinsight staff.

All other data were collected electronically using SurveyCTO (SurveyCTO (version 2.02)
2016). Data were collected by a field team of surveyors hired, trained and managed directly
by IDinsight staff.

In Delhi, STIR EL’s help setting us up in schools by requesting schools for dates when our
survey teams can visit. In U.P., STIR Program Managers help by setting us up with official
government permission letters. Field planning and school entry is then done independently by
IDinsight field managers.

As per field protocol, our field teams first interact with head teachers/ principals upon
reaching the school. They explain the survey and its components, how the data will be used
and ask for permission to proceed with our survey activities. After this, surveyors collect
school level information and information required from the head teachers. They then interact
with the teachers in our sample and explain the survey to them in detail before asking for
permission to observe their class, interact with students etc. Teachers provide oral consent
before we observe their classrooms; students provide oral consent before we administer the
learning assessments.

TM Questionnaire

Several steps were taken to ensure utmost quality in conducting the collecting these data:
e The data, collected on paper forms, are double entered.

e IDinsight field managers enter a randomly chosen ten percent portion of the data. This acts as a
triple check for our collected data.

e Form scrutiny: All enumerators thoroughly scrutinize the survey forms before they leave a school
to check for any discrepancies in the answers and spot missing sections, absurd answers etc.

e Our error rates were found to be less than 0.5. For teacher codes, the acceptable rates for data
entry error were 0.

Classroom practice and student learning tools

Regular spot checks and discussions

In both Delhi and U.P. IDinsight field managers conducted daily debriefing sessions with the
entire field team. During these sessions the field managers would bring up scenarios they had
noticed during their visit to schools in the day and would ensure all enumerators were in
agreement of how the scenario was to be interpreted.
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Back checks

IDinsight field managers also conducted random back checks, in which they would visit
schools and interact with principals about the visit of the enumerators.

GPS coordinates

Every time an enumerator would open a new form on SurveyCTO, his or her GPS
coordinates would be recorded automatically. This allowed IDinsight staff to verify that
enumerators physically visited the schools they were assigned.

Other SurveyCTO Checks

To help identify and prevent enumerators from collecting incorrect data, a number of checks
were incorporated within the SurveyCTO survey form. Most of the checks were built-in to
appear randomly. This prevented enumerators from finding loopholes.

Some of the checks built in were:

Random selection screens: During the student testing and classroom observation often a
screen would appear which prompted enumerators to select to ensure they were attentive during
data collection.

Photos: At the end of student tests, the forms would prompt the enumerators to take a photo of
the student and their answer sheets. This was a good check to ensure that enumerators did not
falsify the student learning data and that the survey was conducted.

Audio files: The most important check incorporated was to randomly record audio clips of
enumerators in the schools. These clips were recorded during both the classroom observation
and the student testing. These audio clips were regularly audited by IDinsight field managers,
who not only used them to check the enumerator performance but also re-coded the survey
themselves. For example, if a field manager was reviewing a student testing audio clip then he or
she would fill a separate survey form based on how they would rank the students’ learning level
based on the students’ answers. This also helped identify those enumerators who had not
followed field protocols and survey rules as discussed during training.

Time stamps: Each section of the survey conducted had an associated time stamp. This time
stamp was analyzed as part of the data audits to check how long enumerators spent on each
section. This was particularly useful in checking for falsification of data in the timed sections of
the classroom observation.
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Appendix A23: Contexts of the evaluations

STIR’s program in Delhi and Uttar Pradesh have distinct implementation and institutional
contexts. STIR thinks of their private schools model as a ‘lab’ with higher control over
implementation quality since the program is carried out by STIR staff directly. The Uttar
Pradesh model is closer to the ‘at-scale’ model since it is deeply embedded within the
government structure and is led by government school teachers themselves with adequate
training and support from STIR staff. The specific study sites are shown in

Figure Az: Northern India and surround, showing Delhi (n=1) and U.P. (n=2)
evaluation sites
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The geographic, state and implementation differences between Delhi and U.P. will help
inform strategic decisions for STIR about the systems and models with which they engage.
Working with private schools (APS), on one hand, means engaging with each school (a small
business) individually, as there is no overarching authority; for delivery, STIR relies on its
own employees to serve as facilitators of programming as well as liaisons with each school.
Working within the government system (U.P.), on the other hand, means having an
overarching authority through which to introduce STIR into the system; for delivery, STIR
relies on a cascade model, using its own employees to train and support government school
teachers to act as volunteer, ground-level facilitators of STIR’s programming.

Drawing on both the broader literature and descriptive data from the present study®?, in this
section we provide some contextual detail for these study sites. While the present program
and evaluations focus on teacher professional development, the background on infrastructure
helps set the scene of the geographies and schools in which STIR’s programming is
implemented — where teachers need to teach and feel inspired and students need to learn and

52 We describe the methodology in section 4.
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feel comfortable.>® We present the descriptive data from this evaluation in Table A30 to shed
light on the teaching and learning context for this evaluation.

Table A30: Facilities details of evaluation schools in Delhi (private schools) and U.P.
(government schools)

Percentage of

Percentage of

Indicator
Does the school have a boundary wall? 64% 36% | 100% 0%
Does the school have a separate kitchen? 97% 3% 27% 73%
Do classrooms have desks for students? 14% 86% 97% 3%
Does the school have an electric connection? 44% 55% 99% 0%
Does the school electricity work? 26% 74% 99% 0%
Does the school have a toilet in working condition? 95% 5% | 100% 0%

2.3.1 Delhi private schools

There exist very few (reported) data on private schools in Delhi. Here, we draw mostly on our
own sample to paint a picture of the private school context. In our sample, in private schools
in East Delhi, most schools have a boundary wall to distinguish school property from the
space beyond it. Most also have an electric connection which was working at the time we
visited the school and have working toilets. However, three-quarters of schools do not have
an included kitchen in which, inter alia, mid-day meals can be prepared.

Inside the school, most (97%) classrooms have desks for students. Most classrooms (95%)
also had tables or desks for the teacher and had a blackboard. About 45% of classrooms had
posters on display and in about 25% of classrooms, outside noise was audible. These
descriptive findings for our sample are summarized in Table A31.

53 We selected the specific indicators reported here give their link with India’s Right to Education Act (The Right of
Children to Free and Compulsory Edneation Act 2009, vol. DL-04/0007/2003-09, sec. 19). Some researchers have found
links between adequate infrastructure, classroom facilities, and student learning outcomes (Govinda and
Bandyopadhyay 2011).

5 The total number of schools in Delhi is 135 and Uttar Pradesh is 266. For a few indicators (eg: electric
connection), information is missing since enumerators were unable to cleatly observe these in a few schools due to
either the physical layout of the school or lack of permission.
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Table A31: Facilities available in classrooms in Delhi (private schools) and U.P.
(government schools)

Indicator

Percentage of U.P. Percentage of Delhi

Yes No Yes No
Are most children in the classroom wearing uniforms? 74% 26% 98% 2%
Does outside noise affect communication in the classroom? 3% 97% 25% 75%
Does the classroom have a blackboard or whiteboard? 97% 3% 98% 2%
Is there a chair and/or a table for the teacher? 96% 4% 95% 5%
ar:rl’i;w;re posters etc. on the wall or on display (other than student 63% 37% 45% 559

2.3.2 U.P. government schools

In terms of school infrastructure, government schools have not sufficiently met the standards
required by the Right To Education Act (RTE 2009)°¢ be it in terms of toilets (lack of which
has been often quoted as reasons for girl students dropping out), proper classrooms for
teaching students, a secured school covered by boundary walls etc. Turning to our sample, as
shown in Table , in the U.P. districts of Rae Bareli and Varanasi included in the present
evaluation, about 60% of schools are demarcated from the surrounding area by a boundary
wall. Most of the schools have both working toilets and an on-site kitchen. However, only
about one-quarter of the schools have a working electric connection. Most classrooms have a
blackboard and desk/table for the teachers but less than 15% have student desks in the
classrooms. Above 60% of classrooms have posters on display.

55 These data were collected in 459 classrooms in Delhi A.P.S and 747 classrooms in U.P. Govt. schools
56 http://mief.in/condition-of-government-schools-in-india-a-shocking-truth/;
http://www livemint.com/Politics /h7WkzI 77bMtmNIFLDvyoOM / The-poot-state-of-school-infrastructure.html

provide details on situations on government schools after the RTE act of 2009.
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Appendix A24: Sample size and power calculations

4.5.2 Sample size calculations

Our initial power calculations were done at two levels — the student and the teacher level.
Note however, that roughly the same MDE’s were assumed at both the teacher and student
level. This was due to lack of information of distribution of indicators at the teacher level. All
the teacher level indicators used for the studies are relatively unexplored in the literature.

Table A32: Initial power calculations as in the proposal to SIEF

Student level | Teacher level
Power (k) Power (k)
0.8 0.8
Number of clusters (schools) (per arm) 60 60
Cluster size 30
(10 students / 3
teacher)
Intracluster correlation 0.22 0.10
R? of outcome variable 0.42 0.49
Significance level (a) 0.05 0.05
Sample size (per arm) 1,800 180
Minimum Detectable Effect 0.20 sd 0.23 sd

Student level

At the stage of the initial power calculations, based on the literature, we expected an impact
on test scores of 0.2sd.

Teacher level

At the teacher level, given that teacher motivation was the first link in STIR’s theory of
change our power calculations at the teacher level focused on this. We used preliminary (pre-
post) data and expected larger changes as compared to the student level. We expected impact
of greater than 0.3 sd. However, given that we had based it on limited information, we chose
to be powered to pick up a smaller effect size (0.23 sd)*’.

Our randomization strategy, sampling strategy, and sample size were designed to confidently
detect differential impacts on the motivation index score between (1) comparison schools and
those assigned to the core variant and (2) between comparison schools and those assigned to

7 STIR and IDinsight had considered increasing the number of schools (which would help us
pick up much smaller effect sizes). However, given budget and operational constraints it was
not feasible.
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the core-plus variant in each study context.’® However, differences between core and core-
plus will only be suggestive, as will comparisons among the different flavors of the core-plus
model. Causal comparisons across studies — that is, between Delhi and U.P. — are not
intended.

To link a change in the teacher motivation index with changing responses on the
questionnaire, consider the ‘situation’ items that as a teacher to dis/agree with statements
about how they feel. If at baseline, a teacher marked “disagree” for three items and, at
midline, marked “agree” for those same items, we would be able to detect this change.
Indeed, we are powered to capture any three-point change on the situation Likert scales. This
is visualized in Figure Ah(note that we end up being better-powered than anticipated) which
shows that a ‘one-point’ improvement in three questions (x axis) would lead to roughly a 0.16
change in index score (all other answers being held the same), which we would be ‘powered’
to capture.

Figure Ah: Depiction of analytic power to capture changing answers on the Teacher
Motivation Questionnaire
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This graph was generated by sampling midline TM data and improving answers by one for various numbers of questions.
This effectively holds the teachers valuations of different categories constant, which is something the data also show.

Effect of Attrition

Given the high levels of attrition at the teacher and the student level, we ran power
calculations at the end of midline data collection to understand the effect size we were (still)

58 We establish a link to the literature that documents influences on motivation outcomes in Appendix A6.

IDinsiocht midline report on STIR proorammine in Delhi and Uttar Pradesh: Rebort Apbendix 140



(\ IDinsight

DATA. DECISIONS. DEVELOPMENT.

powered to pick up®”. We used the ‘clustersampsi’ command for the same to ‘solve’ for
MDE.

clustersampsi, detectabledifference rho() alpha() k() m()
mul () sdl ()

The estimates for ICC (rho in the equation above), Number of clusters (in our case school; k
in the equation above), Average cluster size (in our case average number of teachers and
students per school; m in the equation above), mean and standard deviation (mul and sd1
respectively in the equation above) all came from our collected data. Significance level
(alpha) was fixed at 5%.

In a way our power calculations allowed us to replace assumed values of ICC, mean, standard
deviation with values from the dataset and allowed us to account for attrition at the school
and teacher/ student level by fixing k and m parameters based on number of schools and
teachers/ students actually surveyed.

The table below provides an indication of the effect sizes we are powered to pick up (80%
power; 5% level of significance):

Table A33: Minimum detectable effects as for midline analyses

Minimum Detectable Minimum Detectable
Indicator Effect (Delhi private) Effect (U.P. gov.)

Teacher motivation Standard

index 0.24 0.24 deviation
Teaching 0.12 0.05 Percentage points
Off task 0.04 0.03 Percentage points
Teacher laugh, smile 0.15 0.09 Percentage points
At least 1 question 0.15 0.08 Percentage points
Local information 0.16 0.1 Percentage points
TLM 0.17 0.13 Percentage points
Group work 0.06 0.05 Percentage points
Refer name 0.13 0.13 Percentage points
Praised, work displayed 0.13 0.07 Percentage points

Standard

Hindi levels 0.35 0.25 deviation

Standard

Math levels 0.36 0.22 deviation
Teacher in school NA 0.07 Percentage points
Teacher in class NA 0.08 Percentage points
Student attendance NA 0.19 Percentage points

59 There are often concerns with post-hoc power calculations and ‘why’ researchers run them. Please see Gelman,
Andrew, and John Carlin. "Beyond Power Calculations: Assessing Type S (Sign) and Type M (Magnitude)
Errors." Perspectives on Psychological Science 9.6 (2014): 641-651 for details. Our motivation to rerun the powet
calculations was to purely see what effect size we were powered to pick up to help interpreting significant and non-
significant results alike.
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We find that for the teacher motivation index, attrition does not affect our minimum
detectable effect by a lot compared to initial calculations (we are still powered to pick an
effect size of 0.24 sd; compared to the 0.23 sd effect initially proposed).

At the student level, the effect of attrition on minimum detectable effect is a bit more
profound yet not too worrying. This also varies with geography. In Delhi private schols, we
are powered to pick up effects larger than 0.35 and 0.36 sds for Hindi and math respectively.
This is quite different from our initial proposed 0.2 sd minimum effect. In U.P. however, we
are powered to pick effects of 0.25 sd and 0.22 sd (and above) in Hindi and Math
respectively.

For all other indicators®, there is variation within ‘family’ of indicators and across
geographies. For example, in U.P. we are powered to pick up even a 5 percentage points
change in teaching whereas in Delhi private schools, we are powered to pick up a 12
percentage points change for the same indicator.

In summary, the magnitude of attrition has limited effects on our power. As compared to the
effects the study was initially planned to detect, we do not see much change at the teacher
level. At the student level, we do find a difference for Delhi private schools, in particular,
while in U.P. government schools the change is less dramatic. We will continue to work to
minimize attrition at endline, but we sfeel confident in the evaluation’s ability to answer the
questions with similar power as we had initially set out with.

%0 We could consider creating a child-friendliness index at endline to help with being powered to pick up a lower
effect at the aggregate level. Similarly, for Delhi endline we could consider an aggregate learning score of sorts to
help pick up smaller effect sizes. We will discuss this further with STIR to understand if it would benefit their
learning.
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Appendix A25: Association Between Teacher Characteristics & Student
Test Scores

The goal of this section is to provide suggestive evidence on the association between various
teacher characteristics and student test scores at baseline. We focus on those teacher
characteristics that feature in the simple Theory of Change depicted in Figure-1 of the main
report. The rational for conducting this exercise is to critically examine the main linkages in
the theory of change and try to unpack whether the teacher characteristics that STIR
programming targets are correlated with student performance. The correlations presented are
purely suggestive relationships and should not be interpreted causally.

Figure Ai: Relationship Between Baseline Motivation & Baseline Student
Performance
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Figure Aj: Relationship Between Baseline Quantity & Quality of Teaching Practice &

Baseline Student Performance (Delhi)
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Figure Ak: Relationship Between Baseline Quantity & Quality of Teaching Practice &

Baseline Student Performance (U.P.)
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