I Z A Institute

of Labor Economics

Initiated by Deutsche Post Foundation

DISCUSSION PAPER SERIES

IZA DP No. 18214
In BRAC We Trust? Comparing Schools for
Disadvantaged Students in Dhaka’s Slums

John C. Ham
Saima Khan

OCTOBER 2025



I Z A Institute

of Labor Economics

Initiated by Deutsche Post Foundation

DISCUSSION PAPER SERIES

IZA DP No. 18214

In BRAC We Trust? Comparing Schools for

Disadvantaged Students in Dhaka’s Slums

John C. Ham
NYU Abu Dhabi, NYU Wagner School of Public Service, IRP and IZA

Saima Khan
North South University

OCTOBER 2025

Any opinions expressed in this paper are those of the author(s) and not those of IZA. Research published in this series may
include views on policy, but IZA takes no institutional policy positions. The IZA research network is committed to the 1ZA
Guiding Principles of Research Integrity.

The IZA Institute of Labor Economics is an independent economic research institute that conducts research in labor economics
and offers evidence-based policy advice on labor market issues. Supported by the Deutsche Post Foundation, IZA runs the
world's largest network of economists, whose research aims to provide answers to the global labor market challenges of our
time. Our key objective is to build bridges between academic research, policymakers and society.

IZA Discussion Papers often represent preliminary work and are circulated to encourage discussion. Citation of such a paper
should account for its provisional character. A revised version may be available directly from the author.

ISSN: 2365-9793

IZA - Institute of Labor Economics

Schaumburg-Lippe-Strae 5-9 Phone: +49-228-3894-0
53113 Bonn, Germany Email: publications@iza.org WWw.iza.org




IZA DP No. 18214 OCTOBER 2025

ABSTRACT

In BRAC We Trust? Comparing Schools
for Disadvantaged Students in Dhaka’s
Slums’

BRAC has over 40,000 schools worldwide. It is widely praised for serving disadvantaged
students and for matching or outperforming government schools. Using data that we
collected from Dhaka’s slums, we test these claims. We find that BRAC serves the most
disadvantaged students in our survey, but contrary to popular belief, BRAC students
perform significantly worse than comparable students at other school types when we
control for family demographics in a matching procedure. Anticipating our need to control
for selection, we collected data on family demographics and the child’s fluid intelligence;
since the latter affects both types of school and student performance, it unambiguously
should be included in the propensity score. Once we control for fluid intelligence, the
performance difference with other NGO schools disappears. The gaps between government
and JAAGO schools have narrowed, but they still remain large and statistically significant.
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1. Introduction

A major challenge for developing countries is making cost-effective, quality schooling
available to a large proportion of the population, particularly those from marginalized
communities. Often, government schools cannot cover the entire school-going population, and
non-government organizations (NGOs) have to help fill the gap. In a country like Bangladesh,
BRAC schools are NGO schools that teach a considerable number of students. BRAC states that
it targets out-of-school children in marginalized communities not covered by the formal schooling
system. Two stylized beliefs about BRAC schools are almost universally accepted. First, BRAC
teaches children from quite disadvantaged backgrounds. Second, BRAC students perform at a

level equal to, or higher than, Government schools.>

In this paper, we use data we collected to shed considerable light on these beliefs by asking
two questions. First, which students go to BRAC in terms of their family backgrounds and fluid
intelligence (IQ), as compared to those who go to (i) government schools (hereafter, GOV
schools), (ii) a relatively new type of school (JAAGO schools)? and (iii) schools run by other non-
government organizations (hereafter, ONGOs). Second, how much better or worse off would
BRAC students be, in terms of math achievement, if they went to one of these other schooling
modes?

Regarding the first question, we find that BRAC teaches the most disadvantaged students,
and the difference between BRAC pupils and other students is the largest for GOV and JAAGO

schools. Students at ONGO schools are somewhat advantaged when compared to BRAC students.

2 See, e.g., Rosenberg (2013), UNESCO Institute of Lifelong Learning (2016), and the ‘Our Work’ section of BRAC’s
official website (BRAC International: Education 2025)
3 We describe JAAGO schools in more detail below.



Hence, our data is consistent with the first stylized fact. However, regarding our second question,
BRAC students score substantially lower on math achievement tests than their counterparts at the
other school types when we do not control for selection, and these effects are all statistically
significant. We then use propensity score matching, appropriately adjusted for our choice-based
sampling scheme, to estimate treatment effects. Specifically, we estimate the impact on test scores
of switching BRAC students to JAAGO, GOV, and ONGO schools while controlling for selection.
We first control for only the child demographics and family background variables (hereafter
background characteristics) in the adjusted propensity score; these estimated impacts (average
treatment effects on the treated, or ATT) on a BRAC student if they were to go to a GOV school,
a JAAGO school, or an ONGO school are very similar to the simple respective differences in
achievement, respectively. However, when we further condition on the students’ IQ scores, the
treatment effects all fall considerably. Specifically, now the estimated impact on a BRAC student
of going to a GOV school, a JAAGO school, and an ONGO school is 0.259 (0.109), 0.389 (0.107),
and 0.056 (0.104) of a standard deviation in achievement, respectively.

The rest of the paper is organized as follows. Section Two briefly discusses the
identification and estimation of school-type impacts. Section Three provides background
information on BRAC schools and then focuses on the differences between the various school
types. Section Four briefly reviews the existing literature on the effect of BRAC schools on student
achievement. Section Five gives a general overview of the data we collected; in Section Six we
compare the differences in student characteristics across the school types. Section Seven provides
an overview of propensity score matching in the presence of choice-based sampling, which we
used to guarantee a sufficient number of students in each school type. It also discusses the common
support issue that is very important in our application. We present our results in Section Eight

while Section Nine concludes the paper.



2. Identifying and Estimating the Impact of School-Type

Studies measuring the impact of different school types often face the issue that
student assignment to the schools is not random. Several studies avoid this problem by using
random assignment to pay tuition for some students in private schools, which allows them
to avoid the selection problem by making school type endogenous and using the offer as an
instrumental variable. This allows these studies to follow the recent tradition in
Development Economics of using randomization to avoid making strong identifying
assumptions (Banerjee and Duflo 2011).

Unfortunately, using random assignment to evaluate BRAC schools is infeasible for three
reasons. First, none of the schools we consider require tuition payments. Second, as described
below, all schools conduct interviews with parents (and sometimes the children), and both the
school and the parents must agree before a given student is admitted to the school. Changing this
process to one that randomly assigns students to the schools would change a school’s product.
Third, this approach may face powerful opposition from parents if subsidies are known to be
unevenly distributed among students within the same school.

Another possible approach in the BRAC context is using instrumental variable estimation,
treating the school choice as endogenous. However, to obtain a sufficient number of students in
each school type, like in previous studies, we had to use choice-based sampling (hereafter CBS).
IV is inconsistent in the presence of CBS (Solon, Haider, and Wooldridge 2015).

Instead, we use propensity score matching to address the selection problem of school
allocation. A necessary condition for matching to be appropriate is that one controls for all

observables that affect the selection process and the outcome variable, math achievement. Unlike



IV, we can adjust our matching procedure to account for CBS.* When selection has been
considered previously in this context, studies have assumed that controlling for family background
characteristics will meet this necessary condition; these studies have also used inconsistent
estimators in the presence of choice-based sampling. However, we were skeptical of this approach
if some measure of ability is not in the conditioning variables, since it will affect the selection
process and the outcome variable.® Instead, we administered an internationally recognized I1Q test
to each child and used the resulting score as a conditioning variable in our matching procedure
since it affects the outcome and school assignment. Including the IQ score in the conditioning
variables dramatically reduced the estimated treatment effects. We would argue that we addressed
our identification issue by collecting data on variables that would make our analysis credible, and
that previous studies that only used family variables as conditioning variables are likely to have

produced biased results.

3. A Comparison of How the Different Schools Operate
3.1 An Introduction to BRAC Schools

Established in 1972, BRAC is now one of the largest international NGOs in the world.¢
BRAC has many programs, from microloans to education, health care, skills development, and
legal and human rights services.” Our focus here is on BRAC’s Education Program in

Bangladesh;® BRAC runs schools in both rural and urban areas in Bangladesh and other countries.

4 See Heckman and Todd (2009) and Hahn et al. (2025).

> We ran a logit model to describe, e.g., the outcome of attending BRAC schools vs. GOV students. IQ was strongly
significant in this estimated enrollment equation. Further, we ran a reduced-form regression equation where math
aptitude was as function of family characteristics and 1Q. Again, IQ was very significant in this equation.

6 See brac (2020); note that brac is styled in lowercase on its official website, which is why we use lowercase in
citations.

7 Further details on BRAC can be found on BRAC’s websites (brac 2025a; 2025b).

8 Note that, Banerjee et al. (2015) and Banerjee, Duflo, and Sharma (2021) provide evaluations of BRAC’s program
aimed at improving life for the ultra-poor. They do not, however, evaluate BRAC schools.
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Started in 1985, BRAC’s Education Program focuses on five areas: non-formal primary education,
the pre-primary schools’ program, the adolescent development program, multipurpose community
learning centers, and the mainstream secondary schools support initiative (UNESCO Institute of
Life Long Learning 2016). This paper focuses on the first two areas: BRAC Primary Schools
(BPS) providing non-formal primary education and the preprimary schools (BPPS), both in urban
Bangladesh.

The BRAC model of non-formal primary schooling (BPS) has a one-teacher, one-
classroom setup, with student intake occurring every four years. At BRAC, the five-year cycle of
primary education is provided in four years.” Essentially, a four-year session starts in grade 1,
with a group of approximately 30 children who are paired with one teacher. These same groups of
children then progress through years 2, 3, and 4 with the teacher they were initially paired with.
Thus, a BRAC non-formal schooling model does not operate in multiple grades with multiple
teachers, as in formal schools. Further, once the four years are complete with one batch of students,
the same teacher/branch starts with a new cohort; however, if there is insufficient demand, then
the BRAC branch relocates to a new area where there is demand.

BPSs use BRAC textbooks in grades 1 to 3 and NCTB (National Curriculum and Textbook
Board) textbooks in grades 4 and 5. Once they finish the 4-year primary cycle (i.e., grades 1-5) at
a BPS, BRAC graduates go on to sit for the national exams, the Primary School Certificate Exams
(PSCE). They can then subsequently integrate into the government schooling system or ONGO

schools. Note that BRAC schools were free at the time of our survey. !’

% See Rosenberg (2013) and Ministry of Foreign Affairs of the Netherlands (2011).
10 BRAC’s literature suggests the program is aimed at students who spend some time out of school. However, in our
2015/2016 data for Dhaka, there was no BRAC student who spent time outside school after age 5.
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Meanwhile, BRAC’s pre-primary schools (BPPS) provide one-year programs intended to
prepare children for entry into primary schools. Like BPSs, BPPSs also use a one-classroom setup
with a teacher recruited from the local community.

Although the BPPS program is designed for 5—6-year-olds, actual enrollment often
includes a wider age range, with children as young as four years old and as old as seven years old
(or more).'! A 2015 survey found that 36% of BPPS students were aged seven years or older, while
5.5% were age four (Nath, Hossain, and Chowdhury 2018). In contrast, BPS generally admits
students aged 8 to 10. '? Since our sample includes children aged 4 to 13, it spans the full range of
both BRAC school types.

Further, in our sample, students only indicated that they attended BRAC schools (but did
not distinguish between BPS or BPPS). Hence, we cannot separate the effects of these two types
of BRAC schools on achievement in our data; instead, we must evaluate the BRAC program as a

whole.

3.2 Comparing the Different School Types

Since this paper compares performance across different school types, we briefly compare
the schools’ characteristics, admission criteria, teacher qualifications, the share of female teachers,
and class sizes in Table 1.!> As mentioned earlier, BRAC provides non-formal schooling. In

contrast, JAAGO and GOV schools provide formal schooling. In what follows, a formal school is

!'See Shahjamal and Nath (2008) and Nath, Hossain, and Chowdhury (2018).

12 See Khan and Samadder (2010).

13 Part of our discussion on school-type characteristics is informed by school interviews. We interviewed 14 ONGO
schools, the two JAAGO schools, and two BRAC schools (out of the many BRAC schools operating in the area.) We
lacked direct access to GOV teachers and were unwilling to pursue the lengthy process that might have allowed us to
interview teachers in GOV schools. For BRAC school characteristics, given the extensive literature available, we rely
on published reports and BRAC literature rather than our interviews from two BRAC schools. In fact, we generally
do not draw on their responses in the discussion presented here.
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defined as one that uses a permanent structure, has separate classrooms, and employs separate class
and subject teachers.'* The ONGO schools in our sample are a more heterogeneous mix, with
some following BRAC’s non-formal setup, with others adopting a formal structure. All schools,
except JAAGO, teach in Bengali, except for their English language classes. In contrast, at JAAGO,
all subjects are taught in English, except for the Bengali language class.

Since selection into the different school types is central to our paper, we first give an
overview of the selection process used by BRAC, GOV, JAAGO, and ONGO schools respectively
Of course, for each school, part of the selection process is the parents wanting to send their children
to the school. BRAC’s goal is to educate children who come from poor households, remote areas
(for rural students), and minority groups.'®> The BRAC literature does not mention whether BRAC
students and parents are generally interviewed as part of the admission process. The two BRAC
schools we spoke to interviewed both the child and the parent(s) as part of the admission process.

GOV schools follow the Ministry of Primary and Mass Education (MoPME). Such schools
start at grade 1 and continue to grade 5, with an increasing number of schools including a pre-
primary section since 2010. The guardian of a six- to ten-year-old child must ensure that their child
enrolls in a primary educational institution in the vicinity of their place of residence, which may

be a government or non-government institution (Government of Bangladesh, 1990).!°

14 BRAC does have a small number of formal schools (Nath et al. 2005). We omit discussing them here since they
are not represented in our sample
15 See Ministry of Foreign Affairs of the Netherlands (2011). Note that minority groups include children with

disabilities and ethnic minorities (Ministry of Foreign Affairs of the Netherlands 2011, 144).

16 Note that according to the Primary Education Compulsory Act of 1990 (Government of Bangladesh 1990),
guardians are exempt from sending their child to the local school given justifiable reasons. One such reason includes
“the impossibility of admitting a child in a primary education institute even if applied for”. This suggests that the
Compulsory Primary Education Act accounts for the fact that children may end up not attending the local government
school in the event like capacity shortages.
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Based on our interviews with JAAGO personnel, a child admitted to JAAGO must fulfill
the following criteria:'” (i) he or she must be from a household where each family member earns
less than or equal to BDT 2,000 (approximately USD 25.5) per month;!® and (ii) they must not be
enrolled in any other school, simultaneously. Further, JAAGO gives preference to children from
single-parent households. JAAGO interviews both prospective students and their parents, viewing
these interviews as an integral part of the admission process. The 14 ONGO schools in our 2018
survey employ various selection criteria, including the age of the child, family income, a priority
for children from single-parent households, and admission tests. Notably, 11 out of 14 of the
ONGO schools interviewed both the parents and the child, while the remaining schools
interviewed only the parents.

We summarize other school characteristics in Table 1. Regarding teacher qualifications,
BRAC and ONGO schools tend to have less strict requirements than JAAGO and GOV schools.
Both types of BRAC schools require their teachers to have at least ten years of schooling,!® be
willing to teach part-time, and live in the community being served by its school.?’ Most of the
ONGQO schools in our sample reported requiring their teachers to have at least an HSC degree, i.¢.,
twelve years of schooling. In the case of GOV schools, until 2013, the requirement for female
teachers was at least an SSC degree (equivalent to completing 10 years of schooling), while the
requirement for male teachers was at least an HSC degree.?! However, in 2014, the government

introduced stricter requirements, raising the minimum educational qualification for female and

17 Note that these criteria applied during our survey period.
¥1n 2016, USD 1 = BDT 78.58 (‘US Dollar to Bangladesh Taka History: 2016’ n.d.).
19 See Shahjamal and Nath (2008, 26).

20 This is true for both BRAC primary and pre-primary schools; See Chabbot (2006, 8) and Shahjamal and Nath (2008,
26).

2l See Campaign for Popular Education (CAMPE) (2015) and the 2013 circular published by the Directorate of
Primary Education (DPE 2013).
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male teachers to HSC and bachelor’s degrees, respectively.??> Meanwhile, JAAGO only employs
teachers with at least a bachelor’s degree (16 years of schooling).

Furthermore, the schools differ significantly in the amount they pay their teachers. BRAC
schools paid average monthly salaries of BDT 1,250-1,650 in 2015 (UNESCO Institute of Life
Long Learning 2016).2* Teachers at JAAGO schools earned BDT 4,000 — 5,000 monthly in 2015-
2016. Finally, GOV schools paid their teachers BDT 11,000 — 26,590 per month as per the 2015
National Pay Scale.?* Unfortunately, even after extensive searching, we could not find a
documented source for the salaries of the ONGO teachers. When we attempted to find these
salaries using Al apps, one suggested that the ONGO teachers’ salaries were in the neighborhood
of the BRAC salaries, which seems credible to us, given the qualifications the ONGO schools
require. However, another Al app suggested that their salaries were closer to the JAAGO salaries,
which does not seem credible to us, given that the JAAGO schools require much higher
qualifications.

The GOV schools invest more in teacher training than the other school types. According
to the 2015 Campaign for Popular Education (CAMPE) report®, about 90% of GOV school
teachers had some form of training, such as a Certificate in Education (C-in-Ed), a Diploma in
Education (DipEd), or a Bachelor in Education (B-in-Ed). The C-in-Ed is a one-year in-service
training program designed for teachers teaching at the primary level, while the Diploma in
Education (DipEd) is an 18-month-long basic training program created to replace the C-in-Ed. In

particular, about 70-75 percent of GOV teachers have undergone the Certificate-in-Education in-

22 Refer to CAMPE (2015) and DPE (2014b).

23 In terms of the ONGO salaries, we could only find information on them via Al apps, which placed the salaries as
somewhat below those at BRAC in 2015.

24 See Alamgir (2024) and Finance Division, Ministry of Finance (2015).

25 See CAMPE (2015).

10



service training program.?® These in-service training programs, available to all GOV teachers, are
provided and funded by the Government.?’ In contrast, BRAC, ONGO, and JAAGO schools have
shorter training programs. Specifically, BPS teachers usually undergo 12-15 days?® training before
starting to teach, while BPPS teachers undergo about 9 days of training before teaching.? In
contrast, JAAGO teachers undergo a month of training before teaching. Finally, among the 14
ONGO schools we surveyed, seven provide some form of training before teaching begins, with
three providing 1-5 days of training and four providing 7-14 days. The remaining seven ONGO
schools provide no pre-service training at all.

All school types include refresher courses or in-service training throughout the year. GOV
school teachers undergo six one-day refresher courses throughout the year.>* BPS teachers undergo
about 30-35 refresher training days annually, 3! while BPPS teachers undergo 12 days of refresher
training annually.*? JAAGO teachers participate in need-based, interactive workshops tailored to
address the challenges they face. Furthermore, JAAGO’s Education Coordinators (similar to
school principals) and selected teachers participate in regular training and workshops hosted by
organizations such as Speed, BRAC, the British Council, and Teach for Bangladesh. Among the

14 ONGO schools that responded to our survey, three provide 1-7 days of in-service training, while

26 See DPE (20144, 2015, 2018a).

27 See National Academy for Primary Education (NAPE 2020), BEPS (2002), Ministry of Foreign Affairs of the
Netherlands (2011) and DPE Training Calendar 2017-2018 (DPE 2018b). These in-service training courses, held at
training institutes across the country, are overseen by the National Academy of Primary Education which is under the
Directorate of Primary Education, Ministry of Mass and Primary Education (NAPE 2020; BEPS 2002).

28 See Chabbott (2006, 8).

2% See Shahjamal and Nath (2008, 10).

30 See BEPS (2002).

31 See Ministry of Foreign Affairs of the Netherlands (2011) and Rosenberg (2013). The annual training for BPS seems
high, but we do not know if each training day occupies a full day.

32 See Shahjamal and Nath (2008).
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four provide between 12-30 days of in-service training. The remaining ONGO schools state that
they do not offer any in-service training.

In terms of gender balance, the share of female teachers is about 60-66% at GOV
schools;* approximately 80% at JAAGO schools;** and 98-99% at BRAC schools.** Our survey
of ONGO schools indicates that 85% of their teachers were women.

Administrative monitoring often focuses on teacher and headmaster absenteeism. JAAGO
is the strictest school type here, and its Education Coordinators oversee the day-to-day operations
of the schools. They monitor teacher presence, ensure teachers sign in and out, and reduce salary
if there is a lack of punctuality and absenteeism. Specifically, at JAAGO, each day of absenteeism
translates into a loss of salary for that day; additionally, teachers are marked as absent for one day
if they are late for 3 days. At BRAC, administrative monitoring involves program officers visiting
randomly assigned schools at least twice a week.?® On the day of the visit, the program officer
attends all the classes during school hours to evaluate the lesson delivery and teacher-student
interactions.’” We could not find anything in BRAC literature or reports on BRAC that describes
how BRAC schools deal with teacher absenteeism or tardiness.*® Among our 14 surveyed ONGO
schools, 10 require teachers to sign in and, in some cases, sign out. Only one-third of these schools

link teacher pay to teacher absenteeism.

33 See Bangladesh Bureau of Statistics (2017) and DPE (2015).

34 This is based on our interviews with JAAGO personnel.

3% See Ministry of Foreign Affairs of the Netherlands (2011).

36 See Chabbott (2006).

37 See UNESCO Institute of Life Long Learning (2016); Reports on BRAC do not mention monitoring

practices such as sign-in and sign-out or linking teacher’s pay to absenteeism; the only form of monitoring

they mention includes random visits by program officers.

38 Again anecdotally, the two BRAC schools we were able to interview stated that teachers were not required to sign
in or sign out and were not punished for absenteeism or tardiness.
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Every GOV school has a Headteacher who maintains a teacher attendance register and
these records are sent to the Upazila (subdistrict) Primary Education Officer (UPEO) on a
quarterly basis.?* Unauthorized absenteeism and excessive tardiness result in warnings from the
UPEO, a ‘show-cause’ letter requiring the teacher to justify their absence/unpunctuality, and in
some cases, the docking of salary, transfer to a less desirable school, or loss of job. However, these
policies are not strictly enforced.*

GOV schools reported teacher absenteeism rates of around 15.3% in 2003, 16% in 2005,
and 12.7% in 2014, based on unannounced visits by independent researchers.*! However, school
authorities categorized most of this absenteeism as authorized leave, official teacher-related duty,
and GOV training programs.*? In terms of teacher tardiness, a 2014 CAMPE survey reported that
about 40% of GOV school teachers were late, on average by about 25 minutes, on the day of the
survey.* Furthermore, the high rate of absenteeism and tardiness among headteachers at GOV
schools raises questions about the effectiveness of teacher monitoring. For instance, 1 in 5
headteachers were found to be absent on the day of the survey in a 2004 study; another nationwide
survey found tardiness to also be a problem, with one-third of the surveyed headmasters being late
by 15-45 minutes.**

Contact hours vary across the school types in terms of both hours per day and days per

year. GOV schools, the majority of which operate in a double-shift setup,* hold lessons for 2

3 Tietjen et al. (2004, 77) details government policies regarding teacher absenteeism and tardiness.

40 See Tietjen et al. (2004, 92-94).

41 See Chaudhury et al. (2004, 9); Oxford Policy Management (OPM 2006, 108); CAMPE (2015, 53).

42 See Chaudhury et al. (2004, 14); OPM (2006, 109); CAMPE (2015, 54).

43 See CAMPE (2015, 54).

44 Refer to Chaudhury et al. (2004, 12) and OPM (2006, 112) for information on headmaster absenteeism and tardiness,
respectively.

45 See DPE (2017, 114); OPM (2006, 98).
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hours (grades 1 and 2) to 3.5 hours (grades 3 to 5) a day, *® while BRAC states that its students are
in school three hours (grades 1 and 2) to four hours (grades 3 to 5) a day.*’ Further, our survey
suggests that the ONGO schools are in session approximately 2.4 hours (morning shift) to 2.9
hours (day shift) per day. Finally, the typical school day at JAAGO is 4 hours (day shift) to 5
hours (morning shift). In terms of days-per-year, BRAC schools are open for 265 to 270 days in
an academic year,*® JAAGO schools are open for approximately 265 days, while the average
school year at GOV schools is 228 days.*’ The average days per year in the ONGO schools, based
on our survey, is 247 days.

Lastly, GOV schools tend to have the largest classes, with an average of 52 students per
class in 2014.°° The average class size at BRAC schools is estimated to be between 30 and 35
students.’! According to our survey, the average class size at ONGO schools is 37. Finally, the

average class size at JAAGO is 31 students.

4. Reviewing previous work on BRAC schools

In this section, we focus on evaluation studies that explicitly compare BRAC schools to
other types of schools in terms of their impact on student achievement. We identified a limited
number of such studies (Ahmad and Haque 2011; Nath, Sylva and Grimes 1999; Nath, Shahjamal,
Yasmin, Zafar and Kabir 2005; Nath, Roy and Hossain 2007; Nath and Hossain 2017), all of which

focused on rural schools. Below, we discuss the insights from these evaluations more closely.

46 See DPE (2017, 115); OPM (2006, 173-174).

47 See Ministry of Foreign Affairs of the Netherlands (2011, 57) and Chabbott (2006, 8).

48 See Ministry of Foreign Affairs of the Netherlands (2011, 57).

4 For GOV schools, officially the length of the school year is 242 days, but in practice it is 228 days (DPE 2017, 155).
30 Refer to CAMPE (2015, 56).

3! The standard class size in rural BRAC schools is about 25-30; but it was increased to 30-35 for urban BPS (Kielland
2015, 29). Similarly, in rural BPPS, class size ranged from 26-30 (Shahjamal and Nath 2008, 10) but the BRAC
literature does not specify class size for urban schools.
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In a study that is in some ways closest to ours in terms of methodology, Ahmad and Haque
(2011) examine the impact of receiving BRAC pre-primary (BPPS). They focus on students who
received formal schooling in the later years, i.e., those who attended GOV or private schools.
Their outcome interests are (i) final exam scores and (i1) getting first division in the primary
completion exam. They began with a sample of primary school students in grade five who had
received BRAC pre-primary education. Then they created a comparison group consisting of grade
five primary school students who had not been exposed to BRAC pre-primary education.’? They
did not explore the impact of BPPS on students who went to non-formal schools.

They used propensity score matching based on family characteristics to examine the impact
of BPPS schooling on outcomes (i) and (ii). > Regarding outcome (i), they found that attending
BPPS increased final exam scores by a statistically significant 7.7%.%* Concerning (ii), receiving
BPPS schooling raised the probability of being in the first division by a statistically significant
13.3%. Their approach has three serious econometric differences with ours. First, it does not adjust
for using choice-based sampling, so its matching estimates will be inconsistent. Second, it does
not use a measure of ability as a conditioning variable, and we show below that a failure to control
for ability leads to upwardly biased treatment effects. Finally, they fail to investigate the common
support problem, which we find to be of great importance.

Nath et al. (1999) evaluated the BPS. They used logistic regression on five outcomes—
basic education, life skills, numeracy, reading, and writing skills, including only statistically

significant background characteristics as regressors in their final specification. Their explanatory

2 They do not say the extent to which their control group had preschool training outside of BPPS.

33 They included family income. Below, we argue that family income may well be a post-treatment variable if family
income is affected by the length of the school day and hence should not be included as a conditioning variable.

4 It is unclear how they chose the BPPS and non-BPPS samples.
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variable of interest was a dummy variable coded one if a student attended a BRAC school and zero

if the student went to a formal school, which could be a GOV or private school.>?

After controlling
for family income,’® age, access to media, and enrollment, BRAC students outperformed formal
students in basic education, life skills, and numeracy. It is unclear how they chose the BRAC and
non-BRAC samples, but given that taken together, GOV and private schools teach many more
students than BRAC, they must have used some type of choice-based sampling.

Nath et al. (2005) compare BRAC BPS students to those attending community schools,
with the latter being established and run by local communities with government financial support.
These schools resemble formal schools in structure—they have separate classrooms for grades 1
to 5, employ 3—4 teachers, follow a five-year primary cycle, and use NCTB textbooks throughout.
They use the results from the Achievement of Basic Competencies (ABC) test to measure
achievement —a locally developed assessment tool designed by CAMPE and featured prominently
in its Education Watch series (CAMPE 2000).>” The ABC test measures 27 competencies
(subtests) in Bangla, English, Mathematics, Social Studies, General Science, and Religious
Studies. To achieve a competency/subtest, a student does not need to get every answer correct, but
instead they need answer at least a designated number of questions correctly.

Nath et al. (2007) also use the number of competencies achieved (out of 27) on the ABC

tests as their outcome variable. They compare 600 students across 30 BPS to 581 students from 30

government primary schools (GOV schools) in rural Bangladesh. Specifically, 30 BPSs were

35 Refer to Nath, Sylva and Grimes (1999, 8).

56 In this study, we do not use family income as a conditioning variable since family income may be affected by school
choice through the length of the school day and/or school year,

57 Note that Education Watch comprises of a series of studies, on literacy and basic education in Bangladesh, conducted
by an advocacy and campaign network called Campaign for Popular Education (CAMPE) (Nath and Chowdhury
2008,3). Established in 1991, CAMPE is comprised of NGOs, researchers, educators, and Civil Society Organizations
(CAMPE n.d.).
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randomly selected from 30 areas. Then, for each selected BPS, a nearby GOV school was selected.
This sampling scheme has several implications for their econometric model. First, it is an example
of choice-based sampling and, as noted above, is likely to lead to inconsistent estimates. Second,
they should treat the observations between students in the BPS and the paired GOV school as
correlated when calculating their standard errors, since this is an example of cluster sampling.
Finally, there remains the problem of selection bias in terms of the school attended; in our sample
we find that the observable student characteristics differ significantly between BRAC schools and
GOV schools in the same Dhaka slum. Nath et al. (2007) found that a higher percentage of BPS
students (2.2%) achieved all 27 competencies compared to GOV students (0.9%). In terms of the
mean number of competencies achieved, BPS students achieved 19.1 competencies, while GOV
students achieved 18.6 competencies. However, it is not clear whether these differences are
statistically significant since the authors do not report standard errors.

Nath and Hossain (2017) compare school completers at BPS to a national sample of
primary school graduates from a national literacy survey conducted by Education Watch in 2016.
All students were 6" graders, aged 11 or above, at the time of the survey. The study includes 472
students from 30 randomly selected BRAC schools and 328 students from the national sample,
implying choice-based sampling. (Neither Nath and Hossain (2017) nor the 2016 Education Watch
report>® specify what school types are included in the national sample or how the national sample
was chosen.) Using a locally developed Literacy Assessment (Ahmed, Nath, and Ahmed 2002),
they found that the literacy rate was 95.7% among BRAC students and 91% among the national
sample. They use multivariate logistic regression to predict literacy with conditioning variables

including gender, age, mother’s education, father’s education, ethnicity, religion, having electricity

38 See Nath and Chowdhury (2016).
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at home, and household food security status. They do not control for 1Q, which we find below is
crucial to avoid selection bias.

Nath and Hossain (2017) present interesting results on the family characteristics of both
types of students. They show that a higher share of BRAC students have parents with no schooling
than those in the national sample. For instance, 38% of BPS students have mothers with no
schooling as compared to 34% for the national sample. Similarly, 45% of BPS students have
fathers with no education compared to 38.7% of national sample students. Additionally, BRAC
households were found to be poorer as measured by food security status. These figures are
comparable to those found in our data.

Finally, one could argue that Romero, Sandefur and Sandholtz (2020,2022) provide a
randomized evaluation of BRAC schools. In 2016, the Liberian government delegated
management of 93 public schools to eight contractors, one of whom was BRAC. Each
contractor had a randomized comparison group. BRAC did not significantly affect the
performance of their students. However, this evidence is far from conclusive since in this
case BRAC did not hire its own staff but rather kept the public-school teachers. Given that,
teacher recruitment and training is a substantial component of the BRAC experience in

Bangladesh, we argue that these results are not comparable to ours.

5. Our Data Set and the Choice of Survey Instruments

5.1 Our Data Collection

In 2015-2016, we collected our own data on 1936 children (aged 4-13) attending school in
the two slums of Dhaka where JAAGO operated. We avoided selecting students from outside our
two slums, as NGO students in outside areas may differ from those in the slums. Here, we are

guided by the findings of Heckman, Ichimura, and Todd (1997) that propensity score matching
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works better when treatments and comparisons are from a common economic environment.>’ Qur
aim was to collect a stratified sample of approximately 600 students in each of GOV schools,
JAAGO schools, and NGO schools from these two slums. We also collected data on the family
background and IQ of each student. Our collection of 1Q data was based on the knowledge that we
would need convincing conditioning variables to address the inherent selection problem in student
assignments. In other words, we addressed our selection problem by collecting richer conditioning
variables in addition to those used in previous studies in both the labor and development literature.
Finally, our outcome variable was the score on an internationally recognized math achievement
test described below.

To ensure a sufficient number of students in each school type, we used choice-based
sampling (CBS). We chose CBS over random sampling, since the latter would have resulted in
very few JAAGO students. We collected the data by ‘streets’, where a street is a long road and it
includes smaller roads off it. We started on a street with at least one JAAGO student,®® and then
collected data on more JAAGO students, GOV students, and NGO students (which included both
ONGO and BRAC students) on that street. We continued to add students until we had
approximately an equal number of students from the three school types in each age group on the
street.’! We collected data from 26 of these ‘streets’; hence, for constructing standard errors, we
have 26 clusters (Abadie et al. 2023). In actuality, we collected data on 607 JAAGO students, 618

GOV students, and 711 NGO students (who are either BRAC or ONGO students).

% To ensure that our evaluations of the school types are not affected by a given type of school having more migrant
families, we required that students be residents of their given slum since 2010.

0 JAAGO gave us the addresses of their students.

6! Hence, we constructed choice-based sampling on school type and age; since selecting on age is an example of
exogenous sampling, we need only be concerned with the selection on school type.
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When conducting our survey, we took many steps to ensure that our data was high-quality.
First, we hired experienced enumerators and invested heavily in monitoring. Second, we conducted
interviews with children outside of school hours. Since schools operate on morning and day shifts,
children attending morning shifts were interviewed in the afternoon, and those attending day shifts
were interviewed in the morning. Children were not interviewed during meals. Third, enumerators
were randomly assigned to different sub-areas and across the times of the day. Fourth, since our
internationally recognized tests (described below) are tedious to administer, we recorded this part
of the interview and hired a team of audio auditors, who listened to each interview to identify
mistakes and/or ‘cheating’ on the survey instruments. Enumerators who were caught cheating
were immediately dismissed, and a nontrivial number of such enumerators were involved. All
interviews with these enumerators were deleted and redone by trusted enumerators. Fifth, we hired
a team of data editors who specialized in reviewing the information in household questionnaires
and verifying contradictory or missing information with the enumerators and surveyed households.
Sixth, all survey instruments were graded twice by two separate data editors. Finally, to minimize

data entry errors, we used a double-entry system for our data.

5.2 Our Survey Instruments

When choosing tests to measure mathematics achievement and IQ, respectively, we had
two requirements. Given that our sample includes children aged between 4 and 13, with younger
children more likely to be illiterate, we needed a test that (i) would not require literacy (i.e., tests
that could be verbally administered) and that (ii) would be suitable for the above age range. Note
that the GOV, BRAC, and ONGO students are taught in Bengali, while the JAAGO students are
taught in English. We chose to use only the mathematics subtests as our achievement measures,

since performance on these tests is less dependent on language skills and the medium of instruction
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compared to tests in other subjects. Furthermore, we administered the tests in Bengali to the GOV,
BRAC, and ONGO students, and administered the same tests to the JAAGO students in
“Banglish,” i.e., we retained technical terms in English.

To choose our achievement test, we reviewed those used in both the developed and
developing country literature. Tests used in developing country studies are usually developed
locally, based on local curriculum, and are not standardized across countries (Newhouse and
Beegle 2006; French and Kingdon 2010; Goyal and Pandey 2009; Goyal 2009; Hsieh and Urquiola
2006; Lucas and Mbiti 2014; Pal and Saha 2014). Note that the studies discussed in Section 3
above use Bangladesh-specific tests.

In the context of developed countries, certain standardized achievement tests are frequently
used in the fields of Economics, Education, Child Psychology, and Developmental Psychology.
These include the Woodcock-Johnson Test of Achievement III (hereafter WJ-III), the Peabody
Individual Achievement Test (PIAT), the Wechsler Individual Achievement Test (WIAT), and the
Wide Range Achievement Test (WRAT). We chose the WJ-III test since it is most frequently used
in the literature,%? is applicable for our age range (4 to 13) and class range (pre-school to grade 5),
and can be administered verbally.®® Specifically, we used three Math subtests: Test 10 (Applied
Problems), Test 18A (Quantitative Concepts), and Test 18B (Number Series). We calculated the

average score for each student on the three tests as our measure of achievement.

62 The following papers use the Woodcock Johnson Test: Burchinal et al. (2014), Cameron et al. (2012), Crosnoe et
al. (2010), Davis-Kean (2005), Denton et al. (2013), Duncan et al. (2007), El Nokali, Bachman, and Votruba-Drzal
2010, Espy et al. (2004), Ferrer and McArdle (2004), Fitzpatrick et al. (2014), Floyd, Bergeron, and Alfonso (2006),
and Gormley et al. (2005).

3 See Woodcock, McGrew, and Mather (2001), Mather and Woodcock (2001), and Dean (2011) for applicable age
and grade specifications.
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To capture fluid (innate) intelligence or I1Q, we use the Kaufman Brief Intelligence Test-2
(K-BIT), as it can be administered verbally and meets our age requirements.®* K-BIT is extensively
used in the psychology literature to measure fluid intelligence,® i.e., intelligence that is not
affected by schooling unless schools teach to the test. K-BIT is a more comprehensive measure of
fluid intelligence than the Raven’s Matrices measure. Some readers may worry that school type
affects the K-BIT scores, with better schools potentially raising the K-BIT scores more than poorer
schools. We show below that our estimated treatment effects will be understated in such a case.

Since the Woodcock-Johnson Test and the K-BIT scores tend to increase with age, we use
their age-adjusted z-scores for both tests. In other words, for student i in age group a for test &, we
use Zijx = (Xijgxk — Xar)/Oak » where Xiar, Xqr, and ay are the student’s achievement in test
k, the mean value of achievement for students aged a in test &, and the standard deviation in

achievement for students in age group a for test £.

6. Average Student Characteristics Across the Different Schools

We investigate selection across different school types in terms of four key variables. First,
we consider average monthly family expenditure (deflated by the square root of family size) across
school types. We asked for family expenditure as a proxy for family income since families are
often reluctant to reveal their monthly earnings but more readily share their average monthly
expenditures with enumerators. The second and third variables of interest are the father’s average
schooling and the mother’s average schooling, measured in terms of the highest grade completed

across school types. Finally, we compare the students’ K-BIT mean scores across school types.

% The K-BIT is designed for ages 4 to 90 years (Kaufman and Kaufman 2004).

%5For example, the following papers use the K-BIT test: Arenas et al. (2024), Barac and Bialystok (2012), Cheng et
al. (2024), Font (2014), Hastings, Kahle, and Nuselovici (2014), Pitts and Mervis (2016), Rodriguez-Martinez et al.
(2023), and Waber et al. (2001).
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In Table 2, we present the means of these four variables across school types. The deflated
average monthly expenditure ranges from approximately BDT 5,182 to BDT 6,145 across school
types.® The average father’s schooling by school type ranges between 2.5 and 3.7 years of
schooling, while the average mother’s schooling ranges between 2.1 to 3.8 years of schooling.
Further, the average normalized K-BIT Z-scores range from -0.17 to 0.27.

For expositional ease, we show the differences in means between the BRAC students and
students from the other school types for our four variables in Table 3. For example, column (1) of
this table is obtained by subtracting the estimated GOV mean from the estimated BRAC mean for
our four variables of interest. Column (2) subtracts the estimated JAAGO means from the
estimated BRAC means, while column (3) subtracts the estimated ONGO means from the BRAC
means. Thus, in the table a negative value indicates that the average BRAC student has a lower
value for the variable compared to the respective school type. All of the entries in Table 3 are
negative and statistically significant (except for the difference in family consumption between
BRAC and ONGO students),®’ indicating that the BRAC students are, in general, disadvantaged
compared to students from the other school types. Furthermore, the differences are more

pronounced when comparing the JAAGO and GOV students to the BRAC students.

7. Estimation Strategy

Here we discuss how we address the selection issue. Since, as noted above, none of the
schools charge tuition, the usual practice of eliminating selection bias by randomly assigning
tuition subsidies would not make sense here. One could conduct an RCT by randomly assigning

families a subsidy for a specific school type. Still, it is not clear how much impact this would have

% In 2016, USD 1 = BDT 78.58 (‘US Dollar to Bangladesh Taka History: 2016’ n.d.).
7 When calculating standard errors for all of the tables in this section we account for our cluster sampling design.
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given that the allocation of students into the different school types reflects both the preferences of
the parents and of the schools. Such a scheme may also run into trouble if some students at a given
school type are not offered the subsidy while others are, and the students compare their subsidies
(or the lack of them). Instead, we turn to matching, which has been employed in numerous
evaluation studies in both developing and developed countries. It is one of the four quasi-
experimental methods discussed in the World Bank’s DIME Wiki,® and has recently gained

traction in the epidemiological literature and in medical research.®

7.1 Propensity Score Matching in General

Let D; = 0 if student i attends a BRAC school and let D; = 1 if student i attends a GOV

school. The outcome variable is defined as the student’s Z score on the WJ math achievement test.

Define Y.’ as student i’s achievement in a BRAC school and define Y as their achievement if

1 1
the student were to attend a GOV school.”® Our first goal is to estimate the effect on Z scores for

achievement if a BRAC student i were to move to a GOV school
ATET = E(Y' = Y°|D=0) = E(Y'| D =0)- E(Y’|D =0). (1a)

We can observe the second term on the right-hand side of (1a) since we observe the actual
performance of this student in a BRAC school. But we cannot directly observe how the student
would perform in a GOV school — the (counterfactual) first term on the right-hand side of (1a).

We use matching to estimate this counterfactual.

% From https://dimewiki.worldbank.org/, (material in italics added), DIME Wiki aims to fulfill a unique role as a
publicly available, easily searchable, up-to-date resource focused on practical implementation (of program evaluation)
rather than theory (The World Bank, n.d.).

% See, e.g., Austin (2009), Wu et al. (2015) and studies cited therein, as well as the studies listed at
https://pubmed.ncbi.nlm.nih.gov/25643113/.

0 For ease of exposition, we will drop the individual subscript, where doing so does not create confusion.
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Also, we will estimate the (hypothetical) effect on achievement if a GOV student were to

go to a BRAC school

ATU=E(Y1—Y°|D =1)=E(Y1|D =1)—E(Y°|D =1). (1b)

Again, we will have to impute the second term in (1b). For matching to be a valid estimator here,
certain assumptions must hold. In particular, the fundamental assumption underlying matching
estimators is known as the Ignorable Treatment Assignment Assumption (ITA), as described by
Rosenbaum and Rubin (1983), or the Conditional Independence Assumption (CIA) as discussed
in Lechner (2000)

(y.y')LD|x. (2)

If (2) holds, we can treat the allocation of a child to a school type as random, conditional
on X. The crucial factor is that X contains any variable that affects both selection and the potential
outcomes. Since matching on X becomes impractical as the number of conditioning variables

increases, Rosenbaum and Rubin (1983) show that (2) implies

(Y°.7') LD| p(X), (3)

1.e., if the CIA holds when we condition on X, then it also holds when we only condition on the
propensity score p(X)=Pr(D=1|X).

For a matching estimator to make sense, there should be at least one variable that affects
school allocation but not math achievement; otherwise, there is no way to explain why some
students attend BRAC schools while observationally equivalent students attend GOV schools.
However, the researcher does not have to observe the excluded variable(s). For example, in our

application, the excluded variable may be the distance from the student’s home to the closest
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BRAC school versus the distance to the closest GOV school. However, whether we observe these
distances is irrelevant.
To estimate both the ATT and ATU, we need the common support condition

0<Pr(D=1|X)<I. 4)

Equation (4) requires a positive probability (less than one) of observing a GOV student at each

level of X =x'. Note that if Pr(D=1|X =x")=0, then at X =x' we will observe only BRAC

students; this is ruled out by (4).

We would note that if there are substantially more students of type T1 (e.g., BRAC)

than type T2 (e.g., GOV) for a given, x = x', we may encounter problems when estimating the

ATT for the T1 students, as a relatively small number of T2 students will be repeatedly used
to construct these estimates. For expositional ease, we will follow the literature and refer

to avoiding this situation as part of imposing the common support condition.

7.2 Choice of Specific Matching Estimator

Most studies use either local (polynomial) regression (LPR) matching or inverse propensity
score (IPS) matching.”! The former is advocated by Heckman, Ichimura, and Todd (1998) while
the latter is suggested by Hirano, Imbens, and Ridder (2003). In standard LPR matching, one

generally uses a probit or logit model to estimate the propensity score p(x) for each student. Then,

for the ATT discussed above, one solves the following optimization problem for each BRAC

student 7

7! Some studies use nearest neighbor matching, where only the non-treatment individual with the closest propensity
score is used to form the counter factual. This approach is inefficient in terms of the small amount of data used for the
counterfactual.
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where N, is the number of GOV students. The value of 7;01' from (5) is the counterfactual estimate
of what achievement would be for BRAC student i in a GOV school. We can construct the ATT

by averaging }901- over the BRAC students. In (5), K(e) is a kernel weighting function, such that

K(w)=0ifw>1, and %, is the bandwidth. To calculate the ATU, for each government student ;

W€ use

ij — min ZiVil YjO _ %:0 ay (f?(xj)—f?(xi))l K (i)(xj )h_ﬁ(xl)) ) (6)

J

aoji ,alju,,...,al]
where N; is the number of BRAC students. We then set the estimated ATU equal to the average

of the & . over the GOV students.

Researchers usually find that their results are insensitive to the choice of a standard kernel.
The bandwidth % is an important parameter, as it defines the set of GOV students used as
comparisons for each BRAC student in (5).”? Here, one faces a tradeoff in that a larger value of &
will result in additional, but less suitable, matches for a given BRAC student, while a smaller value
of h will lead to fewer, possibly more suitable, matches. Below, we consider both data-driven and
fixed bandwidths when implementing matching.

Finally, L in (5) and (6) is the order of the polynomial: L=0 corresponds to local kernel

regression (LKR) matching, L = 1 corresponds to Local Linear Regression (LLR) matching, L =

2 We note below that one can also affect the number of comparisons by imposing a trimming rule to meet the common
support condition
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2 corresponds to local quadratic regression (LQR) matching and L = 3 corresponds to local linear
cubic regression (LCR) matching. Ham, Li, and Reagan (2011) investigated the issue of the degree
of the polynomial in (5). They note that Fan and Gijbels (1996, Section 3.3.2) show that, ex-ante,
LLR matching dominates LKR matching, and LCR matching dominates LQR matching.”® They
also find that LLR dominates LCR in their application, since using LCR overfits their data. Thus,
we use LLR matching.

We will use the block (by street) bootstrap to calculate standard errors to account for our
cluster sampling. Ham et al. (2011) show that the bootstrap performs well for a matching estimator
based on LLR. Where we use a data-driven bandwidth, we recalculate the bandwidth for each
bootstrap sample to ensure that our standard errors are consistent.

One concern regarding our approach is that a student's K-BIT score is necessarily recorded
after the student has attended a given school type. The K-BIT test is intended to be independent of
instruction unless schools specifically ‘teach to the test’. It is essential to consider how our
estimated impacts might change if this assumption is not valid. First, consider a scenario where all
school types increase the K-BIT score by the same amount. In this instance, the estimated
treatment effects will remain unchanged, as this would not alter which treatment and comparison
students are compared. Next, consider the more realistic situation where better schools, such as
the GOV schools, yield greater improvements in K-BT scores than less-effective ones, like BRAC.
In this case, we would likely match a given BRAC student with a lower IQ GOV student, as the
GOV school would artificially inflate measured fluid intelligence. Consequently, we would

underestimate the potential performance of a BRAC student in a GOV school, which suggests that

73 Specifically, they show that using an even order polynomial of degree & , as opposed to one of & +1, increases bias
in, but does not reduce the variance of, local regression estimators.
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we would also underestimate the ATT for a BRAC student moving to a GOV school. Hence our
ATT may well be conservative. In this case, we are likely to underestimate the ATU as we would
be comparing a GOV student to a more able BRAC student, given the GOV schools inflate their

students fluid intelligence.

7.3 Matching with a Choice-Based Sample

We must adjust the matching estimator in two ways to account for the use of choice-based
sampling when collecting our data. First, Heckman and Todd (2009) show that with choice-based
sampling, in (5) and (6) one should condition on the estimated log odds ratio
§.(X.)= p(X,)/[1- p(X,)]instead of on the estimated propensity score, p(X;), from the choice-
based sample. Secondly, Hahn et al. (2025) show that the correct version of the ATT with choice-

based sampling is based on solving the following minimization problem for each BRAC student i

V= miny.g{”‘éﬂﬁ(ﬂxj)—@(xi))’}K (é(Xj),; ) 5y

Y0i s Ni>VLi i

Further, a simple manipulation of their results implies that one can obtain an estimate of the ATU

by carrying out the following for each GOV student j

Ny

) ' L ) ) 2 q(x,)-q(x
W :50;,%3?,5@;{20_,_05zj(q(x_;)—q(xi))l}K ()it 6y

Finally, their results imply that researchers should use the following expression for the average

treatment effect 74

ATE =[n ATE]+[(1 - 7)ATU],

74 See also Zhang, Hu, and Liu (2019).
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where 7 is the true fraction of BRAC students relative to [BRAC students + GOV students] in
the population. In our application we had difficulty estimating = for the different school

types. We were able to find data on the share of some types of schools at the national level.

7.4 Imposing Common Support

To obtain our estimates of the respective treatment effects, we need to impose the common
support condition. Consider Figures 1-3, which illustrate the Log Odds Ratios (LORs) for BRAC
students compared to Government (GOV) students, BRAC students compared to JAAGO students,
and BRAC students compared to ONGO students, respectively. In each Figure, we have created
30 bins for the LORs, with the BRAC students in grey and the other students in red. As noted
above, when estimating an ATT, we can only sensibly estimate the impact of attending a GOV
school for a BRAC student when there is a sufficient number of GOV students with similar LOR
values. Analogously, to calculate the ATU, we need to estimate the effect of going to a BRAC
school for each GOV student j, and thus we will need an adequate number of BRAC students with
similar values of §; ()_( ]-).

[Insert Figures 1, 2 and 3 here.]

One trimming method is given by Stata’s psmatch2’s common trim routine (hereafter
common trim). For calculating the ATT of moving a BRAC student to a GOV school, this routine
drops BRAC observations whose LORs are higher than the maximum or lower than the minimum
of the GOV students' LORs. Conversely, for calculating the ATU of moving a GOV student to a
BRAC school, common trim drops GOV observations whose LORs are higher than the maximum

or lower than the minimum of the LORs of the BRAC students.” For example, in Figure 1, when

75 See Leuven and Sianesi (2003).
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using common trim, we would delete only bins 29 and 30 when calculating the ATT, and only bin
1 when calculating the ATU. Thus, it will produce different trimmed samples for the ATT and
ATU, respectively. Following this approach, in Figure 2, when considering BRAC vs JAAGO,
one would drop bins 27-30 for the ATT and bin 1 for the ATU. When comparing the BRAC vs.
ONGO students in Figure 3, common trim will delete bin 30 for calculating the ATT; for
estimating the ATU, common trim will delete bins 1, 5, and 6.

However, it may be better to use the same sample to calculate the ATTs and ATUs;
otherwise, we will use different samples to calculate each term in the ATE’s formula (7). Thus,
one could consider a symmetric common trimmed sample for BRAC vs. GOV by deleting bins
1,29, and 30.7® A symmetric common trim of the BRAC vs. JAAGO students would delete bins 1
and 27-30. Finally, for the BRAC and ONGO students, a symmetric common trim procedure would
delete bins 1, 5, 6, and 30.

The major drawback with the common trim procedure is that it will allow bins with only
one type of student, such as 3, 26, and 27 in Figure 1, to remain. In this case, there are no suitable
comparisons when calculating the ATT and ATU.”” A more serious issue with common trim
(which also occurs in our data) is that it creates bins where we have many GOV students but only
a few BRAC students (or vice versa). Loosely speaking, this would describe bins 2 and 4-11.78
Furthermore, one would also have to be concerned about bins with many BRAC students but only

a few GOV students; again, one might argue that this is the case for bins 23-25 and 28.” Our

76 Heckman, Ichimura, and Todd (1997) and Ham, Li, and Reagan (2011) both use a symmetric trimming algorithm.
77 Computationally, this problem could be mitigated by the use of a reasonable bandwidth, which would delete most
of the observations in these bins.

8 Note that we discussed the removal of bins 1 and 3 above.

7 Again, we discussed deleting bins 26, 27, 29, 30 above.
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experience suggests that matching when only a small number of one group are left in some bins as
comparisons 1is likely to produce quite noisy treatment effects.

The upshot is that one needs a rule defining the bins to be dropped where there is an
insufficient number of students from one of the groups. We do this by proposing a new method
of obtaining common support: the 1:5 trimming method. We continue to break down the LOR
distribution into 30 equal-sized bins, as shown in Figures 1-3. We delete all observations if they
are in a bin where the ratio of treated to comparison observations is more than 5.0 or less than 0.2.
The result of using this approach for the BRAC vs GOV students is also shown in Figure 1, where
we would eliminate bins 1, 3-6, 8-11, 24, 26, 27, 29, and 30 (these are denoted by blue lines and/or
blue dots). Note that the /:5 trimming method automatically deletes bins with only one type of
student.®

However, given that there is a significant correlation of -0.355 between the log odds ratio
and student achievement scores (before trimming), eliminating GOV students with the lowest log
odds ratio results in the deletion of a disproportionate number of top-performing GOV students.
While this may not pose a significant problem when estimating ATTs, it is a concern when
calculating the ATUs, the average effect of switching GOV students to BRAC schools. In such a
case, to treat the estimated ATU as representing the overall ATU, one would need to assume that
the treatment effects of moving a GOV student to BRAC are homogeneous across all GOV
students, including those in the dropped bins. We find this assumption to be unrealistic and cannot

recall it being made previously in the literature.

80 One could possibly mitigate this problem by considering individuals in neighboring bins. We do not pursue that
here.
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A similar concern arises in the BRAC vs. JAAGO comparison depicted in Figure 2, where
the 1:5 trimming algorithm eliminates bins 1, 3—14, and 2630 (again highlighted with blue lines
and dots). In contrast, this issue is much less pronounced in the BRAC vs. ONGO comparison in
Figure 3, where only bins 1, 5-6, 9, 10, 13, 26, and 30 are excluded (also marked with blue lines

and dots).

7.5 Balancing tests

Many matching papers use balancing tests as a diagnostic for whether the CIA holds. If
one finds a ‘treatment effect’ on one or more of the conditioning variables, this suggests that one
has not achieved the CIA since such a ‘treatment effect’ could only be caused by remaining
selection. Our balancing tests involve LLR matching based on the LOR, where the outcome
variable is the respective conditioning variable. This allows us to formally test the null hypothesis
of no ‘treatment’ effect on that conditioning variable after matching. This has the advantage that
we can use the matching framework to obtain standard errors that account for the fact that the
propensity scores are estimated. ®!

Recall that matching is based on the assumption that one includes all conditioning variables
that affect both the outcome and the propensity to be treated. Here, we argue that a balancing test
would be informative for a variable not in the LOR if it potentially affects our outcome, specifically
achievement Z-scores (see Austin 2009) and school assignment. In our case, this would involve
conducting a balancing test for IQ, even when we only use family background variables in the

LOR. We know that IQ affects achievement due to numerous previous studies.®? Further, we know

81 Qur tests are in the same spirit as the third test suggested by Smith and Todd (2005), in response to Dehejia (2005).
82 This is also evident in our data, as shown in a reduced-form regression of achievement Z-scores on family
background and IQ.
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from the equations used to construct the propensity score that it affects school assignment. If it

fails the balancing test, it belongs in the LOR.%3

8. Empirical Results

8.1 Estimated ATT Effects

In this section, we discuss the ATTs for switching BRAC students to GOV, JAAGO, and
ONGO schools, respectively. Table 4, column (1) shows the respective differences in the math
achievement Z-scores in the untrimmed sample (when we do not use any conditioning variables).
Line 1 of column (2) shows the estimated ATT for switching BRAC students to GOV schools
when we do not condition on IQ. To obtain this estimated ATT, we use the Epanechnikov kernel.
We first estimate the log odds ratios on the untrimmed data to impose the /.5 trimming method.
We then re-estimate the log odds ratios (i.e., re-estimate the logit model on the trimmed sample)
to obtain the data-driven bandwidth, which enables us to estimate the ATT. We then repeat this
process for the case where we also condition on fluid intelligence to estimate a different ATT in
column (3).

Table 4, Line 1 shows that the mean value of GOV students’ math achievements Z-scores
minus the mean value of BRAC students’ achievements Z-scores equals 0.488 (0.102) of a
standard deviation when we do not use matching or trimming.®* Column (2) shows that the
estimated ATT of moving a BRAC student to a GOV school is a statistically significant 0.496
(0.104) of a standard deviation in Z-scores when we condition on only the student demographics
and family variables using the trimmed sample. However, when we also control for K-BIT Z-

scores using the trimmed sample in column (3), this ATT falls by over 50 percent to 0.259 (0.109).

8 Ham et al. (2011) also conducted a balancing test for some variables not in the propensity score. They do not reject
the null hypothesis that these variables are balanced.
8 In what follows, the numbers in parentheses are standard errors.
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Table 4, line 5, provides the analogous estimates when comparing students from BRAC
and JAAGO schools. From column 1, the mean difference between the BRAC and JAAGO
students is 0.671 (0.106) standard deviations in the math achievement Z-score. When we control
only for background characteristics, the ATT of moving a BRAC student to a JAAGO school
increases to 0.770 (0.112). However, once we also control for K-BIT Z-scores in the LOR, the
estimated ATT falls to 0.389 (0.107) of a standard deviation, i.e., the estimated treatment effect
falls by almost 50%.

Table 4, Line 9 considers the ATT for switching a BRAC student to an ONGO school.
The mean of the ONGO students’ achievement Z-scores is 0.286 (0.100) of a standard deviation
higher than the mean in BRAC schools. The ATT of moving a BRAC student to an ONGO school
when we do not control for K-BIT Z-scores is 0.253 (0.101), but this falls to a statistically
insignificant 0.056 (0.104) when we control for K-BIT Z-scores.

Hence, adding the K-BIT Z-scores to the log odds ratio dramatically reduces all of the
above ATTs. Our results suggest that previous Labor and Development Economics studies, which
only condition on child characteristics and family background variables to eliminate selection
bias, may produce substantially biased treatment effects.

To put the size of the ATT effects in Table 4 into perspective, we compared them to a
reduced-form estimate of the impact of a one standard deviation increase in K-BIT Z-scores on
math achievement. (See Appendix Table Al for the results of regressing math scores on our
conditioning variables.) The estimated effect of a full standard deviation increase in IQ on math
Z-scores is 0.433 (0.025) of a standard deviation, which is only slightly larger than the impact of
moving their child from a BRAC to a JAAGO school (equal to 0.389 of a standard deviation). In

other words, the ATTs for BRAC vs. GOV and BRAC vs. JAAGO in Table 4 are substantial.
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8.2 Estimated ATU Effects

We present the ATUs in columns (4) of Table 4 when we control for background
characteristics only, whereas column (5) shows the ATUs when we also control for K-BIT. As
discussed above, we can use only a limited number of observations when calculating the ATUs for
BRAC vs. GOV and BRAC vs. JAAGO because of the common support issue. The estimated ATU
is representative of moving all GOV (JAAGO) students to BRAC schools only if we assume it is
constant across the LOR distribution of GOV (JAAGO) students. Thus, one would want to treat
our ATU estimates with caution.

The estimated ATU of moving a GOV student to BRAC school is statistically significant
at —0.389 (0.172) when we omit K-BIT in the LOR, but insignificant at —0.122 (0.167) when we
include K-BIT. The estimated ATUs of switching a JAAGO student to BRAC are —0.665 (0.141)
when we do not control for K-BIT and —0.370 (0.154) when we do. Thus, controlling for K-BIT
has a significant impact on our estimated ATUs. Finally, the ATU for moving an ONGO student
to a BRAC school when we do not control for K-BIT is —0.172 (0.116), but —0.065 (0.128) when

we doj; both estimates are statistically insignificant.

8.3 Estimated ATE Effects

As noted above, the estimated ATEs are weighted averages of the estimated ATTs and

ATUs,

ATE = (x ATET) +((1- 7)ATU),

where 7 is the true proportion of BRAC students relative to BRAC and GOV students in the

population (Hahn et al. 2025). We ran into trouble finding data on the relative shares of each type
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of school. We did find these shares for the country®, but these differed drastically from the shares
for several slums in Dhaka, as reported by other researchers.®¢ Given this, we deferred estimating

ATEs for now.

8.4 Robustness to Changes in the Matching Procedure

Tables 5—7 show how changing the kernels and bandwidths affects our matching estimates.
Consider the estimates in Table 5, where, compared to Table 4, we change the bandwidth from a
data-driven one to a fixed ex ante one. Comparing Table 6 to Table 4, we change the Epanechnikov
kernel to one based on the normal distribution, while continuing to use a data-driven bandwidth.
Finally, in Table 7, we investigate the impact of changing both the kernel and the bandwidth
compared to those used in Table 4. None of these modifications changes our estimated treatment

effects.

8.5 Balancing tests

Table 8 presents the results of our balancing tests when we use an Epanechnikov kernel.
Rows 1, 2, and 3 of Panel A display our balancing test results for BRAC vs. GOV, BRAC vs.
JAAGO, and BRAC vs. ONGO schools, respectively, when using a data-driven bandwidth.
Columns (1) and (3) contain our ATT balancing test results for the cases where we do, and do not,
include K-BIT scores in the LORs, respectively, using our base specification. Columns (2) and
(4) present analogous results when we estimate the ATUs. Columns (1) and (2) indicate that we
pass the balancing test for all but one of the variables using the full model (including 1Q) for the

three different school-type comparisons. However, when we use only the background

85 See DPE (2015).

% See e.g., Cameron (2011).
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characteristics to estimate the LOR, we find many rejections in columns (3) and (4). It is worth
emphasizing that most rejections come from the K-BIT variable, and only one rejection comes
from the background characteristics. Hence, our model would have looked quite good if we had
only checked for balance with the family variables. This suggests that the LOR is mis-specified
when it does not include K-BIT. These results are consistent with our understanding that K-BIT
impacts both school-type and math achievement, and therefore should be included in the LOR.
Panel B of Table 8 presents the corresponding results when a fixed bandwidth with an
Epanechnikov kernel is used. Our test results for BRAC vs. GOV and BRAC vs. ONGO are similar
to those in Panel A. However, when comparing BRAC and JAAGO schools, we observe a higher
rejection rate than in Panel A for the model that includes K-BIT in the LOR. Table 9 presents the
results of our balancing tests when a normal kernel is used. These results are close to those in Panel

A of Table 8.

8.6 Discussion of the Results

In this section, we relate our estimated treatment effects to the characteristics of the
schools in Table 1. We will focus on the ATTs for two reasons. First, the ATUs for GOV and
JAAGO are likely to be significantly impacted by common support issues, which led us to drop
or trim many high-achieving students from these schools. Furthermore, it seems credible that
the parents of GOV or JAAGO students are less likely to switch them to BRAC schools (the effect
of which is measured by the ATU) than BRAC parents are to change their children to GOV or
JAAGO schools (the impact of which is measured by the ATT). One reason is that the GOV and
JAAGO schools are harder to enter. Furthermore, GOV schools are perceived as more prestigious
than BRAC schools. Moreover, JAAGO schools were modelled after elite private schools, which

could have enhanced their reputation. These factors suggest that our estimated ATUs for
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comparing GOV and JAAGO schools to BRAC schools are less useful for policy than our
estimated ATTs.

This leads to the natural question of why GOV and JAAGO schools are successful in
increasing achievement even after we control for student quality. Considering Table 1, GOV and
JAAGO schools both provide formal schooling, while BRAC and some ONGO schools implement
the non-formal schooling model.

Furthermore, both GOV and JAAGO schools likely have significantly better teachers for
several reasons. First, as noted above, JAAGO and, in particular, the GOV teachers have
significantly higher salaries than the BRAC teachers. Second, GOV and JAAGO schools have
much higher teacher qualifications. Moreover, GOV schools are likely more attractive to teachers
since they offer relatively generous civil service benefits. Further, teachers at GOV schools may
be of higher quality than those at BRAC schools because their teachers receive one year of in-
service professional training. Finally, the fact that JAAGO teachers are required to be fluent in
English likely results in a positive selection process.

We can consider whether other characteristics of JAAGO, GOV, and BRAC schools can
potentially explain the achievement differences. For example, GOV schools have corporal
punishment, while JAAGO and BRAC schools do not. Furthermore, GOV schools have a shorter
school day than BRAC schools, while JAAGO schools have a longer school day than BRAC
schools. Hence, we cannot use the presence of corporal punishment or the length of the school
day to explain why GOV and JAAGO schools both have higher value-added than BRAC schools.
Instead, we believe that the differences in teacher quality and BRAC’s reliance on an informal
schooling model explain the differences in achievement at GOV and JAAGO schools compared

to BRAC schools.
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9. Conclusions

Over the past 30 years, BRAC has emerged as a global leader in education for developing
countries, with a mission to deliver effective schooling to marginalized populations. Its model of
non-formal primary education has been widely replicated by NGOs and adopted by the
Government of Bangladesh. Sources, such as The New York Times and BRAC itself, claim that
BRAC schools outperform government schools.®” Others, including UNESCO, suggest BRAC
students perform at par with their GOV counterparts.®® However, our findings contradict these
claims. A likely reason is that previous studies have employed estimation strategies that do not
account for the use of choice-based sampling, which is prevalent in this literature.

Our key results can be summarized as follows. First, BRAC serves the most disadvantaged
students, both in terms of family background and fluid intelligence. As shown in Table 3, GOV
and JAAGO students have substantially higher 1Q scores and more educated parents than BRAC
students; the profiles of ONGO students are somewhat stronger than those of BRAC students. To
our knowledge, this is the first study to rigorously document the extent of BRAC students’
disadvantages relative to students at other school types, especially in terms of fluid intelligence.

Second, accurate estimation of BRAC’s impact requires careful control for selection. This
is unsurprising given the severe disadvantages faced by BRAC students. Conditioning only on
standard demographic and family background variables does little to adjust for selection bias, as
it produces impacts that are similar to the simple mean differences in achievement. In contrast,
controlling for both fluid intelligence and background characteristics substantially reduces the

estimated treatment effects. Nonetheless, even after accounting for these factors, BRAC students

87 See Rosenberg (2013) and the ‘Our Work’ section of BRAC’s official website (BRAC International: Education
2025).
88 See UNESCO Institute of Lifelong Learning (2016).
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continue to perform significantly worse than their counterparts in GOV and JAAGO schools.
Notably, once IQ is taken into account, BRAC students show no significant difference in outcomes
compared to those in ONGO schools.

Although BRAC schools possess several potentially positive features, particularly when
compared to GOV schools, many of these characteristics are also found in JAAGO schools. We
argue that differences in educational models (i.e., formal versus non-formal structures) and
disparities in teacher quality primarily drive the observed differences in achievement. GOV and
JAAGO schools impose higher teacher qualification standards and offer more competitive salaries,
enabling them to recruit more capable teachers. BRAC, by contrast, restricts its teacher recruitment
to the local community, pays lower wages, and imposes lower minimum qualifications, thereby
reducing staff quality. While BRAC is often praised for its low per-student cost and for having
learning outcomes at least as good as those of GOV schools, our findings suggest that this narrative

is far too optimistic.
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Table 1: A Comparison of School Types

Characteristics BRAC GOV JAAGO Other NGOs
Informal Schooling Yes No No Mixed
Instruction in English No No Yes No
Minimum teacher 10 years of schooling HSC? (Female Bachelor’s degree HSC
qualification teachers) and

Bachelor’s degree

(Male teachers)
Teachers required to pass No Yes No No
Civil Service Exams
Teachers require English No No Yes No
Proficiency
Pre-service training 12-15 days 0 days 30 days 4 days
In-service training/ Refresher 30-35 days annually  12-18 months need-based 6 days
Courses training workshops

(C-in-Ed/B-in-Ed)
Proportion of female teachers  98-99% 60-66% 80% 85%
Monthly teacher salary BDT 1,250 - BDT BDT 11,000-26,590  BDT 4,000-5, 000 NA

1,650

Class size 33 51 31 37
Contact hours per day 3.6 2.9 45 3.85
School year (days per annum) 265-270 228 265 247
Corporal punishment No Yes No No

Note: (a) Completing the Higher Secondary Certificate (HSC) means that 12 years of schooling has been completed. (b) Before
2013, the minimum teacher qualification was SSC (completing 10 years of schooling) for female teachers and HSC (completing 12
years of schooling) for male teachers.



Table 2: Means by School Type

BRAC GOV  JAAGO Other NGOs

Achievement Test Z-Score -0.4320 0.0556  0.2387 -0.1459
(0.0977) (0.0439) (0.0307) (0.0875)
Monthly Family Expenditure 51819  6.1451  5.8223 5.3928
(in BDT 1000 adjusted by equivalence scale) (0.1278) (0.1178) (0.1334) (0.1365)
Father’s Schooling 24956  3.6785  3.6216 3.2606
(0.1950) (0.2312) (0.1906) (0.3121)
Mother’s Schooling 21010  3.2451  3.7765 2.8423
(0.1260) (0.2341) (0.1858) (0.2337)
K-BIT (IQ) -0.4918 0.0628 0.2773 -0.1729
(0.0607) (0.0695) (0.0708) (0.0842)
Observations 264 618 607 447
Notes: (a) Standard errors in parentheses, for the mean values, are clustered at the street level; (b) For
the IQ score, we use age-adjusted Z-scores, i.e., for student i in age group a, we calculate, Z; = i ; Xa
, where X, and o0, are the mean and standard deviation in age group a4, respectively. ’
Table 3: Mean Differences Across School Type
(1) 2) 3)
BRAC BRAC BRAC
VS A%) A%)
GOV JAAGO  Other NGOs
Achievement Test Z-Score -0.4876™*  -0.6708***  -0.2861***
(0.1024)  (0.1057) (0.0998)
Monthly Family Expenditure -0.9632***  -0.6404*** -0.2109
(in BDT 1000 adjusted by equivalence scale)  (0.1851) (0.1720) (0.1928)
Father’s Schooling -1.1830"**  -1.1261***  -0.7650***
(0.3082)  (0.3347) (0.2864)
Mother’s Schooling -1.14417**  -1.6755"**  -0.7413***
(0.2645)  (0.2336) (0.2292)
K-BIT (IQ) -0.5546***  -0.7691*** -0.3190***
(0.0820)  (0.1064) (0.0992)

Notes: (a) Standard errors in parentheses, for the differences in means, are clustered at the street
level; (b) We report the difference in means at the 1 percent, 5 percent, and 10 percent significance
level denoted by *** , ** , and *, respectively; (c) For KBIT (IQ score), we report age-adjusted
Z-scores.



Table 4: Estimating ATET and ATU Using Matching to Control for Selection (1:5 Trim,
Data-Driven Bandwidth Using Epanechnikov Kernel)

Dependent Variable: Achievement Test Z-Score

ATET ATU
o)) 2 3) “) ®)
Mean Only Family Family Only Family Family
Difference Background Background Background Background
(no controls) & K-BIT & K-BIT
BRAC vs GOV -0.4876™** -0.4956*** -0.2590** -0.3836** -0.1220
(0.1024) (0.1039) (0.1091) (0.1721) (0.1696)
p-value 0.0000 0.0176 0.0259 0.4721
bandwidth 0.16 0.23 0.16 0.23
BRAC vs JAAGO -0.6708*** -0.7703*** -0.3888*** -0.6646*** -0.3697**
(0.1057) (0.1116) (0.1065) (0.1413) (0.1539)
p-value 0.0000 0.0003 0.0000 0.0163
bandwidth 0.21 0.21 0.21 0.21
BRAC vs Other NGOs  -0.2861*** -0.2525** -0.0562 -0.1717 -0.0653
(0.0998) (0.1009) (0.1039) (0.1160) (0.1275)
p-value 0.0123 0.5887 0.1388 0.6086
bandwidth 0.13 0.12 0.13 0.12

Notes: (a) Bootstrapped standard errors in parentheses are clustered at the street level; (b) We report Treatment Effects at the 1 percent, 5
percent, and 10 percent significance level denoted by *** , ** , and *, respectively; (c) Family background matching covariates consist of
child’s age, gender, family size, father absence dummy, father’s schooling, and mother’s schooling; (d) Pre-trim sample sizes are given
in Table 2.



Table 5: Estimating ATET and ATU using Matching to Control for Selection (1:5 Trim,
Ex-Ante Fixed Bandwidth Using Epanechnikov Kernel)

Dependent Variable: Achievement Test Z-Score

ATET ATU
@ @ ®G) 4) ®)
Mean Only Family Family Only Family Family
Difference Background Background Background Background
(no controls) & K-BIT & K-BIT
BRAC vs GOV -0.4876"** -0.5015%** -0.2566** -0.3657** -0.1330
(0.1024) (0.1026) (0.1080) (0.1729) (0.1694)
p-value 0.0000 0.0175 0.0345 0.4323
bandwidth 0.23 0.27 0.23 0.27
BRAC vs JAAGO -0.6708"** -0.7696"** -0.3915%** -0.6608"** -0.3716**
(0.1057) (0.1113) (0.1036) (0.1425) (0.1475)
p-value 0.0000 0.0002 0.0000 0.0117
bandwidth 0.18 0.36 0.18 0.36
BRAC vs Other NGOs  -0.2861*** -0.2495%* -0.0565 -0.1690 -0.0554
(0.0998) (0.1007) (0.1033) (0.1165) (0.1247)
p-value 0.0132 0.5846 0.1468 0.6569
bandwidth 0.11 0.16 0.11 0.16

Notes: (a) Ex-ante bandwidth taken from psmatch2 adjusted for choice-based sampling; (b) See notes to Table 4.

Table 6: Estimating ATET and ATU using Matching to Control for Selection (1:5 Trim,
Data-Driven Bandwidth Using Normal Kernel)

Dependent Variable: Achievement Test Z-Score

ATET ATU
1) ) 3 4 ®)
Mean Only Family Family Only Family Family
Difference Background Background Background Background
(no controls) & K-BIT & K-BIT
BRAC vs GOV -0.4876*** -0.4953*** -0.2733*** -0.3479** -0.1390
(0.1024) (0.0982) (0.0904) (0.1700) (0.1666)
p-value 0.0000 0.0025 0.0407 0.4042
bandwidth 0.16 0.23 0.16 0.23
BRAC vs JAAGO -0.6708*** -0.7428*** -0.4011*** -0.663*** -0.3372**
(0.1057) (0.1065) (0.0989) (0.1326) (0.1456)
p-value 0.0000 0.0000 0.0000 0.0206
bandwidth 0.21 0.21 0.21 0.21
BRAC vs Other NGOs  -0.2861*** -0.2554** -0.0852 -0.1845* -0.0521
(0.0998) (0.1035) (0.1006) (0.1072) (0.1217)
p-value 0.0136 0.3969 0.0853 0.6687
bandwidth 0.13 0.12 0.13 0.12

Notes: See notes to Table 4.



Table 7: Estimating ATET and ATU using Matching to Control for Selection (1:5 Trim,
Ex-Ante Fixed Bandwidth Using Normal Kernel)

Dependent Variable: Achievement Test Z-Score

ATET ATU
@™ @) ®G) @) ®)
Mean Only Family Family Only Family Family
Difference Background Background Background Background
(no controls) & K-BIT & K-BIT
BRAC vs GOV -0.4876"** -0.4943*** -0.2707*** -0.3540** -0.1350
(0.1024) (0.0989) (0.0888) (0.1691) (0.1656)
p-value 0.0000 0.0023 0.0364 0.4150
bandwidth 0.23 0.27 0.23 0.27
BRAC vs JAAGO -0.6708"** -0.7455%** -0.4240*** -0.6653"** -0.3317**
(0.1057) (0.1064) (0.0972) (0.1335) (0.1403)
p-value 0.0000 0.0000 0.0000 0.0181
bandwidth 0.18 0.36 0.18 0.36
BRAC vs Other NGOs  -0.2861*** -0.2576** -0.0828 -0.1823* -0.0560
(0.0998) (0.1034) (0.1017) (0.1073) (0.1225)
p-value 0.0127 0.4153 0.0892 0.6478
bandwidth 0.11 0.16 0.11 0.16

Notes: (a) Ex-ante bandwidth taken from psmatch2 adjusted for choice-based sampling; (b) See notes to Table 4.



Table 8: Balancing Tests at the 5% Level for Family Characteristics and 1Q (Using

Epanechnikov Kernel)

(A)
Matching Using 1:5 Trim and
Data-Driven Bandwidth

(B)
Matching Using 1:5 Trim and
Ex-Ante Fixed Bandwidth

LOR estimated using
correctly-specified model
(including K-BIT
in the propensity score)

LOR estimated using
misspecified model
(excluding K-BIT
from the propensity score)

LOR estimated using
correctly-specified model
(including K-BIT
in the propensity score)

LOR estimated using
misspecified model
(excluding K-BIT
from the propensity score)

1 2 ®) ) () (6) @) ®)
ATET ATU ATET ATU ATET ATU ATET ATU
BRAC vs GOV 0 0 1 1 0 0 1 1
BRAC vs JAAGO 1 0 2 1 2 1 1 1
BRAC vs Other NGOs 0 0 1 1 0 0 1 1

Notes: (a) The entry in each cell denotes the number of unbalanced conditioning variables (out of seven) at the 5% level.; (b) Log Odds Ratio (LOR) estimated using correctly-specified
model employs all seven matching covariates: child’s age, gender, family size, father absence dummy, father’s schooling, mother’s schooling, and K-BIT Z-scores. (c) Log Odds Ratio

(LOR) estimated using the misspecified model employs six conditioning variables, i.e., it excludes K-BIT Z-scores.

Table 9: Balancing Tests at the 5% Level for Family Characteristics and 1Q (Using

Normal Kernel)

(A)
Matching Using 1:5 Trim and
Data-Driven Bandwidth

(B)
Matching Using 1:5 Trim and
Ex-Ante Fixed Bandwidth

LOR estimated using
correctly-specified model
(including K-BIT
in the propensity score)

LOR estimated using
misspecified model
(excluding K-BIT
from the propensity score)

LOR estimated using
correctly-specified model
(including K-BIT
in the propensity score)

LOR estimated using
misspecified model
(excluding K-BIT
from the propensity score)

1 2 ®) ) () (6) @) ®)
ATET ATU ATET ATU ATET ATU ATET ATU
BRAC vs GOV 0 0 1 1 0 0 1 1
BRAC vs JAAGO 1 1 1 2 0 0 1 2
BRAC vs Other NGOs 0 0 1 1 0 0 1 1

Notes: See notes in Table 8.



Appendix

Table A.1: OLS Regression of Achievement on Conditioning Variables

Dependent Variable: Achievement Test Z-scores

(1) (2)
Family Background Family Background
(Exclude K-BIT) (Include K-BIT)
Male 0.1439*** 0.1418***
(0.0481) (0.0410)
Age (years) 0.0107 0.0075
(0.0171) (0.0157)
Father absent -0.2689** -0.2263**
(0.1099) (0.0913)
Family Size -0.0000 0.0133
(0.0228) (0.0211)
Father’s schooling 0.0351*** 0.0253***
(0.0064) (0.0058)
Mother’s schooling 0.0378*** 0.0211***
(0.0088) (0.0062)
K-BIT (IQ) 0.4332***
(0.0249)
Constant -0.3753* -0.3307**
(0.1920) (0.1513)
Observations 1936 1936

Notes: (a) Standard errors are in parentheses; (b) We report the regression estimates at the 1
percent, 5 percent, and 10 percent significance level denoted by *** , ** , and *, respectively.
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