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Abstract

This paper investigates the effectiveness of a globally popular method
of self-learning at the right level in improving learning outcomes—the cog-
nitive and non-cognitive abilities of disadvantaged pupils—in a developing
country, Bangladesh. Using a randomized control trial design, we find sub-
stantial improvements in cognitive abilities measured by mathematics test
scores and catch-up effects on aspects of non-cognitive abilities or person-
ality traits measured by a self-esteem scale. We also find a longer-term
impact on cognitive abilities regarding the math scores students obtained
on national-level exams compared to the baseline test scores. Moreover,
teachers’ abilities to assess students’ performance substantially improve.
Our estimates indicate that the program’s benefits exceed its costs. The
above findings suggest that self-learning at the right level can effectively
supplement the quality of primary education and hence address the learn-
ing crisis in developing countries.
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1 Introduction

The learning crisis refers to the global phenomenon where over 60 percent of
children who complete their primary education in low- and middle-income coun-
tries fail to achieve a minimum proficiency in mathematics and reading (World
Bank, 2018; UNESCO, 2013). Given that education is an important link to
all sustainable development goals (SDGs), improving the quality of education
is a sine qua non for achieving SDGs (United Nations, 2018). Teaching at the
right level (TaRL) programs are gaining increasing attention due to their high
effectiveness in improving learning outcomes (Banerjee et al., 2007, 2016; Du-
flo, Dupas and Kremer, 2011; Muralidharan, Singh and Ganimian, 2019).1 For
example, Muralidharan, Singh and Ganimian (2019) in India found that individ-
ualized technology-aided instruction programs can improve test scores. The lack
of appropriate infrastructure in developing countries, however, can potentially
constrain the use of such effective programs.

We evaluate the effectiveness of an individualized self-learning program, the
Kumon method of learning (hereafter, Kumon), which does not necessarily rely
on the use of Information and Communication Technology (ICT), in supple-
menting the learning quality of primary schools in Bangladesh. This is a glob-
ally popular non-formal education program that is based on a paper-and-pencil
approach designed to ensure that each student always studies at the level that
is “just right” for them.2 In Kumon, each student begins at an individually
suitable starting point and learns new concepts in small steps in which learning
is enforced through easily understandable hints and examples.

Bangladesh has successfully increased school enrollment and narrowed gen-
der gaps. Non-formal education has been critical to this process in addition to
conventional public formal education. On the non-formal side, NGOs such as
BRAC have played an important role in collaboration with the government. In
particular, BRAC primary schools (BPSs) have provided disadvantaged students
with a four-year accelerated program that covers the five-year public primary
school curriculum.3 Given the success of BPS in enrollment and reducing pri-
mary school dropouts, the government of Bangladesh has scaled up a modified
version of BPS under the Reaching Out of School project, providing a low-
cost platform to target children from difficult-to-reach communities and who
are out of school (Asadullah, 2016). Despite these efforts, the lack of quality
education and resulting inadequate student learning remain a serious concern
in Bangladesh, as in other developing countries.4

1Regarding improving learning outcomes, demand-side approaches appear to be less
promising than supply-side interventions, such as increasing the numbers of teachers and
schools. See Asim et al. (2017) for a meta-analysis of impact evaluation studies focusing on
improving learning outcomes in South Asian countries. Other reviews focusing on the im-
pacts of interventions on learning outcomes include Kremer, Brannen and Glennerster (2013);
Ganimian and Murnane (2016); Evans and Popova (2015); McEwan (2015); Glewwe (2014).

2As of March 2017, there are 4.35 million Kumon subject enrollments in 50 countries and
regions, according to the Kumon Institute of Education Co., Ltd.

3BPS is known as one of the largest and most successful non-formal education programs
targeted at disadvantaged populations in Bangladesh. BPSs have introduced a seasonally
adjusted school calendar, which has been a key to their success (Watkins, 2000; Chowdhury,
Jenkins and Nandita, 2014). More details about BPS are provided in Section 2.

4For example, Asadullah and Chaudhury (2013) find an imperfect correlation between
years of schooling and cognitive outcomes: among those who completed primary schooling,
only 49 percent could provide 75 percent or more correct answers in a simple arithmetic test,
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In this context, we adopt and evaluate the impact of Kumon in improving
both the cognitive and non-cognitive abilities of BPS students in Bangladesh,
given its unique setting in providing non-formal education and internal effi-
ciency compared with formal schools (Ahmad and Haque, 2011). BPSs have
30 students per class with diverse backgrounds and a large variance in ability
in the subjects taught, particularly mathematics (Nath, 2012). This creates a
potential mismatch between the teaching level and students’ individual abilities.
However, BPSs cannot effectively offer TaRL, as they follow the same instruc-
tional approach as public schools. Kumon, as a supplementary approach, could
at least partially respond to this mismatch and improve learning outcomes by
providing self-learning mathematics materials for each student.5

Our findings indicate that Kumon substantially improves students’ cognitive
abilities as measured through math test scores. Given that our intervention was
designed to increase students’ math problem-solving skills in a time-efficient
manner, we use both test scores per minute and time-unadjusted test scores from
two different mathematics tests as measures of cognitive ability. The magnitude
of the impact measured by test score per minute is a 2.073 standard deviation,
whereby the impact comes through both test score gains and reductions in
problem-solving speed.6 In the case of the time-unadjusted test scores, the
magnitude of the impact ranges from 0.501 to 1.212. In terms of non-cognitive
abilities measured through certain personality traits, we find catch-up effects
among pupils with initially lower abilities compared to the median. We also
find a longer-term impact on cognitive ability in terms of math scores obtained
in the national-level Primary School Certificate (PSC) examination compared to
the baseline test score. Additionally, we find that the intervention significantly
improves teachers’ abilities to assess their students’ performance.

The remainder of this paper is organized as follows. In Section 2, we out-
line our experimental design, including the setting and intervention, followed
by a description of the data and baseline test results. Section 3 presents the
econometric evaluation framework, followed by the empirical results. Section 4
compares the benefits and costs of this intervention, and Section 5 concludes
the paper.

and the likelihood of providing more than 75 percent correct answers was only 9 percent higher
when compared with children with no schooling at all.

5While a number of existing studies have established the link between measured cognitive
ability (e.g., IQ) and educational outcomes, such as schooling attainment and wages, recent
studies have begun to shed new light on the role of non-cognitive abilities such as personality
traits, motivations, and preferences (Heckman, 2006, 2007). In fact, recent studies show that
the predictive power of non-cognitive abilities is comparable to or exceeds that of cognitive
skills in explaining education, success in the labor market, or other outcomes (Heckman, 2006;
Heckman, Humphries and Kautz, 2014). Notwithstanding that Kumon has been regarded as
a successful non-formal education program in developed countries, it is worth evaluating its
impacts on learning outcomes in a disadvantaged setting in a developing country context.

6These effects are largely comparable to some existing interventions. For example, Lak-
shminarayana et al. (2013) found a 0.75 standard deviation impact from the supplementary
remedial teaching provided by Indian NGOs on pupils’ test scores in public primary schools.
Further, Duflo, Dupas and Kremer (2011) found a 0.9 standard deviation impact from the
peer effects of tracking for the top quartile of students in Kenyan primary schools.
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2 Experiment Design, Data, and Balancing Test

2.1 Setting: BRAC Primary School

Primarily, BPS targets children from disadvantaged social backgrounds who
could not access formal schooling at the right age or have dropped out of the
system. The economic eligibility criteria states that “children of poor households
having less than 50 decimals of land and at least one member of the household
that has worked for wages for at least 100 days” and that live within a two-
kilometer radius of the school are admitted to BPS (Afroze, 2012). BPS covers
the same standard curriculum as public schools. Although the BPS and gov-
ernment primary schools teach the same competency-based curriculum, there
are some basic differences between them. Unlike the five-year standard primary
school system, BPS offers an accelerated four-year program to help these chil-
dren readapt to formal education.(Asadullah, 2016). In particular, BPS teachers
address students who are falling behind in the following manner: the entry age
for students in BPS is higher than that in standard primary schools (the official
age is six years for entry into primary education); the schools operate under a
rather flexible time schedule for three hours a day, six days a week, with fewer
holidays than government schools, which results in higher contact hours per pri-
mary cycle compared with government primary schools; the average class size in
BPS (25-30 students) is smaller than that of government primary schools. BPSs
are essentially one-classroom, one-teacher schools, whereby a teacher teaches all
subjects to the same cohort. The pedagogical approach is, however, influenced
by traditional methods such as group lectures followed by assignments. Students
are required to pass the grade five terminal examination set by the government
(i.e., PSC), which also suggests that BPS provides learners with the same skills
that are taught in government schools, whereby teaching to the test potentially
affects students’ learning.

Thus, in this context, the Kumon intervention aims to promote self-learning
by facilitating each student to study at the right level and learn to set goals
and take up challenges at the next level. Given the unique setting of this non-
formal education, such as the low-cost platform and smaller class size, BPS
has the potential to scale up this intervention to supplement learning quality
in primary education in Bangladesh by developing students’ cognitive and non-
cognitive abilities.

2.2 Intervention: The Kumon Method of Learning

The Kumon method of learning has been introduced in selected BPSs among
third-and fourth-grade students as a supplementary module in mathematics.
Kumon aims to enable students to develop advanced academic and self-learning
abilities by ensuring that they always study at a level that is appropriate for
them. Students are assigned to an initial level based on their individual perfor-
mance in a diagnostic test (DT) provided by the Kumon Institute of Education
Co., Ltd. rather than on the basis of their school grade or age. The Kumon
method is uniquely designed so that the initial level is slightly lower than the
student’s concurrent maximum capacity in order to: i) ensure that students fully
understand the basic concepts and develop a firm foundation for the develop-
ment of their cognitive abilities and ii) motivate students to continue studying,
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which also aids the development of their non-cognitive abilities, such as self-
esteem and sense of competence. Kumon worksheets are designed, ranging from
simple counting to advanced mathematics, with the level of difficulty increasing
gradually. Worksheets contain example questions with hints that help students
acquire step-by-step problem-solving skills independently.7 Kumon instructors
do not conduct lectures; they simply observe students’ progress. They adjust the
level of the worksheets if students are stuck on the same worksheet or are unable
to find the right answer after many attempts. As a result, students can absorb
material beyond their school grade level through self-learning and advance to
high school-level materials at an early age. Importantly, slower learners can
spend more time on basics without being rushed on to advanced-level materials
beyond their level of understanding.

Another feature of Kumon is a system that tracks each student’s progress
and achievements using personalized record books. Kumon instructors do not
teach in class, and hence, do not need extensive prior experience in conducting
daily quizzes to monitor each student’s understanding and progress. This is
because Kumon worksheets are presented in small steps that enable students to
learn independently, and there is a set standard time to solve each worksheet,
which allows teachers to determine the level students are permitted to advance
to or whether they should repeat a level. Detailed progress reports on the
worksheets allows instructors to obtain more objective information about their
students’ abilities and understanding of the mathematics involved.

2.3 Experimental Design

To identify the causal effects of Kumon on young students’ learning and their
cognitive abilities in particular, we implemented a Randomized Control Trial
(RCT) design. Consistent with the effect size of education intervention else-
where,8 we hypothesize a minimum detectable effect of 0.40 standard deviation
on students’ cognitive ability. Considering that randomization is conducted at
the cluster (school/classroom) level, we assume an intracluster correlation of
0.10 and a statistical significance of less than 0.05 for a two-tail test. This gives
us a sample of approximately 26 clusters with a statistical power of 0.80. To
ensure that we did not lose statistical power due to attrition or other factors, we
selected a cluster size of 34 to increase the total student sample, with an average
of 30 students per cluster, which gives us a final sample of approximately 1,000
students. We then randomly selected 34 schools from a list of 179 eligible BPSs
(located in Dhaka and surrounding areas) for our study, dividing them equally
as 17 treatment and 17 control schools. The resulting sample breakdown by
class/grade is as follows: 19 (out of 48 schools) for the third grade and 15 (out
of 131 schools) for the fourth grade. The schools do not overlap in terms of
grade. In other words, in a particular school, we only offer the intervention to
either grade three or grade four.

The intervention consisted of a 30-minute session on the Kumon method
prior to the students’ regular lessons. Thus, during the study period, students
in the treatment schools arrived to school earlier than the usual school hours.

7See example worksheets of Kumon in Appendix A.
8Considering the results from some studies of high-impact education interventions involving

teaching at the right level, such as Lakshminarayana et al. (2013) and Duflo, Dupas and
Kremer (2011)
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Unlike the regular Kumon sessions elsewhere, we did not require students to
complete related homework to restrict the daily 30-minutes regular Kumon
learning sessions. In addition, unlike a standard Kumon center that usually
offers sessions outside school, our treatment school students remained in the
classroom in which their regular BPS classes were held. BPSs run for six days a
week, except on public holidays, teacher refreshment days, and teacher training
days. Our intervention lasted for eight months, from August 2015 to April 2016.

For the treatment schools, the Kumon Institute of Education Co., Ltd. pro-
vided an intervention package consisting of a mathematics materials set and
an instructor manual with sheets for the BRAC teacher.9 The full material set
consisted of i) mathematics worksheets with questions at various difficulty levels
and achievement tests at the end of each level; and ii) a grading notebook to
record students’ daily progress, including the level of worksheet that a student
worked on, the number of repetitions required before achieving a full score on
the worksheet, and the number of worksheets that students finally completed.10

During the administration of the Kumon program, the BPS teachers did not
conduct lectures; they simply observed their students’ progress. They only in-
tervened when students were stuck on the same worksheet or could not find the
right answer after many attempts. They adjust the level of worksheets in such
cases. The BPS teachers also provided guidance when advanced students pro-
ceeded to entirely new materials beyond the regular curriculum. The marking
assistants helped the teachers grade and record the worksheets. Until the session
ended, students either moved on to a new worksheet once they had achieved a
full score on the previous one or continued to try and correct their answers until
they achieved a full score within the designated time frame.

2.4 Data Description

We constructed cognitive ability measures at both the baseline and endline
based on two different mathematics test scores for both the treatment and con-
trol school students. These mathematics tests are the Diagnostic Test (DT) and
Proficiency Test of Self Learning (PTSII). The DT measures cognitive (math)
abilities, whereby we retain records of both the score and the time taken to
complete the test. The DT used for this study is time-specific and requires stu-
dents to answer 70 questions within a maximum of 10 minutes. Hence, for the
DT, we show test scores per minute (DT Score per min) to determine students’
cognitive abilities. The PTSII has two sections: the first part consists of a to-
tal of 348 math questions within six categories measuring different dimensions
of math problem-solving skills, whereby the aggregate score defines students’
cognitive ability (PTSII-C). The second section consists of 27 questions mea-
suring aspects of non-cognitive abilities (see Table B1 of Appendix B). Among
the 27 questions, 8 are consistent with the Rosenberg Self-Esteem Scale (RSES

9BRAC field staff has been assigned to assist and follow up on BPS teachers. Three days of
preparatory training for BPS teachers and field staff were held prior to launching the program
to familiarize teachers with the concepts and procedures of the learning method. In addition,
three follow-up training sessions were held during the implementation period. Two marking
assistants (graders) were provided for each class to support the grading and recording of
worksheets during the Kumon session. BPS teachers monitored students and determined the
level of worksheets that students were required to work on.

10All the materials, including numbers, were provided in the Bengali language, which was
the medium of instruction for BPS teachers and students.
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Index) (Rosenberg, 1965), and 10 are consistent with the Children’s Perceived
Competence Scale (CPCS Index) (Sakurai and Matsui, 1992; Harter, 1979). As
non-cognitive ability measures, we created the RSES and CPCS indexes based
on these questions.11

To assess the possible long-term impact of the intervention, we also collected
students’ results from the PSC examination, a nationally administered primary
education completion test by the Ministry of Primary and Mass Education.12

We particularly focus on PSC math results, given that our intervention was
related to math problem-solving skills. Grade-four (grade-three) students had
a chance to take the PSC exam for about 8 months (20 months) after the end
of the intervention in December 2016 (December 2017).13

We also conducted a teacher survey that captured teachers’ assessments
of students’ performance. We collected each teacher’s subjective evaluation of
individual students’ performances at both the baseline and endline. Specifically,
we asked each teacher about each student’s performance using a 5-level Likert
scale (very good; good; average; bad; very bad). We then took the absolute
distance between teachers’ evaluations and observed test scores (DT or PTSII-
C scores).

2.5 Balancing Test Results

Baseline balance tests are performed by comparing the main variables of inter-
est between the treatment and control group students: DT scores per min, DT
score, DT time, PTSII-C score, and variables measuring non-cognitive abilities
(RSES Index, CPCS Index). The mean and standard deviation of all raw scores
and student characteristics are reported in Table 1. As shown, there are no sig-
nificant differences in average baseline scores between the treatment and control
school students (baseline balance), suggesting the success of randomization.

11We adopt a short version of RSES index, which is widely used in the existing studies
including Heckman, Stixrud and Urzua (2006).

12Those who wish to pursue further education need to pass this exam, and based on the
exam results, letter grades from A+ to A, A-, B, C, D, and F are assigned: if the score
is in the range of 80 to 100, the letter grade is an A+; if 70 to 79, it is an A; if 60 to
69, it is an A-; if 50 to 59, it is a B; if 40 to 49, it is a C; if 33 to 39, it is a D; and if
below 33, it is an F. The subjects include math and English in addition to other subjects 〈
http://www.educationboard.gov.bd/computer/grading_system.php 〉

13Generally, this exam is administered at the end of the fifth grade as a primary school
terminal examination. As BPS adopts an accelerated curriculum that covers primary school
requirements in the fourth grade, the students were allowed to take the PSC at the end of the
fourth grade.
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Table 1. Summary Statistics and Baseline Balance

Dependent Variable Treatment Control Difference N

DT Score per mina 4.829 4.619 0.210 825
[1.898] [1.767] (0.309)

DT Score 46.979 45.958 1.021 825
[15.653] [17.357] (2.817)

DT Time 9.907 9.967 -0.060 825
[0.964] [0.269] (0.079)

PTSII-C Scoreb 34.567 38.767 -4.200 905
[10.308] [15.251] (3.400)

RSES Indexc -0.000 -0.003 0.003 812
[0.392] [0.452] (0.062)

CPCS Indexc 0.030 -0.045 0.075 812
[0.370] [0.426] (0.053)

Female 0.580 0.621 -0.041 974
[0.494] [0.486] (0.025)

Age 9.936 9.912 0.024 974
[1.099] [1.193] (0.294)

Notes: Standard deviations are shown in brackets. Asymptotic
standard errors are shown in parentheses and are clustered at the
school level.
a: DT Score per min stands for math Diagnostic Test scores per
minute.
b: PTSII-C Score stands for the math proficiency test scores.
c: The Proficiency Test of Self Learning is based on 27 survey
questions, of which ten are consistent with the Children’s Perceived
Competence Scale (CPCS Index) and eight with the Rosenberg Self-
Esteem Scale (RSES Index). For each of the non-cognitive type
questions, see Appendix B.

Initially, there were 974 students from 34 schools in our sample. However,
we work with a different sample of students for different outcome measures
for some obvious reasons. First, students from 5 schools were dropped from
the sample due to mismanagement (e.g., offering harder/easier diagnostic tests)
in conducting baseline DT, which resulted in 825 students for the DT score
analysis. Second, some students missed the baseline PTSII tests, which resulted
in a sample of 905 students for the PTSII-C analysis. In addition, some students
could not answer all the non-cognitive survey questions due to time constraints;
therefore, the sample size for the RSES Index and CPCS Index was smaller
(812) than the PTSII-C sample.

2.6 Sample Attrition

While there has been some attrition in our sample at the endline, the attrition
rate is not significantly different between the treatment and control groups,
except in the case of PTSII-C outcome (Table C1 in Appendix C). However,
we do not find any significant differences in baseline PTSII-C scores among the
attrition sample (treatment vs. control). Accordingly, these results suggest that
attrition will not bias our impact estimates.

3 Empirical Specification and Results

We employ the canonical difference-in-differences model to estimate the impact
of the Kumon intervention on the measures of cognitive and non-cognitive abil-
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ities of student i at time t, Yit: Yit = α0 +α1Tt + γdi + δTt · di + ui + εit, where
the Kumon intervention is specified by an indicator variable, d, taking 1 for the
treatment group and 0 for the control group; T is a time dummy taking 1 for
endline and 0 for baseline; and u and ε are student fixed effects and the error
term, respectively. The average treatment effects on the treated can be cap-
tured by the estimated δ. For the estimation, we take the first difference of the
original level equation, whereby the dependent variable captures improvements
in cognitive or non-cognitive outcomes:

∆Yit = α1 + δdi + ∆εit, (1)

where ∆ is a first-difference operator. We use cluster robust standard errors at
the school level. However, given the relatively smaller number of clusters, we
use a wild cluster bootstrap procedure, following Cameron, Gelbach and Miller
(2008).14

To investigate heterogeneous treatment effects, we estimate equation (1) for
four different sub-samples: i) high-initial cognitive ability and non-cognitive
ability students (high-high type); ii) high-initial cognitive ability and low-initial
non-cognitive ability students (high-low type); iii) low initial cognitive ability
and high-initial non-cognitive ability students (low-high type); and iv) low-
initial cognitive ability and low-initial non-cognitive ability students (low-low
type). The cut-off points for high and low are the median values of the respec-
tive outcome measures at the baseline.15 The parameters of interest are δ for
different initial ability types.

3.1 Impacts on Cognitive and Non-cognitive Abilities

The first four columns in Panel A of Table 2 report the results of estimating the
equation (1), using standardized cognitive outcomes, so that the magnitudes of
the impacts are reported in terms of their standard deviations. As shown, we
find significant improvements in the cognitive outcomes measured by DT score
per min and PTSII-C scores. The magnitude of the impact is sizable: a 2.073
standard deviation in terms of DT scores per min. While this effect size may
seem surprisingly high compared to the effect size of education interventions
elsewhere, it should be noted here that the effect size on DT score per min is
due to a substantial reduction in test completion time measured as DT time
(−2.122 s.d.). However, the effect size of the DT score (0.501 s.d.), that is,
improvement in the raw test score, is consistent with previous findings in the
literature wherein it is found to be effective in improving learning outcomes.
Unlike previous studies that have used test scores to determine cognitive ability,
we use test scores per min (DT score per min), as our intervention is designed
to increase students’ abilities to solve math problems in a time-efficient manner,
an important ability in pursuing more complex materials in higher education.

14Unlike the standard cluster-robust standard errors, which are downward biased, this ap-
proach reduces over-rejection of the null hypothesis through asymptotic refinement without
requiring that all cluster data be balanced and the regression error vector be independent and
identically distributed (i.i.d.).

15We use different cognitive measures to divide the observations. We use the DT score
per min as the measure of cognitive abilities to specify the median when DT score per min,
DT score, and DT time are the outcome variables, while we use PTSII-C when PTSII-C and
non-cognitive abilities are the dependent variables.
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We also employ an alternative measure of cognitive ability, PTSII-C, to es-
timate Equation (1). As can be seen, the estimated effect size using PTSII-C
is a 1.212 standard deviation. In summary, as for the impacts measured by DT
score per min, the time-saving channel appears to be critical, while PTSII-C
captures the impacts on arithmetic skills themselves, in which we find larger
impacts. In contrast, regarding the non-cognitive outcomes reported in the last
two columns in Panel A of Table 2, the homogeneous treatment effect size esti-
mates are insignificant. While several hypotheses are tested simultaneously, the
results are qualitatively the same even when we correct for multiple hypothe-
sis testing, using the Romano–Wolf procedure (Romano and Wolf, 2005).16 In
Panel B of Table 2, we confirm these findings with endline data only.17

The heterogeneous treatment effects are reported in Panels A through D of
Table 3. We find positive and significant coefficients of cognitive outcomes for
all four initial ability types. The magnitudes of DT score per min are larger for
students with high-initial cognitive abilities (high-high type and high-low type),
while they are smallest for the students with low initial abilities in both measures
(low-low type). Regarding non-cognitive outcomes, however, we find suggestive
evidence of the catch-up effect: students with initially low cognitive and non-
cognitive abilities (low-low type) show a positive and significant treatment effect
on the change in non-cognitive scores (RSES Index), while others do not show
significant effects in non-cognitive scores.18

These results support a “building block” story of non-cognitive ability: the
Kumon intervention first improves the non-cognitive ability of those who are
initially lagging in both cognitive and non-cognitive abilities (i.e., catch-up on
non-cognitive ability for low-low type); in turn, it improves the cognitive ability
of those with sufficiently improved non-cognitive ability (i.e., higher impacts on
cognitive ability compared to low-high type to low-low type).

Since students in the treatment schools have studied Kumon materials for
an additional 30 minutes per day, one might argue that the impact estimates we
present here may be attributed to longer session times in schools and not merely
due to the Kumon intervention. We investigate this possibility. By attending
the Kumon session, treatment group students study 50 percent longer in math
class than control group students (who only attend the regular BRAC math
class for one hour). According to column (1) in Panel A of Table 3, 0.839 s.d. is

16We report three types of p-values in Table 2. First, we calculate the p-value (individual
hypothesis testing) by running each regression separately with school-level clustering. Next,
p-value (individual hypothesis testing, wild bootstrap) is calculated by running each regression
separately with school-level clustering using the wild bootstrap. Lastly, the p-value (Romano–
Wolf stepdown p-value) is based on multiple hypothesis testing with school-level clustering.

17As a robustness check, we report the results using the student sample with records of
all test results in baseline and endline. As shown in Table D1 of Appendix D, the impact
estimates are qualitatively the same.

18For the low-low type students, we further examine these heterogenous treatment effects
nonparametrically by comparing the cumulative density functions of the first-differences of
the non-cognitive scores between the treatment and control groups. Based on the asymptotic
p-value of the Kolmogorov–Smirnov test, we reject the null hypothesis that the two distribu-
tions are the same for the RSES measure (Figure E3). We can also see the clear tendency
of stochastic dominance with the CPCS measure, while the null hypothesis cannot be re-
jected (Figure E4). Figures E1 and E2 show the cumulative density functions of the baseline
non-cognitive scores measured by the RSES and CPCS indexes for the treatment and control
groups, respectively. Based on the Kolmogorov–Smirnov test, we cannot reject the null hy-
pothesis of the same distributions; therefore, the baseline is balanced between the treatment
group and the control group.
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Figure 1. Average Learning Curve with Kumon Worksheets

Note: The level of worksheets is converted into an integer.

the improvement in DT per min for the control group by attending the regular
BRAC math class only. If the impact of extending the math learning hours is
linear, 50 percent longer hours of learning math should be equivalent to 1.259 s.d.
(=0.839 s.d.×1.5) worth of impacts measured in DT per min. If we subtract
this longer study-hour effect size (1.259 s.d.) from the treatment coefficient
(2.073 s.d.), we have 0.8145 s.d. This is still a fairly large treatment effect.
19 In fact, as Figure 1 shows, the Kumon learning curve is slightly concave,
indicating that the students’ rate of improvements in math learning outcomes
decreases as the study hours become longer. Based on this observation, the
back-of-the-envelope counterfactual calculation of longer study hours using the
linear assumption might be conservative. Furthermore, we exploit the fact that
some treatment schools conducted Kumon sessions for at least five minutes
longer. Using these time variations in the Kumon sessions, we examine the
impact of the longer study time of Kumon (Table 4). Insignificant coefficients
on the cross-term between the treatment and longer-session dummy suggest that
overall outcomes are not systematically affected by a longer school session. An
additional five minutes did not change the treatment effects, which may be due
to the flattening learning curve (sharply decreasing marginal impact beyond 30
minutes).

19Similarly, if we use the effect size of PTSII-C (1.212 s.d.) and subtract 50 percent longer
study-hour effect size (0.679 s.d.×1.5), we have 0.194 s.d..
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Table 4. Impact of Kumon on Students’ Learning Outcomes: Estimates Con-
trolling for Longer Kumon Sessions

Dependent Variable DT Score per mina DT Score DT Time PTSII-C Scoreb RSES Indexc CPCS Indexc

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

Treatment 2.321*** 0.350 -2.582*** 1.103** -0.031 -0.136
(0.826) (0.246) (0.679) (0.360) (0.224) (0.192)

Treatment × Longer Session -0.716 0.437 1.331 0.311 0.177 0.132
(0.848) (0.344) (0.805) (0.334) (0.290) (0.288)

Constant 0.839*** 0.521*** -0.881*** 0.679*** 0.067 0.148
(0.158) (0.142) (0.227) (0.212) (0.108) (0.112)

Num of Obs. 663 663 663 787 696 696
R-squared 0.176 0.063 0.210 0.199 0.002 0.002

Notes: Asymptotic standard errors are shown in parentheses and are clustered at the school level. The superscripts, ***, **, *,
denote the statistical significance obtained by clustered wild bootstrap-t procedures at the 1 percent, 5 percent, and 10 percent level,
respectively.
a: DT Score per min stands for math Diagnostic Test scores per minute.
b: PTSII-C Score stands for the math proficiency test scores.
c: The Proficiency Test of Self Learning is based on 27 survey questions, of which ten are consistent with the Children’s Perceived
Competence Scale (CPCS Index) and eight with the Rosenberg Self-Esteem Scale (RSES Index). For each of the non-cognitive type
questions, see Appendix B.

3.2 Long-term Impact

To assess the long-term impact of the intervention, we use additional informa-
tion from national examination achievements after 8 months and 20 months of
the intervention for the fourth and third grade students in our sample, respec-
tively. Specifically, we use information about the PSC examination take-up and
dropouts as well as math scores obtained by students in our sample.20 We found
that the PSC take-up rate is not significantly different between treatment and
control school students.21 Importantly, we must address the potential selection
bias when comparing the improvements in cognitive ability using PSC math
scores and our measure of math ability. Indeed, among those who took the PSC
exam, the average initial DT score of the treatment school students is signif-
icantly lower than that of the control school students. However, the average
baseline PTSII-C score is not statistically different between the treatment and
control school students who took the PSC exam.22

To assess the long-term impact, we use the difference in standardized scores
from the PSC math exam and the baseline PTSII-C test as the dependent vari-
able in a difference-in-differences framework that controls for individual fixed
effects. Furthermore, to mitigate potential selection bias arising from the de-

20We collected students’ PSC registration IDs from the BPS branch offices and the teachers
at the schools. Then, we obtained their PSC results from the government websites based
on the IDs. We also collected information from the schools about dropouts from the PSC
(non-takers).

21The primary reason for not taking the primary terminal examination was family reloca-
tion (79 percent), while other reasons included dropouts due to labor market participation
(8.5 percent), school change (7.3 percent), early marriage (1.5 percent), sickness (0.75 per-
cent), death (0.24 percent), and stopping education due to other reasons (2.7 percent). The
registration process for this national examination (usually held at the end of November each
year) begins much earlier in the year and closes in September (Nath, 2015). This means that
when a child’s family relocates from the area during this period, it is highly likely that they
will fail to register a child for the examination at another BPS. However, we could not track
the students’ families to gather more information on this or about dropouts.

22The mean DT score of PSC takers from the treatment schools is -0.021, while that of
control school is 0.266, which is significantly different by 0.287 (p-value: 0.088) at 10 percent
significance level. Similarly, the mean of PTS-C scores among PSC takes at the treatment
schools is -0.105, while that of the control schools is 0.334, which is not statistically significantly
different, but the difference is 0.439 (p-value: 0.110) at the 1 percent significance level.
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cision of taking the PSC examination, we employ propensity score matching
(PSM), whereby we match the sample based on pre-treatment student char-
acteristics (i.e., student age, age squared, and gender). As shown in Table 5,
the results suggest that students from the treatment schools received 0.25 s.d.
higher scores than those from control schools (Table 5).23 Overall, we find a
modest long-term impact of the intervention on cognitive ability.

Table 5. Long-term Impact of Kumon on Students’ Learning Outcomes

Dependent Variable First Difference of PSC Math Score and Baseline PTSII-C Score

PSM regression IPW regression

ATT estimates ATE estimates ATT estimates ATE estimates
(1) (2) (3) (4)

Treatment 0.248** 0.247** 0.258** 0.249**
(0.124) (0.120) (0.121) (0.118)

Constant -0.266*** -0.238***
(0.093) (0.089)

Num of Obs. 443 443 443 443

Notes: Asymptotic standard errors are shown in parentheses and are clustered at the school
level. The superscripts, ***, **, *, denote the statistical significance obtained by clustered wild
bootstrap-t procedures at the 1 percent, 5 percent, and 10 percent level, respectively.

3.3 Teacher Assessment Ability

In addition to student outcomes, we examine the impact of the intervention on
teachers’ abilities to assess their students’ performance. We hypothesize that
teachers may be able to improve their own understanding and assessment of
student’ abilities, as the intervention will allow them to gain more information
about students’ abilities from the daily progress records. Using the absolute
distance between teachers’ assessment scores and students’ test scores (for each
student) as a dependent variable, we conduct the DID analysis. As shown
in Table 6, we find a significant improvement in teachers’ abilities to assess
students’ performance in both DT and PTSII-C scores (i.e., a negative sign
indicates that the assessment scale is closer to the actual test score scale).

These positive impacts on BPS teachers are unintended but unsurprising,
given the nature of the intervention. The BPS teachers interact with the pro-
gram to the extent that they ensure that students comply with the intervention
(i.e., study at the right level). By observing the study behavior and daily
progress, the teachers can obtain a precise idea of each student’s ability. While
this may suggest that teachers could have modified their teaching in program
schools, we find no significant difference in teaching hours or home workloads
between treatment and control schools. We agree that better information about
students’ progress gives teachers in treatment schools the ability to more accu-
rately assess students’ abilities. The Kumon learning approach has good po-
tential for reducing teachers’ stereotyping of students by providing them with
better information about their students.

23The PSC grading scale is shown in the following link: 〈 http://www.educationboard.
gov.bd/computer/grading_system.php 〉
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Table 6. Association between Teachers’ Assessment and Student Performance

Dependent Variable Absolute Difference between Teachers’
Perception and Student’ Scores

DT Scorea PTSII-C Scoreb

(1) (2)

Treatment × endline -0.919*** -0.350**
(0.265) (0.132)

Treatment -0.045 -0.219
(0.294) (0.142)

Endline -0.248 0.148*
(0.192) (0.077)

Constantc 2.346*** 1.535***
(0.241) (0.110)

Num of Obs. 990 1416
R-squared 0.101 0.047

Notes: The dependent variable is the absolute difference be-
tween teachers’ subjective evaluation and students’ objective per-
formance. Asymptotic standard errors are shown in parentheses
and are clustered at the school level. The superscripts, ***, **,
*, denote the statistical significance obtained by clustered wild
bootstrap-t procedures at the 1 percent, 5 percent, and 10 per-
cent level, respectively.
a: DT Score per min stands for math Diagnostic Test scores per
minute.
b: PTSII-C Score stands for the math proficiency test scores.
c: The significance level of the coefficients is based on the stan-
dard p-value.

4 Comparing Benefits and Costs

Following Duflo (2001) and Heckman et al. (2010), we calculate the benefit-cost
ratio (B-C ratio) and the internal rate of return (IRR). Regarding benefits, we
use our long-term impact estimate on math PSC scores (Table 5) and estimated
wage returns to numeracy skills from Nordman, Sarr and Sharma (2015) that
use the matched employer-employee data. The benefit per student is calculated
as a product of the impact of Kumon on math ability (s.d.), wage returns on
numeracy skills (s.d.), and average annual earnings.24 We assume that the
benefit will last from 1 year to 44 years, considering working age as 16 to 59
and an annual discount rate of five percent, following Duflo (2001). The dead-
weight loss factor is unused because this program did not involve tax spending
or revenue.

As the minimum cost, we consider worksheet printing costs based on the
number of worksheets actually used, transportation costs, the cost of purchas-
ing clocks, salary for personnel, and training costs. For the maximum cost
calculation, we add 50 percent higher worksheet printing costs if some students
completed a higher level, regardless of use. According to the project budget
record, the minimum (maximum) cost per student is 8,786 (9,619) Bangladesh

24The first estimate is taken from our results on the PSC exam, and we use the most con-
servative number (PSM-ATE estimates), 0.247, in Table 5. The wage returns to numeracy
skills, 0.037, are taken from Table 3, column 8 of Nordman, Sarr and Sharma (2015). The
average annual earnings are calculated based on the average hourly wage in Table 2 of Nord-
man, Sarr and Sharma (2015) (50.91), multiplied by 40 hours per week and 52 weeks. Then,
we calculate the life cycle profile of earnings based on the estimates of the returns to tenure
and tenure-squared in Nordman, Sarr and Sharma (2015)’s regression (0.037 and -0.00067).
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Taka or 113 (124) USD for eight months.
Under the minimum (maximum) cost assumption, the benefit-cost ratio ex-

ceeds one when the benefits last for more than fifteen (more than eighteen) years,
as shown in Figure F1 (Figure F2) in Appendix F. It should be noted, however,
that the wage returns to numeracy skills are estimated based on full-time formal
sector jobs, which is a growing sector but not necessarily a representative type
of employment in Bangladesh. IRR is calculated so that the present values of
benefit and cost equalize over a specified time horizon, varying from 1 year to 44
years. The IRR becomes positive when workers continue working with benefits
for more than nine (ten) years with the minimum (maximum) cost (Figures F1
and F2).

5 Conclusions

In this study, we have investigated the effectiveness of a novel individualized self-
learning method in overcoming the issue of low-quality teaching and learning
in a developing country by supplementing the regular curriculum. Specifically,
we have implemented a field experiment to test the effectiveness of the Kumon
mathematics learning program in improving primary school students’ cognitive
and non-cognitive abilities in Bangladesh. As an effective program to strengthen
cognitive and non-cognitive learning outcomes, Kumon is based on a just-right
level of study that provides students with a suitable amount of mental stimulus
to enhance their academic and self-learning abilities.

After eight months of the intervention, we find significant and robust im-
provements in students’ cognitive abilities measured by two mathematics tests.
The magnitude of the effect size range from 0.501 to 1.212. These impacts
on cognitive ability are consistent with some highly effective existing interven-
tions, such as the 0.75 standard deviation impact of the supplementary remedial
teaching provided by Indian NGOs to pupils in public primary schools (Laksh-
minarayana et al., 2013). Regarding non-cognitive abilities, we find catch-up
effects among pupils with initially low non-cognitive and cognitive abilities.
Furthermore, we have demonstrated the long-term impact of the intervention as
compared with students’ achievements on the national-level examination taken
eight and twenty months after the intervention. Lastly, we have found some
positive impacts on BPS teachers’ capacity to assess student performance. This
latter finding implies that BPS teachers may have benefited from the Kumon
intervention by gaining more objective information about students’ skill levels.

Our study contributes to the existing literature on TaRL and self-learning
at the right level by showing the effectiveness of a paper-and-pencil-based self-
learning program, which is not constrained by inadequate ICT access, a bar-
rier that is often encountered in developing countries. Our findings may be
generalizable in similar socioeconomic environments given that Kumon has al-
ready been market-tested and extended globally. We believe Kumon could be a
cost-effective complementary intervention to existing lecture-style primary ed-
ucation. Given its focus, the current paper does not detail the mechanisms
behind the impact of the Kumon method. Uncovering these mechanisms would
be an important task for future research. In a companion paper, for example,
we investigate the peer effects on classroom learning among treatment students
(Kawarazaki et al., 2020).
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Online Appendix

A Kumon Method Worksheet Examples

In the Kumon method, the self-learning process is enforced by examples and
hints (the first few questions with gray lines). Furthermore, students only need
to learn new math concepts and calculation steps in very small increments on
each worksheet, which helps them learn autonomously. For example, the first
worksheet (3A1a) allows students to learn the order of numbers (up to 100).
Once students have mastered these worksheets without errors within a targeted
time frame, they begin to learn the concept of addition (note: completion within
a targeted time is a proxy for permitting students to advance to the next work-
sheet). The second worksheet (3A71a) introduces students to the concept of
“adding 1,” using just an arrow. This concept follows from the number order
list that students have already mastered before reaching this level. Finally, in
the third worksheet (3A74a), students learn the concept of adding one using the
summation sign (i.e., “+ 1”).

The final worksheet (D81a) shows division by two-digit numbers. Even with
more complicated arithmetic, the examples and hints as well as the preceding
worksheets make it possible for students to self-learn calculation skills and some
of the math concepts behind them. Please note that these worksheets comprise
the English versions thereof. In the case of the BRAC primary school trail, all
materials were translated into Bengali, the local language that BRAC primary
school students regularly use in class.
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B Non-cognitive Ability Survey Questions

Table B1. PTS II survey questions for measuring non-cognitive abilities

Number Question in English RSES CPCS
1 I did well on this test.
2 I can do most things better than other people. x x
3 There are many things about myself I can be proud of. x x
4 I feel that I cannot do anything well no matter what I do. x x
5 I believe I can be someone great. x
6 I don’t think I am a helpful person. x x
7 I can confidently express my opinion. x
8 I don’t think I have that many good qualities. x x
9 I am always worried that I might fail. x x

10 I am confident in myself. x x
11 I am satisfied with myself. x x

12
Even if I fail, I think I can get better and better at things
if I keep trying.

13 I like to do calculations.
14 I can calculate in my head when I go shopping.
15 I think speed is important when solving problems.

16
While studying, I believe everything will go well if I
correctly follow the instructions.

17 I am more motivated when people praise me.
18 I always volunteer in class.
19 I enjoy studying.
20 School is fun.
21 I do things better when I have a goal.
22 There are many things I want to learn more about.

23
a. I have a role model around me.
b. There is someone who I want to be like.

24
I always have someone who I can go to for advice
when I am having trouble with my studies.

25
a. There is someone who I do not want to lose against.
b. There is someone who I am always competing with.

26 I always try to do something when things don’t go as expected.

27
It doesn’t matter whether I fail in the beginning because
I believe that things will eventually work out.

Note: Among the 27 questions, 8 of the 10 full questions of the Rosen-
berg Self-Esteem Scale (RSES) (Rosenberg, 1965), and 10 full questions of the
Children’s Perceived Competence Scale (CPCS) (Sakurai and Matsui, 1992;
Harter, 1979) are used. The rest are more specific to the original Kumon
method of learning with four Bangladesh-specific questions (questions 24–27).
The Japanese version of the original Kumon survey questions was based on
Sakurai and Matsui (1992).
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C Sample Attrition

Table C1. Attrition Analysis

Panel A: Sample Attrition

Dependent Variable Attrition Status across Outcome Measures

DT Score PTSII-C Scoreb RSES/CPCS Indexc

(1) (2) (3)

Treatment 0.060 0.096* 0.087
(0.066) (0.050) (0.054)

Constant 0.169*** 0.081** 0.095**
(0.052) (0.032) (0.037)

Num of Obs. 825 905 812
R-squared 0.006 0.020 0.015

Panel B: Attrition Only Sample

Dependent Variable Baseline PTSII-C Score

Treatment -0.178
(0.209)

Constant -0.132
(0.182)

Num of Obs. 118
R-squared 0.013

Notes: Asymptotic standard errors are shown in parentheses and are clustered at the school level.
The superscripts, ***, **, *, denote the statistical significance obtained by clustered wild bootstrap-t
procedures at the 1 percent, 5 percent, and 10 percent level, respectively.
a: DT Score per min stands for math Diagnostic Test scores per minute.
b: PTSII-C Score stands for the math proficiency test scores.
c: The Proficiency Test of Self Learning is based on 27 survey questions, of which ten are consistent with
the Children’s Perceived Competence Scale (CPCS Index) and eight with the Rosenberg Self-Esteem
Scale (RSES Index). For each of the non-cognitive type questions, see Appendix B.
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D Robustness Analysis

Table D1. Impact of Kumon on Students’ Learning Outcomes: Robustness
Analysis

Dependent Variable DT Score per mina DT Score DT Time PTSII-C Scoreb RSES Index CPCS Index
(1) (2) (3) (4) (5) (6)

Panel A: Fisrt Difference

Treatment 2.652*** 0.629** -2.779*** 1.423*** -0.086 -0.154
(0.708) (0.251) (0.616) (0.379) (0.195) (0.189)

Constant 0.818 0.550 -0.703 0.459 0.106 0.180
(0.183) (0.157) (0.220) (0.205) (0.113) (0.117)

Num of Obs. 509 509 509 509 509 509
R-squared 0.239 0.078 0.288 0.241 0.001 0.003

p-value (individual hypothesis testing) 0.001 0.019 0.000 0.001 0.661 0.422
p-value (individual hypothesis testing, wildbootstrap) 0.000 0.034 0.002 0.002 0.661 0.438
p-value (Romano-Wolf stepdown p-values) 0.000 0.000 0.000 0.000 0.446 0.257

Panel B: Endline Estimate

Treatment 2.467*** 0.396** -2.844*** 1.111*** 0.065 0.137
(0.692) (0.133) (0.639) (0.257) (0.184) (0.181)

Constant 0.894 0.722 -0.572 0.766 0.025 -0.006
(0.155) (0.094) (0.233) (0.115) (0.101) (0.092)

Num of Obs. 509 509 509 509 509 509
R-squared 0.216 0.072 0.302 0.216 0.001 0.004

p-value (individual hypothesis testing) 0.002 0.006 0.000 0.000 0.726 0.457
p-value (individual hypothesis testing, wildbootstrap) 0.000 0.012 0.002 0.002 0.765 0.607
p-value (Romano-Wolf stepdown p-values) 0.000 0.000 0.000 0.000 0.475 0.168

Notes: The sample includes students with all test results from both baseline and endline and those without suspicion of cheating. Asymptotic standard
errors are shown in parentheses and are clustered at the school level. The superscripts, ***, **, *, denote the statistical significance obtained by clustered
wild bootstrap-t procedures at the 1 percent, 5 percent, and 10 percent level, respectively.
a: DT Score per min stands for math Diagnostic Test scores per minute.
b: PTSII-C Score stands for the math proficiency test scores.
c: The Proficiency Test of Self Learning is based on 27 survey questions, of which ten are consistent with the Children’s Perceived Competence Scale (CPCS
Index) and eight with the Rosenberg Self-Esteem Scale (RSES Index). For each of the non-cognitive type questions, see Appendix B.
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E Graphical Evidence of the Effects on Non-
cognitive Ability for Children with Initially
Low Cognitive and Non-Cognitive Abilities

Figure E1. Cumulative Density Functions of Baseline RSES for Students with
Initially Low Cognitive and Non-cognitive Skills

Figure E2. Cumulative Density Functions of Baseline CPCS for Students with
Initially Low Cognitive and Non-cognitive Skills
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Figure E3. Cumulative Density Functions of the First Difference in RSES for
Students with Initially Low Cognitive and Non-cognitive Skills

Figure E4. Cumulative Density Functions of the First Difference in CPCS for
Students with Initially Low Cognitive and Non-cognitive Skills
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F Graphical Evidence of Benefit-Cost Analysis

Figure F1. Benefit-Cost (B-C) Ratio and Internal Rate of Return (IRR) with
Minimum Cost

Notes: The blue solid line indicates the internal rate of return (IRR) and the red
long-dashed line indicates the benefit-cost ratio(BC). The blue dashed line indicates
IRR = 0 and year = 9, while the red dotted line shows BC = 1 and year = 12.4.

Figure F2. Benefit-Cost (B-C) Ratio and Internal Rate of Return (IRR) with
Maximum Cost

Notes: The blue solid line indicates the internal rate of return (IRR) and the red
long-dashed line indicates the benefit-cost ratio(BC). The blue dashed line indicates
year = 10 and IRR = 0, while the red dotted line shows BC = 1 and year = 14.
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