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Abstract

Educational inequality is one of the most prevalent problems faced by developing countries.
The group that faces the biggest gap in terms of access to education is adolescents aged
16-18 years. This paper analyses a sample of 16-18 year olds to investigate the impact of the
Indonesian’s Conditional Cash Transfer, Bantuan Siswa Miskin (BSM), on recipients and
their non-recipient siblings. The findings suggest that the BSM increases the schooling of the
recipients. However, there is no significant impact on the non-recipient siblings’ schooling.
Further, the program succeeds in significantly reducing the incidence of child labour for
recipient and non-recipient girls, with no such impact evident for boys.

Keywords: Child schooling; Child working; Conditional cash transfer; Bantuan Siswa
Miskin; Indonesia; Coarsened exact matching
JEL Codes: J82 · I21 · I38

1. Introduction

Child labour and inequality in educational opportunities remain chronic problems in

many developing countries where poverty is prevalent. While education has been recog-

nised as one sector of human capital that must be improved to break the chain of poverty

in households, poverty itself curtails individual’s ability to achieve higher education lev-

∗Corresponding author : Amriza N. Wardani, amrizanitra@gmail.com, Badan Pendidikan dan Pelatihan
Keuangan, Kementerian Keuangan, Jalan Purnawarman No 99, Kebayoran Baru, Jakarta Selatan, Indone-
sia. Telp: 021-29054300 . Fax: 021-7244912.
†Nadezhda V. Baryshnikova, nadezhda.baryshnikova@adelaide.edu.au, School of Economics, University of
Adelaide, 10 Pulteney Street, South Australia 5005, Australia, Tel +61 8 8313 4821, Fax +61 8 8223 1460.

1



els (Pohan et al., 2013). Further, poor and out-of-school children are more likely to work

in order to help their parents finance basic household needs. These children are exposed

to dangers in the working environment such as physical or sexual abuse, harmful chem-

ical exposure, and long hours of work (Bima and Marlina, 2017). Such problems are

most severe for the children in the high school age cohort (16-18 years of age) as higher

education level is usually associated with higher costs (Suharyo and Widyanti, 2006).

The major cause of difficulty for the poor in accessing education is financial con-

straints. Bank (2012) found that poor families spend approximately 20 percent of their

total expenditure for out of pocket costs, including uniforms and transportation. Fur-

thermore, for the poor, the opportunity cost of attending school is significant: they would

forego potential income if they were to attend school instead of working. Therefore, the

cost of education for the poor is doubly expensive. Thus, Conditional Cash Transfer

(CCT) programs have been proposed as a means to improve school participation and

reduce the prevalence of child labour.

In this paper we study the effect of the Indonesian national CCT program, Bantuan

Siswa Miskin (BSM), on the school enrollment and labour force participation of chil-

dren aged 16-18 years, the cohort that is most likely to be out-of-school. Specifically,

using longitudinal data from Indonesian Family Life Survey (IFLS), we employ the

Difference-in-Differences (DiD) estimator on a pre-matched sample to answer the fol-

lowing questions: (1) Does BSM affect the schooling and working of recipient children?

(2) Does program participation affect the schooling and labour choices of non-recipient

siblings? As BSM is a natural experiment, the program participation assignment is

non-random. To address the problems of selection bias, we pre-process the sample using

Coarsened Exact Matching (CEM) methodology by Iacus et al. (2012).

Indonesia provides a unique case with its educational CCT program, Bantuan Siswa

Miskin (BSM). Unlike most CCT programs in other countries, which are implemented

only in a subset of areas usually chosen based on some poverty indicators, the BSM is

implemented nationally in all districts and cities of Indonesia. Further, the BSM has a

wide range of targeted school levels, from elementary to senior secondary school, while,

most programs in other countries have less coverage. For example, in the Nicaragua
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RPS and Honduras PRAF, eligible children are younger children, who are initially

more likely to enrol in school (Galiani and McEwan, 2013; Maluccio and Flores, 2005).

Some programs target older cohorts that are less likely to attend school, such as Cam-

bodia Education Sector Support Project Scholarship Program (CSP) and Colombian

Conditional Subsidies for School Attendance. These two programs target children who

had completed fifth and sixth grade respectively (Barrera-Osorio et al., 2011; Ferreira

et al., 2017). However, the scope of these programs is limited. The CSP Program is only

implemented in 100 schools, which are located in areas with a high poverty rate, out

of about 800 middle schools operated in Cambodia. Meanwhile, the Colombian exper-

iment analysed by Barrera-Osorio et al. (2011) only ran in two out of twelve localities

in Bogota, Colombia.

This paper differs from the existing literature related to the impacts of CCTs on

child’s schooling and working in the following ways. First, we focus on the cohort that

is most unlikely to attend school and most likely to participate in labour force: the cohort

of 16-18 year olds, normally in senior secondary school level. Most existing papers study

the effect of CCTs on younger children’s enrollment, usually in primary or middle school

(Behrman et al. (2005); Cardoso and De Souza (2009); Ferro et al. (2010); Galiani and

McEwan (2013); Maluccio and Flores (2005)). One randomized control study in Mexico

by Schultz (2004) looks at the effect of Progresa on children’s schooling for those aged

6-18 years old. However, Progresa was only available to children in third to ninth grade

and implemented only in two-thirds (314 out of 495) of the localities.

Second, this study also investigates the impact of BSM on senior secondary school

children who did not receive the subsidy while their siblings did. This topic has not been

fully explored in the literature. The findings of studies regarding children of younger age

that do look at CCT spillover effects on siblings remain ambiguous. In an intention-to-

treat framework, Lincove and Parker (2015) find that, besides providing a positive effect

for eligible children of 7-13 years of age, Nicaraguan Red de Proteccion Social (RPS)

also benefited ineligible older brothers, increasing schooling and leading to fewer hours

worked. By contrast, Ferreira et al. (2017) show that the CCT in one area of Cambodia

(CESSP scholarship program) has no effect on the untreated children’s participation in
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schooling and working. Meanwhile, the Colombia experiment by Barrera-Osorio et al.

(2011) shows that CCTs might exhibit negative effects on the non-treated siblings.

Third, the IFLS dataset enables us to avoid bias from the effect of other scholarships

received by the BSM recipients. To do this, we control for whether the children receive

school benefits from any other source, as there is no requirement that BSM recipients

must not receive any other school subsidies.

In terms of methodology, our paper differs from the literature by addressing the non-

random assignment with a pre-processing technique. Commonly, studies using data from

a non-randomized experiment employ the Propensity Score Matching (PSM) approach

to match observations with a similar covariates’ distribution (Stuart, 2010). However,

the PSM approach does not guarantee to reduce the imbalance between the treatment

and control groups (Iacus et al., 2012). To address this problem, we use Coarsened Ex-

act Matching (CEM) by Iacus et al. (2012). CEM is used to mimic ideal exact matching

to match a non-treated unit that has exactly similar covariate values with a treated

unit, by coarsening the covariates. Further, unlike other similar studies that usually use

univariate Probit or Logit models, we apply a bivariate Probit model as in Baryshnikova

and Jayawardana (2019). Since both decisions, going to school and working, have time

as a constraint, there might be a correlation between the unobserved factors affecting

both variables. Thus, the bivariate Probit model is used to obtain an unbiased estimator

of the BSM effect on the decision of children to go to school or/and to work. Lastly, as

we do not know the exact assignment rules for BSM, there exists some model uncer-

tainty. We employ Bayesian Model Averaging (BMA) as a robustness check. The BMA

approach addresses this problem by calculating a posterior distribution over coefficients

and models (Montgomery and Nyhan, 2010).

The results reveal that receiving BSM is associated with a rise in the probability of

schooling for both boys and girls, aged 16-18 years, with treated girls benefiting more

than treated boys. Besides increasing schooling enrollment, the BSM also negatively af-

fects the likelihood of girls going into work, though there is no such impact for boys. As

a result, the rise in the probability of schooling for girls (21.6 percentage points) is sub-

stantially larger than that for boys (11 percentage points). Regarding untreated siblings,
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the estimation results show that the presence of treated siblings produces improvement

only in the labour outcomes of untreated girls aged 16-18 years. If a non-treated girl

has a treated sibling in the household, the probability of the girl going into work de-

creases by 8.4 percentage points. In contrast, there is no such impact for untreated boys.

Further, there is no evidence to support the notion that the BSM benefit received by

treated siblings imposes effects on the schooling of untreated siblings, for either boys or

girls.

The rest of this study is organised as follows. Section 2 provides background on

the educational CCT programs, children’s schooling and working in Indonesia, and the

Indonesian BSM program. Section 3 discusses the data, sample, and variables used for

the analysis, followed by the methodology in Section 4. Section 5 presents the main

results and robustness checks. Finally, Section 6 provides a summary and conclusion for

the study.

2. Background

2.1. Impacts of Educational CCT Programs

In developing countries, Conditional Cash Transfer (CCT) has become a widespread ap-

proach to alleviating severe poverty and its negative impact on child schooling and work-

ing (de Hoop and Rosati, 2014). The growing literature linking educational CCT pro-

grams with improving child schooling and working outcomes has consistently found that

educational CCT programs across developing countries succeed in improving schooling

outcomes. These programs have increased attendance rates, enrolment rates, and con-

tinuation rates, while decreasing dropout rates and repetition rates (Attanasio et al.,

2010; Behrman et al., 2005; Cardoso and De Souza, 2009; Glewwe and Olinto, 2004;

Maluccio and Flores, 2005; Schultz, 2004; Skoufias and Parker, 2001). However, to date

there has been no study specifically examining the impact of the Indonesian educational

CCT program, Bantuan Siswa Miskin (BSM) on school attendance or enrolment rates.

Though there exist several studies regarding the BSM, these mainly discuss the impact

on school achievements through examination scores (Purba, 2018; Yulianti, 2015).
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Although CCT programs are often not specifically designed to solve the child labour

issue, it is expected that increases in schooling lead to a decrease in working. Many

scholars have found that CCT programs in developing countries have lowered the par-

ticipation of the treated children in the labour force, measured either by the probability

of engaging in work or by the number of hours the child spent in work (Attanasio et al.,

2010; Behrman et al., 2005; Cardoso and De Souza, 2009; Ferro et al., 2010; Galiani

and McEwan, 2013; Maluccio and Flores, 2005; Skoufias and Parker, 2001). However,

there is also evidence from Honduras’ CCT program (PRAF II) that the subsidy only

reduced the child labour incidence by 0.5 percent, and so is insignificant (Glewwe and

Olinto, 2004). Considering literature relating to the Indonesia, De Silva and Sumarto

(2015) showed that educational cash transfers and assistance programs have signifi-

cantly reduced the number of hours spent on income-generating activities by children

in Indonesia. However, that study examines all Indonesian cash transfers and assistance

programs as a whole, instead of focusing specifically on the BSM.

While the effects of the program on the treated children’s wellbeing have been well

explored, the potential impacts of CCT on siblings remain undetermined. Studies in-

vestigating this topic for younger children have produced mixed results. Lincove and

Parker (2015), using the data from the Nicaraguan Red de Proteccion Social (RPS) pro-

gram, found that, besides providing a positive effect for eligible children of 7-13 years of

age, the RPS also benefited ineligible older brothers, increasing schooling and leading

to fewer hours worked. By contrast, an experiment in Colombia conducted by Barrera-

Osorio et al. (2011) revealed that the CCT program might impose a negative effect on

the schooling of non-recipient children whose sibling received the program benefit. The

experiment found that the educational participation rate of untreated children whose

sibling was treated by the program tended to be lower, compared to that of untreated

children whose siblings were also not treated. Meanwhile, evidence from Cambodia sug-

gested that untreated children’s participation in schooling and working was unaffected

by that country’s CESSP Scholarship Program (Ferreira et al., 2017).

There are three potential effects of CCT on families as presented in the theoretical

model by Ferreira et al. (2017). Firstly, the conditionality of the CCT could decrease
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schooling costs only for the eligible children, which is called a substitution effect. Sec-

ondly, the transfer could impose an income effect that positively affects all siblings.

Thirdly, there is the possibility that, in order to send their eligible children to school,

parents may substitute the labour of the eligible children for the ineligible children.

This displacement effect would favour the eligible children, but negatively affect the

ineligible siblings who are forced into substituting the labour. Summarising these three

effects, the CCT is expected to positively affect the eligible children, but have ambigu-

ous effects for ineligible siblings. The ultimate effect on ineligible siblings depends on

the magnitude of the income and displacement effects. With this in mind, this study

aims to contribute to the topic of the effect of CCT programs on untreated siblings.

2.2. Child Schooling and Working in Indonesia

Indonesia is a country with a large youth population. More than one-third of Indonesia’s

population, approximately 85 million individuals, are children, and these children have

a crucial role in the country’s sustainable growth and development. However, children

in Indonesia face many challenges. UNICEF (n.d.a) has reported that many Indonesian

children suffer from poverty and inequity, hunger and disease, violence, and climate

change, and these problems have inevitable adverse impacts on children’s wellbeing,

including on their education.

In order to improve education throughout Indonesia, since 1994 the government has

launched multiple programs to develop the compulsory 9-year basic education system.

Accordingly, access to primary and junior secondary schooling has rapidly increased,

with the net enrolment rate for primary school reaching 97.58 percent by 2018. This

achievement is beyond even the target of the government’s Medium-Term Development

Plan (RPJMN ) 2019, which is 94.8 percent. However, the same success has not been

repeated for the senior secondary level. According to BPS (2018), over the same period,

less than 61 percent of children aged 16-18 years are enrolled in senior high school.

There is a significant gap in enrolments between children living in urban and rural

areas, with an enrolment rate of 64.65 percent and 55.93 percent, respectively. This

rate is even worse for the 20 percent of poorest households, in which the net senior
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secondary enrolment rate only reached 47.53 percent. Therefore, in 2010 the Indonesian

government initiated a 12-year compulsory education program to replace the previous

9-year compulsory education system (Priyono and Febriany, 2013). This initiative aims

to provide education equality for youth aged 16 to 18 years.

The high number of children out of school is inevitably associated with other prob-

lems, including the high incidence of child labour. According to the 2016 National

Social-Economic Survey (Susenas), more than 4.5 million school-aged children are out

of school. Around 1 million children are out of primary and junior secondary school, and

another 3.6 million children are out of senior secondary schooling. From those numbers

of out-of-school children, approximately half are involved in the labour force. These

working children are exposed to at least 14 serious hazards, ranging from working with

dangerous objects to being engaged in unhealthy environments (UNICEF, n.d.b).

Moreover, there is also a group of children who attend school while also participating

in some form of work. In 2018, about 7 of 100 students aged between 10-24 years old

had performed work during the previous week. From a sample of children aged 16-18

years old, 8.58 percent who were enrolled in senior secondary school also participated

in working activities (BPS, 2018). There was no significant gap between urban and

rural areas. Meanwhile, in regards to gender, the percentage of working students was

higher for boys (7.93 percent) than girls (6.06 percent). By school level, the incidence of

working students was relatively high for senior secondary school students, at around 8.58

percent. Though these students still do manage to attend school, their time for education

is limited as they are also forced to split it between working hours. Consequently, they

have less time to study and do homework outside of school hours, and so their school

performance tends to be lower compared to those who do not work (Priyambada et al.,

2005). Given the low school enrolment rate and high participation in the labour force

of children 16-18 years in Indonesia, we focus on examining this group of children.

2.3. The Indonesian BSM Program

Recognising the importance of education and the financial difficulties of the poor, gov-

ernments in developing countries, including Indonesia, have over the last decade devel-
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oped numerous programs to increase the ability of the poor to access education. The

1997-1998 financial crisis was a starting point for the Indonesian government to allocate

more funds to finance the education sector (Kharisma, 2013). Various subsidy programs

were launched to fund the 9-year (and later 12-year) education program, to ensure

all children, including those from poor families, are able to access basic education, as

mandated by Education Law Number 20. The Indonesian government effort started

with reducing school fees by providing a grant for primary school and junior secondary

school through the Bantuan Operasional Sekolah (BOS) program. However, this pro-

gram could not cover out-of-pocket education costs, which represent a significant cost

for the poor. Accordingly, the Indonesia government subsequently launched the Ban-

tuan Siswa Miskin (BSM) program, a conditional cash transfer for poor students, which

assists them in financing education support costs.

The BSM was created for enrolled students from poor households at all school levels,

from primary school to senior high school. While the transfer for secular school students

is managed by the Kementerian Pendidikan dan Kebudayaan (Ministry of Education

and Culture - MoEC), the transfer for students at religious schools is managed by the

Kementerian Agama (Ministry of Religious Affairs- MoRA). According to Bank (2012),

in its first year, 2008, the BSM was distributed to about 3 million students overall. This

number increased in 2010 to almost 6 million beneficiary students. The increase was

even larger after targeting improvements in 2011. In 2012, in total, about 7.7 million

students received the transfer, and this figure continued to increase to approximately

11.2 million in 2014 (Larasati and Howel, 2014).

As the BSM is aimed at children from poor and vulnerable households, the program’s

target identification system has a vital role in its effectiveness. It has been reported,

however, that the BSM has crucial issues with targeting that have led to both exclusion

and inclusion errors (Bank, 2012). In the beginning years of the BSM, recipient nomina-

tion was performed by schools and school committees. As a result, the children who had

a close relationship to the school head or committee were likely to receive the benefit,

even if they did not come from a poor family. Moreover, there was no mechanism by

which households could register their children as potential recipients.
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Given those facts, in 2011, household characteristics data were integrated from various

sources into a unified database (BDT). All social safety net programs in Indonesia, in-

cluding the BSM, could then use this database to determine targeted families (TNP2K,

n.d.). As a result, the coverage of poor children improved from only 3-4 percent of

the poorest households in 2009 to 42 percent in 2013, and then to 60 percent in 2014

(Larasati and Howel, 2014). However, this percentage implies that an exclusion error

still exists, caused by deficiencies in the implementation of the new mechanism, such

as incomplete information for school-aged children, the long chain that exists in data

compilation from schools to their related Ministry, and the late distribution of the BSM

card.

Besides these targeting problems, existing studies have also raised concern over the

amount and delivery timing of the BSM benefit (Abbas et al., 2014; Larasati and Howel,

2014; Bank, 2012). It has been reported that the amount of BSM subsidy only covers

about one-third of out-of-pocket education costs. This problem could increase incentives

for poor parents to still send their children to the labour force, even despite receiving

the subsidy. Further, delivery of the benefit not being at the beginning of the school

year, which is when the fund is most needed, could also hamper the efficiency of the

program. Regarding these issues, it is important to examine whether the BSM program

actually is functioning to significantly increase school participation and simultaneously

reduce the incidence of child working.

3. Data

This paper employs data from the Indonesia Family Life Survey (IFLS). The IFLS

is a longitudinal survey in Indonesia that has been conducted for five waves: IFLS1

(1993), IFLS2 and IFLS2+(1997/1998), IFLS3 (2000), IFLS4 (2007), and IFLS5 (2014).

The advantage of using this data is that it has a complete section on education and

employment history for individuals aged 15 years and above, including information on

whether or not the individual received benefits from the BSM program. At the same

time, it also provides information at the household and community levels. This extensive
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information enables us to relate a child to their parents and community allowing us to

control for the socioeconomic background of individuals.

As this study aims to examine the impact of the BSM program that commenced

in 2008, we use waves IFLS4 and IFLS5. The IFLS4 (2007) provides information from

the pre-treatment period, whereas the IFLS5 (2014) covers the post-treatment period.

The sample used in this analysis is restricted to children aged 16 to 18 years old, as we

focus on the effects of the BSM for children who would normally be enrolled in senior

secondary school.

We construct two binary variables for our two main outcomes, schooling and working.

The variable attendschool takes on a value of 1 if the child is currently attending school,

while the variable working takes on a value of 1 if the child worked during the past week.

The term ’working’ here refers to the definition used by (de Hoop and Rosati, 2014),

meaning work in economic activities. In other words, an individual is considered to be

working if he/she participates in the production of goods or services, either by working

for pay or by contributing to a family business without pay. Thus, doing household

chores is not included in the definition of working.

In order to understand the effect of the BSM on the beneficiary children, we use a

treatment variable, denoted by BSMind, which is a dummy variable that is equal to 1

if the child received the BSM benefit during the previous school year. Additionally, to

study the spillover effect on the non-receipient siblings, we use the treatment variable

BSMsib, which is equal to 1 if the child has any siblings who received the BSM benefit

during the previous year. For the latter purpose, the sub-sample analysed only consists

of children who are not exposed to the BSM program themselves.

Furthermore, to control for the socioeconomic background of children, we construct

variables that are extensively used in the previous literature. For child characteristics,

we include the child’s age, gender, and whether they receive any school assistance be-

sides BSM. We also include household demographic characteristics, such as living area

(urban), asset ownership, and the number of school-aged children living in the house-

hold. Due to poor income data, we use the share of food expenditure as a proxy for

household income. We assume that the bigger the share of food expenditure, the poorer
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the household, as most of the income in the household is spent on food, instead of on

investing in human capital. Ownership of transfer cards and letters of poor status, both

identification documents issued by the Indonesian government to low income earners,

are also included as indicators of poverty. Moreover, we also consider dwelling conditions

that could indicate poverty in the household, including access to electricity, proper toilet

facilities, the source of energy for cooking, and proper sanitation. Finally, as parents’

education level and occupation have been known to affect children’s wellbeing, we also

include those characteristics in our study. A variable list used in the analysis, along with

their definitions, is presented in Table 1.

Accordingly, our sample consists of 3,225 children aged 16-18 years, in which there are

1485 boys and 1,530 girls. That said, the sub-sample for spillover effects to siblings has

slightly fewer observations, as we exclude the children receiving the BSM benefit, which

are 239 children, or about 11 percent of 2,169 observations from the year 2014. Tables 2

and 3 present the summary statistics for the sample and sub-sample, respectively. From

the data in both tables, it is apparent that boys are more likely than girls to attend school

and to go into work. These statistics suggest that a child’s gender plays a significant

role in determining the child’s schooling and working, as noted by Baryshnikova and

Jayawardana (2019). Thus, we also analyse boys and girls separately in this study.

Descriptive statistics by the control and treatment group are presented in Tables 4 and

5 to get a better understanding of who receives the BSM and who does not. Reviewing

the mean values of the outcome variables across the groups, we know that the treatment

group has a higher percentage of children attending school for both genders. Similarly,

as expected, the percentage of children participating in the labour force is lower in the

treatment group, although the difference is not significant in all of the cohorts.

The fact that the BSM program is focused on poor children leads to an expectation

that the household and parent characteristics between the two groups will be differ-

ent significantly, especially those that indicate poverty. Generally, it is true for parent

characteristics that the treatment group has significantly less-educated parents.

Nevertheless, we do not see much significant difference in variables representing house-

hold characteristics between the two groups. The result of a t-test on the difference of
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means suggests that a significant difference exists only for the ownership of transfer

cards, ownership of letters of poor status, and number of school-aged children. Although

generally the treatment group is more likely to have a higher share of food expendi-

ture, poor sanitation, and a toilet nearby a river, land or sea, the differences are not

significant compared to the control group. Interestingly, it seems that the children who

do not receive the BSM tend to live in a household with less access to electricity, and

with firewood being used for cooking. It is evident that there remain issues with the

accuracy of the program’s targeting system, as found by the existing literature (Larasati

and Howel, 2014; Bank, 2012). This inaccurate targeting leads to both inclusion errors,

in which the non-poor receive the subsidy, and exclusion errors, in which the poor do

not receive the subsidy.

4. Empirical Strategy

4.1. Matching

Analysis using observations from a natural experiment often needs specific techniques

to obtain an unbiased estimator. In contrast to a true experiment, a natural experi-

ment, which often occurs because of new government policy, does not choose its treat-

ment and control groups randomly. In our case, the BSM program is focused on poor

children, which means the observational data we use incorporates covariate imbalance

between the BSM recipient children and the non-recipients. Therefore, we first match

the observations to find at least one control unit for each treated unit that has identical

characteristics. This matching process aims to reduce the imbalance in covariates across

the groups (Stuart, 2010).

The most commonly used matching method is propensity score matching (PSM).

As its name suggests, this method utilises propensity score, allowing us to construct

matched sets of observations with similar covariates distribution without the require-

ment for an exact match on all individual variables (Stuart, 2010). However, the use

of the PSM method does not necessarily reduce the imbalance of the data set. While

the method improves the balance in some covariates, it decreases the balance in other
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covariates. Furthermore, the properties only hold by imposing a set of unverifiable as-

sumptions about the process of data generation (Iacus et al., 2012). Therefore, according

to King and Nielsen (2019), the use of a PSM approach increases imbalance, inefficiency,

model dependence, research discretion, and statistical bias at some points.

In order to counter those problems, we employ another matching method, Coarsened

Exact Matching (CEM), which was introduced by Iacus et al. (2012). This approach

implements the exact matching method, a matching technique used to find a non-

treated unit that has exactly identical covariate values with a treated unit, by coarsening

the covariates. Unlike the PSM, the use of the CEM approach guarantees a reduction

in the imbalance between the matched treated and control groups. Besides this, the

application of the CEM requires only minimal assumptions about the data generation

process. Given these benefits, Iacus et al. (2012) claim that the CEM has a strong ability

in reducing imbalance, model dependence, estimation error, bias, variance, and other

criteria, compared to the other widely used matching methods. Thus, this study utilises

the CEM technique to match the treatment and control groups of our observational

data. The weight resulting from this technique then is incorporated in the bivariate

DiD Probit model discussed in the next sections.

4.2. Bivariate Probit Model

The observations we use for analysis are collected for two groups for two periods. The

first group is the treatment group that receives treatment in one period, whereas the

second group is the control group that does not receive the treatment during both

periods. We use the combination of coarsened exact matching (CEM) and difference-

in-difference (DiD) approach to estimate the treatment effect on the treated group. Use

of DiD removes estimation bias resulting both from permanent differences between the

groups, and from differences caused by time trends that is not related to the treatment

(Li et al., 2012).

Both children’s schooling and working variables are denoted by binary variables; we

thus use a Probit model to examine the impacts of the BSM program. However, child

participation in school and the labour force participation may be interdependent. The
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decision to go to school or work could not be separated, since both schooling and working

would take most of the child’s time. As a result, there may be a correlation between the

unobserved factors affecting both variables that could lead to biased estimation if we

use a standard univariate Probit model. To address this issue, a bivariate Probit model

is utilised to obtain estimation of the BSM effects of the likelihood of a child attending

school and working, given the same set of independent variables and correlation between

the error terms.

To answer our main question of the effect of the BSM program on beneficiary children,

the bivariate DiD Probit model is represented as follows:

S∗1it = α1 + β1yrAfter1it + γ1(yrAfter ∗BSMind)1it + δ1X
′
1it + e1it (1)

W ∗2it = α2 + β2yrAfter2it + γ2(yrAfter ∗BSMind)2it + δ2X
′
2it + e2it (2)

Where S∗1it and W ∗2it be unobserved variables, and the observed outcomes are denoted

as:

S1it =

{1, if S∗
1it>0

0, otherwise

(3)

W2it =

{1, if W ∗
2it>0

0, otherwise

(4)

where S1it=1 if the child i worked for pay, or worked at the family-owned business during

the past week in year t and 0 otherwise; W2it=1 if the child i is currently attending

school in year t and 0 otherwise; yrAfterit=1 if the year is 2014 and 0 if the year is

2007; and the variable of interest, (yrAfter ∗ BSMind)it=1 if the child i receives the

BSM benefit in year t and 0 otherwise. The vectors X1it and X2it respectively denote a

number of individual, household, and parent factors that are likely affecting the child’s

schooling and working. e1it and e2it are the error terms, which are assumed to be
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bivariate normally distributed with mean zero, unit variance and correlation coefficient

ρ.

A significant ρ (rho) indicates that a correlation between the unobserved components

in both a child’s schooling and working exists. Thus, the bivariate probit model should

be used in this case, as the univariate probit model would result in biased estimation.

However, if the ρ (rho) is 0, the model should be separated into two univariate probit

models.

Furthermore, in order to answer our second question of the spillover effects of the

BSM on siblings, we use the same empirical strategy as used for the main question,

except for the treatment variable and the sample. For this analysis we only include the

subsample of children aged 16-18 years who do not receive the BSM benefit. Then, the

bivariate DiD model to estimate the effects on siblings are derived as follows:

S∗3it = α3 + β3yrAfter3it + γ3(yrAfter ∗BSMsib)3it + δ3X
′
3it + e3it (5)

W ∗4it = α4 + β4yrAfter4it + γ4(yrAfter ∗BSMsib)4it + δ4X
′
4it + e4it (6)

Let S∗3it and W ∗4it are unobserved variables, the observed outcomes are denoted as:

S3it =

{1, if S∗
3it>0

0, otherwise

(7)

W4it =

{1, if W ∗
4it>0

0, otherwise

(8)

where S3it=1 if the sibling worked for pay or worked at the family-owned business during

the past week in year t and 0 otherwise; W4it=1 if the sibling is currently attending

school in year t and 0 otherwise; yrAfterit=1 if the year is 2014 and 0 if the year is

2007; and the variable of interest, (yrAfter∗BSMsib)it=1 if in the household there is a

minimum of 1 child, but not the individual i, who receives the BSM benefit in year t and 0
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otherwise. Similar with Equations 1 and 2, the vectors X3it and X4it denote a number of

control variables and e3it and e4it are the error terms with Cov[e3it, e4it|X3it, X4it] = ρ.

5. Results

5.1. Effects on BSM Recipients

We begin with the results from Coarsened Exact Matching (CEM). Firstly, we match

the treatment and control groups based on the observable household characteristics.

The BSM is targeted at children from poor households, but we do not know the exact

rule used for assignment of the BSM. Therefore, we identify the significant household

characteristics determining BSM recipients based on the OLS regression results (Table

6). According to the estimation, the covariates used for the matching process are the

share of food expenditure, ownership of transfer cards, ownership of letters of poor

status, and the access to proper toilet facilities.

The matching quality is assessed by the covariate imbalance reduction. Table 7 reports

the covariate imbalances for the pre- and post-match of the total sample, and the girls

and boys sub-samples separately. As seen in the table, the multivariate and univariate

imbalances for each of the covariates reduce substantially in all samples. All the mean

differences between the treatment and control groups in the post-match decrease to

nearly zero and become insignificant, suggesting a reasonable match.

The regression results of the bivariate DiD probit model are reported in Table 8.

The correlation coefficient, ρ, between the error terms is significant for all regressions.

This indicates that estimation using a univariate model would be inefficient, and, thus,

the bivariate model should be used. Considering the bivariate model estimation, the

BSM has a substantially positive impact on schooling for children aged 16-18 years.

The estimated coefficient of our treatment variable, yrAfter ∗BSMind, is positive and

significant at 1 percent significance level for all samples and subsamples. Moreover, the

results suggest that the program lowers the probability of girls working, albeit only at

a 10 percent significance level (Table 8 Column 7). However, the BSM program does

not have a significant impact on children’s working for boys. This indicates that the
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amount of the BSM benefit may not be sufficient to replace the opportunity cost from

sending the boys to the labour force, as has been shown by Bank (2012) and Larasati

and Howel (2014).

To quantify the impact of each of the independent variables on schooling and working

outcomes, we analyse the marginal effects of the estimated coefficient. Table 9 reports

four joint outcomes of schooling and working: school only, work only, both work and

school, and neither work nor school (idle). Overall, receiving the BSM subsidy increases

the probability of schooling by 14.7 percentage points among children aged 16-18 years

(Table 9). Most of this increase is likely to come from the group who are not engaged

in either school or work, as the BSM reduces the probability of idling by 9.2 percentage

points. Further, the increase in probability of schooling is associated with a decrease

in probability of ’work only’, and an increase in probability of both, schooling and

working. Those movements occur because of the group of children who previously were

only working and who, after the BSM intervention, are attending school while still

continuing to work.

When considering separate regressions by gender, the directions of the BSM impacts

on the four joint outcomes are similar to those in the full sample regressions. However,

it seems that girls overall are more favoured than boys. As mentioned above, besides

increasing schooling outcomes, the BSM also negatively affects the likelihood of a girl

going into work. Meanwhile, however, there is no such impact on working for boys.

As a result, the girls who receive the BSM benefit are more likely to focus on school

only rather than doing both, school and work, whereas the beneficiary boys still have a

high tendency to do both, school and work. Moreover, the increase in the probability of

schooling for girls is substantially larger than that for boys, at 21.6 and 11 percentage

points, respectively. Further, the likelihood of both, working and schooling, for boys

increases by 8 percentage points, which is higher than the increase for girls (only 3.2

percentage points).

Moreover, the estimation results show that some control variables also significantly

affect children’s schooling and working. First, besides the child’s gender, other school

assistance has a highly significant effect on participation in school and work. All three

18



regressions suggest that the children who receive school assistance besides the BSM

are more likely to attend school only, and less likely to participate in the labour force

only. Acting as proxies for poverty, household characteristics, such as the number of

school-aged children, living areas (urban), the share of food expenditure, ownership of

farmland, and access to electricity, have a significant impact on schooling and working

decisions with expected signs.

Next, as expected, the full sample regressions reveal that parents’ education (both

father’s and mother’s) impact positively on schooling participation and negatively on

working participation. For the girls’ and boys’ subsamples, the effect of mother’s ed-

ucation is stronger than that of the father’s education. Further, interestingly, if the

household has its own business, the boys are more likely to participate in generating-

income activities and, thus, are less likely to attend school. Meanwhile, the ownership of

a business has no impact on the decision whether girls go to school or work. This indi-

cates that boys have a higher tendency to participate in the family business, compared

to girls.

5.2. Effects on BSM Recipients’ Siblings

Analysis for BSM spillover effects on siblings is restricted to the sub-sample of children

who do not receive the BSM benefit. Some of those children have a sibling that is treated

by the BSM, and this group is categorised as a treatment group for the sibling analysis.

Meanwhile, the control group consists of the children whose sibling(s) are also not

treated by the BSM. Thus, the treatment variable for this spillover analysis is BSMsib.

Similar to the above analysis, we use an OLS estimation to determine variables that

mimic the rules of BSM assignment. Accordingly, the variables we used for the CEM

process are the number of school-aged children, ownership of transfer cards, ownership

of letters of poor status, and energy used for cooking. The matching summaries of pre-

and post-match covariate balances are reported in Table 10.

Next, as in the previous analysis, the weight produced by the CEM is incorporated

in the bivariate probit model. The estimation results from this empirical model are

presented in Table 11. The full sample regression reveals that the presence of a treated
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sibling reduces the likelihood of going into work for a non-treated child aged 16-18 years

of age. However, this effect seems to only apply for girls, and there is no such effect for

boys. In other words, there is no presence of a displacement effect for both boys and

girls. Instead, the income effect dominates, albeit only existing for the untreated girls.

Further, the estimated coefficient of yrAfter ∗BSMsib reveals that the effect on child

schooling is absent in this model for neither boys nor girls aged 16-18 years. This implies

that, although an income effect dominates for girls, its size is still not sufficient to send

untreated girls to school.

The marginal effects of the estimated coefficients are reported in Table 12. As the

presence of treated siblings does not affect either schooling or working decisions for

boys, the marginal effects also indicate that there is no effect on the four joint outcomes

for boys. Meanwhile, if a non-treated girl has a treated sibling in the household, the

probability of the girl going into work only decreases by 8.4 percentage points. Similarly,

the likelihood of the girl going to both school and work also reduces by 6.6 percentage

points. Nevertheless, the probability of idling for girls increases by 9.7 percentage points,

as the decrease in working is not accompanied by an increase in schooling. In other

words, for the group of girls who previously have worked only, after their sibling receives

the BSM treatment, they no longer go to work but also do not go to school (i.e. they

are idling).

Looking at the effects of the socioeconomic characteristics, the results of this sib-

ling model are qualitatively similar to those of the individual model (the BSM-recipent

analysis). Receiving other school assistance increases the likelihood of school only and

decreases the likelihood of work only for both boys and girls. Moreover, household char-

acteristics, including the number of children of school-age, share of food expenditure,

and access to electricity, significantly affect the schooling and working in all three re-

gressions of this model with the expected signs. Unlike in the individual model, though,

the effect of the child’s father’s education is as strong as the effect of mother’s educa-

tion for both boys and girls. Interestingly, the ownership of transfer cards that indicates

the poverty of the household only affects the outcomes for girls. Lastly, as seen in the

individual model, boys who live in a household owning a business are less likely to
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participate in school and are more likely to participate in work activities.

5.3. Robustness checks

As we do not know the exact rules for assigning the BSM recipients, there exists model

uncertainty. To address this problem, we using Bayesian Model Averaging (BMA) ap-

proach to determine the covariates used for the matching process. The BMA approach

calculates posterior distributions over coefficients and models (Montgomery and Nyhan,

2010) which tell us how likely each of the variables is to be included in the model.

Table 13 presents the estimation results of the BMA approach in determining co-

variates affecting the first treatment variable, BSMind. As suggested by De Luca and

Magnus (2011), an auxiliary regressor that is robustly correlated with the outcome of

its coefficient has t ratio with an absolute value greater than one, or approximately cor-

responds to a posterior inclusion probability (pip) greater than 0.5. In our regression,

the variables that satisfy this guideline are the ownership of transfer cards, ownership of

the letter of poor status, and share of food expenditure. Meanwhile, the toilet facilities

variables that we used previously are excluded. After identification of the three robust

regressors, these regressors are used in the CEM process. The matching covariate bal-

ances with covariates determined by BMA technique indicate a reasonably good match

(Table 14).

Next, we weigh the bivariate probit estimation that includes the new weights gener-

ated by the CEM. Table 15 indicates that the treatment effects resulting from the new

estimation have similar signs and significance levels with those of the original estimation,

albeit with a slightly different magnitude.

We do the same robustness check using the BMA approach for the siblings model.

Table 16 indicates that the posterior inclusion probability is greater than 0.5 for four

regressors: the number of school-aged children, ownership of transfer cards, ownership

of letters of poor status, and the energy source used for cooking. These variables are

the same as the ones we used in the original matching process. This indicates that the

CEM results in the previous section for the siblings model are robust.
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6. Conclusion

Educational inequality is one of the most prevalent problems faced by developing coun-

tries. Children from the poorest families often cannot achieve high levels of education

due to financial difficulties. The group that faces the biggest gap in terms of access to

education is adolescents aged 16-18 years. For example, in 2018, the net enrolment rate

of children aged 16-18 years in Indonesia into senior secondary school was less than 70

percent. This low enrolment rate is also strongly related to the high incidence of child

labour. More than half of children who are out of school participate in the labour force.

Besides this, even when poor children manage to attend school, many still tend to also

work in order to generate income to cover their education costs.

This study fills the literature gap by examining the impact of the Indonesian Bantuan

Siswa Miskin (BSM) program, launched in 2008, on schooling and working of the 16-18

year olds. In addition, this study also fills an empirical gap by examining the spillover

effects of this CCT program on untreated secondary school age siblings.

Using the Indonesian Family Life Survey (IFLS), our analysis utilises a bivariate

DiD Probit model that incorporates weights generated by Coarsened Exact Matching

(CEM). The results reveal that the BSM program is effective in increasing the partici-

pation of children in schooling for both boys and girls. However, the program succeeds

in reducing the probability of working only for girls. As a result, the BSM program

increases the probability of girls attending school by 21.6 percentage points, which is

far above the increase for boys of 11 percentage points. In contrast, the probability of

boy recipients of the BSM engaging in both work and school increases by 8 percent-

age points, whereas that for girls increases only by 3.2 percentage points. This implies

that girls who are treated by the BSM are more likely to focus on school only, whereas

treated boys still have a relatively high tendency to work while also attending school.

Analysis of the impact of the BSM on untreated siblings suggests that only girls

benefit from the presence of treated siblings. The regression results reveal that the

presence of a treated sibling reduces the likelihood that the non-recipient girls aged

16-18 years old will engage in work. Meanwhile, there is neither a rise nor a fall in the

probability of non-recipient boys’ engagement with work. These results indicate that the
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BSM program does not impose a displacement effect on either girls or boys. Instead,

an income effect exists, but only for untreated girls. Further, we find that in both the

girls and boys sub-samples, there was not enough evidence to support the notion that

the presence of treated siblings affects the schooling probability of untreated siblings.

This implies that, although an income effect exists for the female siblings, the size of

the effect is not significant enough to send the untreated girls to school.

Overall, based on these findings, the BSM program can be considered effective in

increasing the school participation rate of the treated children. It also seems that the

program does not impose a negative effect such as a displacement effect, on the un-

treated siblings. However, the benefit amount of this program is not likely to offset the

opportunity cost of sending male children, either the treated or untreated, to the labour

force.
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Tables

Table 1.: Variable Description

Variable Description
(1) (2)

attend school =1 if the child is currently attending school

working =1 if the child worked for pay or worked at family-owned
business during the past week

BSMind =1 if the child received assistance for school costs from
the BSM program during the previous school year

BSMsib =1 if the child had any siblings receiving assistance for school
costs from BSM program during the previous school year

Child Characteristics
age age of the child
age square age of the child squared
female =1 if the child is a female

other school assistance =1 if the child received assistance for school costs from any
sources beside the BSM during the previous school year

number of children the number of children aged 7 to 18 in the household

Household Characteristics
urban =1 if the household is located in an urban area

share xfood the proportion of food expenditure to total expenditure
of the household

own farm land =1 if the household owns farm land
own business =1 if the household owns a business
transfer cards =1 if the household has a transfer card
letter of poor =1 if the household has a letter of poor status
electricity =1 if the household has access to electricity
toilet river land sea =1 if the household does not have a proper toilet

cook firewood =1 if the household uses firewood as an energy source
for cooking

poor sanitation =1 if the household does not have proper sanitation

Parents Characteristics

father low edu =1 if the father has completed elementary or junior
secondary school

father med edu =1 if the father has completed senior secondary school
father high edu =1 if the father has completed tertiary school
father paid =1 if the father works for pay

mother low edu =1 if the mother has completed elementary or junior
secondary school

mother med edu =1 if the mother has completed senior secondary school
mother high edu =1 if the mother has completed tertiary school
mother paid =1 if the mother works for pay

Province Dummies

Variables for each of the following provinces: North Sumatra,
West Sumatra, Lampung, DKI Jakarta, West Java, Central
Java, Yogyakarta, East Java, Bali, West Nusa Tenggara, South
Kalimantan, and South Sulawesi
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Table 2.: Summary Statistics - BSM Recipients

Variables Boys+Girls Boys Girls
Mean Std. Dev Mean Std. Dev Mean Std. Dev

(1) (2) (3) (4) (5) (6) (7)
attend school 0.592 (0.492) 0.610 (0.488) 0.575 (0.495)
working 0.313 (0.464) 0.386 (0.487) 0.244 (0.43)
BSMind 0.057 (0.231) 0.053 (0.224) 0.060 (0.238)
age 16.994 (0.82) 16.984 (0.822) 17.003 (0.818)
female 0.519 (0.5) 0.000 (0) 1.000 (0)
other school asisstance 0.179 (0.384) 0.187 (0.39) 0.172 (0.377)
number of children 2.084 (1.091) 2.099 (1.077) 2.070 (1.103)
urban 0.521 (0.5) 0.522 (0.5) 0.520 (0.5)
share xfood 0.505 (0.171) 0.514 (0.171) 0.497 (0.17)
own farm land 0.282 (0.45) 0.292 (0.455) 0.272 (0.445)
own business 0.394 (0.489) 0.400 (0.49) 0.389 (0.488)
transfer cards 0.233 (0.423) 0.251 (0.434) 0.216 (0.412)
letter of poor 0.231 (0.421) 0.227 (0.419) 0.235 (0.424)
electricity 0.977 (0.15) 0.976 (0.152) 0.977 (0.148)
toilet river land sea 0.121 (0.327) 0.121 (0.327) 0.121 (0.327)
cook firewood 0.290 (0.454) 0.298 (0.458) 0.282 (0.45)
poor sanitation 0.205 (0.403) 0.217 (0.412) 0.193 (0.395)
father low edu 0.465 (0.499) 0.485 (0.5) 0.446 (0.497)
father med edu 0.184 (0.388) 0.188 (0.391) 0.181 (0.385)
father high edu 0.077 (0.267) 0.078 (0.269) 0.076 (0.265)
father paid 0.623 (0.485) 0.657 (0.475) 0.592 (0.492)
mother low edu 0.540 (0.498) 0.564 (0.496) 0.518 (0.5)
mother med edu 0.145 (0.353) 0.149 (0.356) 0.142 (0.349)
mother high edu 0.050 (0.219) 0.052 (0.222) 0.049 (0.216)
mother paid 0.357 (0.479) 0.371 (0.483) 0.344 (0.475)
Obs 4208 2026 2182
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Table 3.: Summary Statistics - BSM Recipients’ Siblings

Variables Boys+Girls Boys Girls
Mean Std. Dev Mean Std. Dev Mean Std. Dev

(1) (2) (3) (4) (5) (6) (7)
attend school 0.579 (0.494) 0.600 (0.49) 0.560 (0.497)
working 0.315 (0.464) 0.386 (0.487) 0.248 (0.432)
BSMsib 0.044 (0.205) 0.048 (0.215) 0.040 (0.196)
age 17.002 (0.821) 16.998 (0.821) 17.005 (0.82)
female 0.517 (0.5) 0.000 (0) 1.000 (0)
other school asisstance 0.174 (0.379) 0.184 (0.388) 0.163 (0.37)
number of children 2.064 (1.078) 2.081 (1.069) 2.049 (1.087)
urban 0.520 (0.5) 0.521 (0.5) 0.518 (0.5)
share xfood 0.507 (0.172) 0.517 (0.172) 0.499 (0.172)
own farm land 0.281 (0.449) 0.294 (0.456) 0.269 (0.443)
own business 0.395 (0.489) 0.400 (0.49) 0.389 (0.488)
transfer cards 0.223 (0.416) 0.243 (0.429) 0.204 (0.403)
letter of poor 0.213 (0.41) 0.211 (0.408) 0.216 (0.411)
electricity 0.976 (0.154) 0.975 (0.156) 0.977 (0.151)
toilet river land sea 0.123 (0.329) 0.122 (0.327) 0.124 (0.33)
cook firewood 0.289 (0.453) 0.297 (0.457) 0.281 (0.45)
poor sanitation 0.206 (0.404) 0.219 (0.414) 0.194 (0.395)
father low edu 0.459 (0.498) 0.479 (0.5) 0.440 (0.496)
father med edu 0.185 (0.388) 0.189 (0.391) 0.182 (0.386)
father high edu 0.081 (0.273) 0.083 (0.276) 0.079 (0.27)
father paid 0.625 (0.484) 0.657 (0.475) 0.596 (0.491)
mother low edu 0.536 (0.499) 0.560 (0.496) 0.514 (0.5)
mother med edu 0.145 (0.352) 0.151 (0.358) 0.139 (0.346)
mother high edu 0.051 (0.221) 0.053 (0.223) 0.050 (0.219)
mother paid 0.356 (0.479) 0.371 (0.483) 0.341 (0.474)
Obs 3969 1919 2050
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Table 4.: Summary Statistics Based on Group - BSM Recipients

Boys+Girls Boys Girls
Variables Control Treatment Diff Control Treatment Diff Control Treatment Diff

Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) (16)

attend school 0.579 (0.494) 0.799 (0.401) -0.220*** 0.600 (0.49) 0.785 (0.413) -0.185*** 0.560 (0.497) 0.811 (0.393) -0.251***
working 0.315 (0.464) 0.276 (0.448) 0.039 0.386 (0.487) 0.383 (0.488) 0.003 0.248 (0.432) 0.189 (0.393) 0.058
BSMsib 0.044 (0.205) 0.276 (0.448) -0.232*** 0.048 (0.215) 0.243 (0.431) -0.195*** 0.040 (0.196) 0.303 (0.461) -0.263***
age 17.002 (0.821) 16.858 (0.797) 0.144** 16.998 (0.821) 16.720 (0.799) 0.279*** 17.005 (0.82) 16.970 (0.781) 0.036
female 0.517 (0.5) 0.552 (0.498) -0.036 0.000 (0) 0.000 (0) 0.000 1.000 (0) 1.000 (0) 0.000
other school asisstance 0.174 (0.379) 0.272 (0.446) -0.098*** 0.184 (0.388) 0.234 (0.425) -0.049 0.163 (0.37) 0.303 (0.461) -0.140***
number of children 2.064 (1.078) 2.364 (1.218) -0.300*** 2.081 (1.069) 2.374 (1.17) -0.293* 2.049 (1.087) 2.356 (1.261) -0.308**
urban 0.520 (0.5) 0.548 (0.499) -0.029 0.521 (0.5) 0.542 (0.501) -0.021 0.518 (0.5) 0.553 (0.499) -0.035
share xfood 0.507 (0.172) 0.479 (0.146) 0.028** 0.517 (0.172) 0.478 (0.152) 0.039* 0.499 (0.172) 0.480 (0.141) 0.018
own farm land 0.281 (0.449) 0.297 (0.458) -0.016 0.294 (0.456) 0.271 (0.447) 0.023 0.269 (0.443) 0.318 (0.468) -0.050
own business 0.395 (0.489) 0.389 (0.489) 0.006 0.400 (0.49) 0.402 (0.493) -0.002 0.389 (0.488) 0.379 (0.487) 0.011
transfer cards 0.223 (0.416) 0.410 (0.493) -0.187*** 0.243 (0.429) 0.402 (0.493) -0.159** 0.204 (0.403) 0.417 (0.495) -0.213***
letter of poor 0.213 (0.41) 0.523 (0.501) -0.310*** 0.211 (0.408) 0.514 (0.502) -0.303*** 0.216 (0.411) 0.530 (0.501) -0.315***
electricity 0.976 (0.154) 0.996 (0.065) -0.020*** 0.975 (0.156) 1.000 (0) -0.025*** 0.977 (0.151) 0.992 (0.087) -0.016
toilet river land sea 0.123 (0.329) 0.092 (0.29) 0.031 0.122 (0.327) 0.112 (0.317) 0.010 0.124 (0.33) 0.076 (0.266) 0.049*
cook firewood 0.289 (0.453) 0.310 (0.463) -0.021 0.297 (0.457) 0.327 (0.471) -0.030 0.281 (0.45) 0.295 (0.458) -0.014
poor sanitation 0.206 (0.404) 0.184 (0.388) 0.022 0.219 (0.414) 0.178 (0.384) 0.041 0.194 (0.395) 0.189 (0.393) 0.004
father low edu 0.459 (0.498) 0.569 (0.496) -0.110*** 0.479 (0.5) 0.598 (0.493) -0.119* 0.440 (0.496) 0.545 (0.5) -0.106*
father med edu 0.185 (0.388) 0.167 (0.374) 0.018 0.189 (0.391) 0.178 (0.384) 0.011 0.182 (0.386) 0.159 (0.367) 0.023
father high edu 0.081 (0.273) 0.017 (0.129) 0.064*** 0.083 (0.276) 0.000 (0) 0.083*** 0.079 (0.27) 0.030 (0.172) 0.049**
father paid 0.625 (0.484) 0.586 (0.494) 0.040 0.657 (0.475) 0.654 (0.478) 0.003 0.596 (0.491) 0.530 (0.501) 0.065
mother low edu 0.536 (0.499) 0.603 (0.49) -0.066* 0.560 (0.496) 0.626 (0.486) -0.066 0.514 (0.5) 0.583 (0.495) -0.070
mother med edu 0.145 (0.352) 0.155 (0.362) -0.010 0.151 (0.358) 0.112 (0.317) 0.039 0.139 (0.346) 0.189 (0.393) -0.050
mother high edu 0.051 (0.221) 0.033 (0.18) 0.018 0.053 (0.223) 0.037 (0.191) 0.015 0.050 (0.219) 0.030 (0.172) 0.020
mother paid 0.356 (0.479) 0.381 (0.487) -0.025 0.371 (0.483) 0.383 (0.488) -0.013 0.341 (0.474) 0.379 (0.487) -0.037
Obs 3969 239 4208 1919 107 2026 2050 132 2182

Note: ∗p < 10%,∗∗ p < 5%,∗∗∗ p < 1%.
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Table 5.: Summary Statistics Based on Group - BSM Recipients’ Siblings

Boys+Girls Boys Girls
Variables Control Treatment Diff Control Treatment Diff Control Treatment Diff

Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) (16)

attend school 0.582 (0.493) 0.520 (0.501) 0.062 0.605 (0.489) 0.505 (0.503) 0.100 0.560 (0.496) 0.537 (0.502) 0.024
working 0.312 (0.463) 0.371 (0.485) -0.059 0.378 (0.485) 0.538 (0.501) -0.159** 0.251 (0.433) 0.183 (0.389) 0.068
BSMsib 0.000 (0) 1.000 (0) -1.000 0.000 (0) 1.000 (0) -1.000 0.000 (0) 1.000 (0) -1.000
age 17.005 (0.82) 16.943 (0.842) 0.062 16.998 (0.82) 17.000 (0.847) -0.002 17.011 (0.819) 16.878 (0.837) 0.133
female 0.519 (0.5) 0.469 (0.5) 0.050 0.000 (0) 0.000 (0) 0.000 1.000 (0) 1.000 (0) 0.000
other school asisstance 0.170 (0.375) 0.257 (0.438) -0.087* 0.179 (0.383) 0.301 (0.461) -0.123* 0.162 (0.368) 0.207 (0.408) -0.046
number of children 2.002 (1.037) 3.189 (1.205) -1.186*** 2.016 (1.025) 3.140 (1.212) -1.123*** 1.990 (1.047) 3.244 (1.202) -1.254***
urban 0.516 (0.5) 0.594 (0.492) -0.078* 0.520 (0.5) 0.538 (0.501) -0.017 0.512 (0.5) 0.659 (0.477) -0.146**
share xfood 0.507 (0.173) 0.517 (0.156) -0.010 0.516 (0.173) 0.529 (0.165) -0.013 0.498 (0.174) 0.502 (0.145) -0.004
own farm land 0.282 (0.45) 0.251 (0.435) 0.031 0.293 (0.455) 0.301 (0.461) -0.008 0.272 (0.445) 0.195 (0.399) 0.077
own business 0.391 (0.488) 0.457 (0.5) -0.066 0.402 (0.491) 0.366 (0.484) 0.037 0.381 (0.486) 0.561 (0.499) -0.180**
transfer cards 0.208 (0.406) 0.531 (0.5) -0.323*** 0.224 (0.417) 0.613 (0.49) -0.389*** 0.194 (0.395) 0.439 (0.499) -0.245***
letter of poor 0.202 (0.401) 0.463 (0.5) -0.261*** 0.198 (0.398) 0.462 (0.501) -0.265*** 0.205 (0.404) 0.463 (0.502) -0.258***
electricity 0.975 (0.156) 0.994 (0.076) -0.019** 0.974 (0.158) 0.989 (0.104) -0.015 0.976 (0.155) 1.000 (0) -0.024***
toilet river land sea 0.123 (0.328) 0.131 (0.339) -0.009 0.123 (0.329) 0.097 (0.297) 0.027 0.122 (0.328) 0.171 (0.379) -0.048
cook firewood 0.290 (0.454) 0.251 (0.435) 0.039 0.298 (0.457) 0.280 (0.451) 0.018 0.284 (0.451) 0.220 (0.416) 0.064
poor sanitation 0.205 (0.404) 0.229 (0.421) -0.024 0.219 (0.413) 0.226 (0.42) -0.007 0.192 (0.394) 0.232 (0.425) -0.040
father low edu 0.452 (0.498) 0.606 (0.49) -0.154*** 0.474 (0.499) 0.570 (0.498) -0.096 0.431 (0.495) 0.646 (0.481) -0.215***
father med edu 0.187 (0.39) 0.154 (0.362) 0.032 0.192 (0.394) 0.129 (0.337) 0.063 0.182 (0.386) 0.183 (0.389) -0.001
father high edu 0.084 (0.278) 0.011 (0.107) 0.073*** 0.087 (0.281) 0.011 (0.104) 0.076*** 0.082 (0.274) 0.012 (0.11) 0.070***
father paid 0.625 (0.484) 0.629 (0.485) -0.003 0.661 (0.473) 0.581 (0.496) 0.080 0.592 (0.492) 0.683 (0.468) -0.091
mother low edu 0.532 (0.499) 0.629 (0.485) -0.097* 0.558 (0.497) 0.602 (0.492) -0.044 0.508 (0.5) 0.659 (0.477) -0.151**
mother med edu 0.147 (0.354) 0.109 (0.312) 0.038 0.152 (0.359) 0.129 (0.337) 0.023 0.141 (0.348) 0.085 (0.281) 0.056
mother high edu 0.054 (0.225) 0.006 (0.076) 0.048*** 0.055 (0.228) 0.011 (0.104) 0.044*** 0.052 (0.223) 0.000 (0) 0.052***
mother paid 0.355 (0.479) 0.360 (0.481) -0.005 0.374 (0.484) 0.301 (0.461) 0.073 0.338 (0.473) 0.427 (0.498) -0.089
Obs 3794 175 3969 1826 93 1919 1968 82 2050

Note: ∗p < 10%,∗∗ p < 5%,∗∗∗ p < 1%.
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Table 6.: OLS Estimation Results of BSM Recipients Determinants

BSMind Coef Std. Error
(1) (2) (3)

hhsize 0.001 (0.001)
numbchildren 0.005 (0.004)
age -0.009 (0.003)***
female 0.015 (0.007)**
urban -0.008 (0.008)
share xfood -0.091 (0.023)***
share xmedical -0.135 (0.068)**
transfer cards 0.058 (0.009)***
letter of poor 0.077 (0.009)***
OtherSchAssist 0.004 (0.009)
father low edu 0.017 (0.009)*
father med edu -0.001 (0.011)
father high edu -0.030 (0.015)*
electricity 0.038 (0.028)
water -0.004 (0.008)
toilet river land sea -0.028 (0.012)**
cook firewood -0.008 (0.009)
Obs 4727

Note: ∗p < 10%,∗∗ p < 5%,∗∗∗ p < 1%.
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Table 7.: Covariate Balances - BSM Recipients

Boys+Girls Boys Girls
Pre-match multivariate
L1 distance: 0.41918403

Pre-match multivariate
L1 distance: 0.47401765

Pre-match multivariate
L1 distance: 0.45827749

Variables Pre- match uni-
variate imbalance Sample Mean Pre-match uni-

variate imbalance Sample Mean Pre-match uni-
variate imbalance Sample Mean

L1 Mean Diff Control Treatment L1 Mean Diff Control Treatment L1 Mean Diff Control Treatment
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13)

number of
children 0.158 -0.028** 0.507 0.479 0.170 -0.039* 0.517 0.478 0.167 -0.018 0.499 0.480

transfer cards 0.181 0.181*** 0.223 0.410 0.155 0.155** 0.243 0.402 0.205 0.205*** 0.204 0.417
letter of poor 0.297 0.297*** 0.213 0.523 0.299 0.299*** 0.211 0.514 0.296 0.296*** 0.216 0.530
toilet river
land sea 0.036 -0.036 0.123 0.092 0.008 -0.008 0.122 0.112 0.059 -0.059* 0.124 0.076

Boys+Girls Boys Girls
Post-match multivariate
L1 distance: 0.20737664

Post-match multivariate
L1 distance: 0.26023437

Post-match multivariate
L1 distance: 0.20458734

Variables Post-match uni-
variate imbalance Sample Mean Post-match uni-

variate imbalance Sample Mean Post-match uni-
variate imbalance Sample mean

L1 Mean Diff Control Treatment L1 Mean Diff Control Treatment L1 Mean Diff Control Treatment
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13)

number of
children 0.102 -0.001 0.483 0.482 0.137 -0.002 0.493 0.491 0.111 0.001 0.479 0.480

transfer cards 0 0 0.405 0.405 0 0 0.373 0.373 0 0 0.417 0.417
letter of poor 0 0 0.519 0.519 0 0 0.490 0.490 0 0 0.530 0.530
toilet river
land sea 0 0 0.084 0.084 0 0 0.088 0.088 0 0 0.076 0.076

Note: ∗p < 10%,∗∗ p < 5%,∗∗∗ p < 1%.
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Table 8.: Estimated Bivariate Probit Model - BSM Recipients

Variables Boys+Girls Boys Girls
School Work School Work School Work

(1) (2) (3) (4) (5) (6) (7)

yrAFTER -0.351*** 0.164 -0.379*** 0.179 -0.324** 0.105
(0.090) (0.153) (0.126) (0.125) (0.129) (0.153)

yrAFTER BSMind 0.689*** -0.182 0.647*** -0.046 0.849*** -0.246*
(0.107) (0.129) (0.160) (0.193) (0.146) (0.139)

age 2.785 -0.374 3.386 -0.640 1.327 0.725
(1.823) (3.066) (3.994) (4.047) (3.545) (4.078)

age square -0.099* 0.021 -0.116 0.029 -0.056 -0.012
(0.054) (0.090) (0.118) (0.119) (0.104) (0.121)

female -0.044 -0.452*** - - - -
(0.073) (0.069)

other school assistance 0.585*** -0.192** 0.765*** -0.238 0.458*** -0.224**
(0.130) (0.079) (0.144) (0.170) (0.149) (0.099)

number of children -0.064** 0.077*** -0.091*** 0.143*** 0.017 -0.015
(0.025) (0.024) (0.031) (0.045) (0.041) (0.034)

urban 0.142 -0.117 0.025 -0.228** 0.183 0.160
(0.109) (0.080) (0.109) (0.099) (0.189) (0.098)

share xfood -1.790*** 0.952*** -1.822*** 0.720** -1.217** 1.389***
(0.355) (0.237) (0.257) (0.298) (0.549) (0.362)

own farm land 0.270*** 0.146 0.447*** 0.015 0.165 0.266*
(0.071) (0.106) (0.112) (0.163) (0.146) (0.158)

own business -0.021 0.211*** -0.186** 0.315*** 0.162 0.006
(0.056) (0.071) (0.094) (0.108) (0.144) (0.095)

transfer cards -0.117* 0.152*** -0.133 0.088 -0.232 0.082
(0.067) (0.036) (0.098) (0.127) (0.147) (0.155)

letter of poor 0.110 -0.002 0.019 0.125 0.293*** -0.186
(0.090) (0.070) (0.095) (0.080) (0.101) (0.140)

electricity 0.371** -0.840*** 0.663** -1.250*** 0.839** -1.436***
(0.185) (0.166) (0.302) (0.475) (0.425) (0.307)

toilet river land sea -0.152 0.249 -0.040 0.182 -0.407 0.397
(0.139) (0.190) (0.207) (0.221) (0.298) (0.351)

cook firewood -0.126 -0.035 -0.398*** 0.190* 0.012 -0.236
(0.081) (0.053) (0.140) (0.112) (0.113) (0.154)

poor sanitation -0.015 -0.140* 0.204* -0.173 -0.354*** -0.046
(0.089) (0.075) (0.117) (0.123) (0.089) (0.146)

father low edu 0.025 -0.159* -0.210 0.096 -0.138 -0.264**
(0.065) (0.090) (0.132) (0.121) (0.139) (0.129)

father med edu 0.351*** -0.181** -0.176 0.121 0.227 -0.252
(0.119) (0.074) (0.164) (0.153) (0.281) (0.179)

father high edu 0.456*** -0.711*** 0.072 -0.387** 0.307 -0.799**
(0.158) (0.187) (0.233) (0.157) (0.277) (0.331)

father paid 0.026 0.092 0.087 -0.024 0.233** 0.002
(0.079) (0.111) (0.124) (0.188) (0.107) (0.126)
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continued from previous page
Variables Boys+Girls Boys Girls

School Work School Work School Work
(1) (2) (3) (4) (5) (6) (7)

mother low edu 0.205** 0.089 0.302** -0.065 0.249* 0.181
(0.095) (0.063) (0.145) (0.142) (0.147) (0.142)

mother med edu 0.389*** -0.040 0.343* -0.204 0.530*** 0.084
(0.149) (0.088) (0.199) (0.164) (0.137) (0.229)

mother high edu 1.219*** -0.201 1.329*** -0.492 1.654*** -0.540
(0.197) (0.238) (0.250) (0.326) (0.332) (0.414)

mother paid -0.049 0.093 -0.142 0.051 0.039 0.094
(0.091) (0.065) (0.119) (0.115) (0.086) (0.138)

Constant -18.102 -0.042 -23.073 2.368 -6.630 -8.986
(15.510) (26.051) (34.049) (34.757) (29.872) (34.504)

Province Dummies Yes Yes Yes
Observations 3,225 1,485 1,530
Artrho -0.745*** -0.861*** -0.801***

(0.056) (0.069) (0.072)
Rho -0.632 -0.697 -0.665

Note: Standard errors are reported in the parenthesis.
∗p < 10%,∗∗ p < 5%,∗∗∗ p < 1%.
All estimations include the corresponding weights generated by the CEM.
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Table 9.: Average Marginal Effects of the Bivariate Probit Model - BSM Recipients

Variables

Boys+Girls Boys Girls
School only Work only Both Idle School only Work only Both Idle School only Work only Both Idle
(school=1 (school=0 (school=1 (school=0 (school=1 (school=0 (school=1 (school=0 (school=1 (school=0 (school=1 (school=0
work=0) work=1) work=1) work=0) work=0) work=1) work=1) work=0) work=0) work=1) work=1) work=0)

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13)

yrAFTER -0.092*** 0.061** -0.010 0.041* -0.094** 0.078** -0.018 0.033** -0.084* 0.040 -0.011 0.055***
(0.035) (0.028) (0.022) (0.022) (0.040) (0.032) (0.017) (0.015) (0.044) (0.034) (0.009) (0.016)

yrAFTER BSMind 0.147*** -0.095*** 0.040** -0.092*** 0.110** -0.095** 0.080** -0.094*** 0.216*** -0.099*** 0.032*** -0.148***
(0.038) (0.020) (0.020) (0.011) (0.054) (0.043) (0.033) (0.027) (0.043) (0.031) (0.010) (0.021)

age 0.598 -0.347 0.230 -0.481 0.651 -0.557 0.341 -0.436 0.224 0.036 0.163 -0.423
(0.719) (0.607) (0.407) (0.439) (1.346) (1.088) (0.439) (0.341) (0.935) (0.765) (0.458) (1.008)

age square -0.022 0.014 -0.007 0.016 -0.024 0.020 -0.010 0.014 -0.011 0.002 -0.005 0.015
(0.021) (0.018) (0.012) (0.013) (0.040) (0.032) (0.013) (0.010) (0.028) (0.023) (0.013) (0.030)

female 0.061*** -0.069*** -0.074*** 0.082*** - - - - - - - -
(0.017) (0.013) (0.014) (0.019)

other school assistance 0.140*** -0.089*** 0.030*** -0.081*** 0.165*** -0.139*** 0.059** -0.085*** 0.126*** -0.069*** 0.008 -0.064**
(0.033) (0.021) (0.010) (0.016) (0.049) (0.039) (0.024) (0.019) (0.039) (0.023) (0.010) (0.029)

number of children -0.024*** 0.019*** 0.005 0.000 -0.042*** 0.033*** 0.015* -0.007 0.005 -0.004 -0.000 -0.001
(0.007) (0.005) (0.004) (0.005) (0.011) (0.008) (0.008) (0.007) (0.011) (0.007) (0.004) (0.009)

urban 0.045* -0.033* -0.003 -0.009 0.048* -0.037* -0.040* 0.029 0.025 0.015 0.029** -0.069*
(0.026) (0.019) (0.015) (0.022) (0.026) (0.021) (0.023) (0.021) (0.045) (0.023) (0.014) (0.040)

share xfood -0.493*** 0.336*** -0.039 0.196*** -0.423*** 0.354*** -0.112* 0.180*** -0.415*** 0.321*** 0.060 0.035
(0.087) (0.061) (0.041) (0.066) (0.078) (0.063) (0.059) (0.051) (0.131) (0.072) (0.052) (0.134)

own farm land 0.025 -0.007 0.054*** -0.072*** 0.067 -0.059 0.064*** -0.072*** 0.010 0.035 0.038*** -0.083***
(0.023) (0.018) (0.020) (0.019) (0.046) (0.037) (0.023) (0.016) (0.046) (0.034) (0.012) (0.021)

own business -0.037** 0.036*** 0.030*** -0.030** -0.090*** 0.071*** 0.035** -0.017 0.036 -0.010 0.012 -0.038
(0.017) (0.014) (0.011) (0.014) (0.033) (0.027) (0.014) (0.011) (0.029) (0.014) (0.017) (0.044)

transfer cards -0.046*** 0.037*** 0.011 -0.002 -0.038 0.031 -0.001 0.008 -0.061 0.030 -0.007 0.038*
(0.015) (0.010) (0.008) (0.013) (0.034) (0.027) (0.021) (0.017) (0.046) (0.035) (0.010) (0.022)

letter of poor 0.022 -0.012 0.011 -0.021 -0.021 0.015 0.027 -0.021 0.085** -0.052* 0.001 -0.034**
(0.025) (0.018) (0.010) (0.015) (0.023) (0.018) (0.019) (0.018) (0.036) (0.030) (0.010) (0.016)

electricity 0.211*** -0.189*** -0.098** 0.076** 0.344*** -0.272*** -0.149 0.078 0.335*** -0.304*** -0.090** 0.059
(0.039) (0.043) (0.047) (0.031) (0.105) (0.082) (0.098) (0.083) (0.107) (0.060) (0.039) (0.100)

toilet river land sea -0.068 0.058 0.023 -0.012 -0.041 0.032 0.030 -0.020 -0.132 0.096 0.013 0.023
(0.055) (0.048) (0.018) (0.014) (0.072) (0.059) (0.023) (0.017) (0.102) (0.079) (0.018) (0.021)
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continued from previous page

Variables

Boys+Girls Boys Girls
School only Work only Both Idle School only Work only Both Idle School only Work only Both Idle
(school=1 (school=0 (school=1 (school=0 (school=1 (school=0 (school=1 (school=0 (school=1 (school=0 (school=1 (school=0
work=0) work=1) work=1) work=0) work=0) work=1) work=1) work=0) work=0) work=1) work=1) work=0)

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13)

cook firewood -0.020 0.007 -0.018** 0.031* -0.099** 0.082** -0.018 0.035** 0.027 -0.041 -0.023 0.038
(0.021) (0.014) (0.009) (0.016) (0.040) (0.032) (0.016) (0.016) (0.034) (0.029) (0.015) (0.031)

poor sanitation 0.017 -0.021 -0.022*** 0.025* 0.065* -0.053* -0.005 -0.007 -0.075*** 0.016 -0.028* 0.087***
(0.026) (0.019) (0.008) (0.014) (0.037) (0.029) (0.021) (0.018) (0.027) (0.026) (0.017) (0.032)

father low edu 0.029 -0.028 -0.021 0.020 -0.051 0.043 -0.010 0.019 -0.004 -0.036 -0.036*** 0.076***
(0.021) (0.017) (0.013) (0.016) (0.036) (0.029) (0.025) (0.023) (0.040) (0.028) (0.011) (0.026)

father med edu 0.095*** -0.062*** 0.007 -0.040* -0.051 0.042 -0.001 0.010 0.077 -0.059 -0.010 -0.008
(0.026) (0.015) (0.016) (0.024) (0.048) (0.039) (0.026) (0.024) (0.077) (0.047) (0.012) (0.043)

father high edu 0.184*** -0.129*** -0.055*** 0.001 0.086 -0.066 -0.064** 0.045 0.151* -0.158** -0.061* 0.068
(0.046) (0.024) (0.016) (0.029) (0.059) (0.049) (0.027) (0.028) (0.078) (0.065) (0.032) (0.067)

father paid -0.009 0.012 0.016 -0.020 0.018 -0.015 0.007 -0.010 0.052 -0.015 0.016** -0.053***
(0.030) (0.024) (0.012) (0.013) (0.048) (0.038) (0.032) (0.026) (0.035) (0.028) (0.008) (0.011)

mother low edu 0.027 -0.006 0.034*** -0.055*** 0.060 -0.051 0.029* -0.038*** 0.037 0.014 0.035*** -0.087***
(0.023) (0.015) (0.012) (0.020) (0.047) (0.038) (0.017) (0.015) (0.042) (0.031) (0.013) (0.029)

mother med edu 0.077** -0.048** 0.035* -0.065*** 0.093* -0.076* 0.008 -0.024 0.110** -0.021 0.044** -0.134***
(0.034) (0.023) (0.018) (0.023) (0.054) (0.044) (0.030) (0.029) (0.046) (0.044) (0.022) (0.039)

mother high edu 0.203*** -0.144*** 0.084 -0.143*** 0.302*** -0.254*** 0.088 -0.136** 0.427*** -0.204*** 0.056 -0.279***
(0.059) (0.021) (0.060) (0.017) (0.077) (0.060) (0.068) (0.058) (0.093) (0.076) (0.048) (0.107)

mother paid -0.024 0.020 0.009 -0.005 -0.032 0.027 -0.010 0.015 -0.001 0.014 0.012 -0.025
(0.026) (0.019) (0.007) (0.012) (0.038) (0.031) (0.015) (0.013) (0.027) (0.026) (0.014) (0.026)

Province Dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Observations 3,225 3,225 3,225 3,225 1,485 1,485 1,485 1,485 1,530 1,530 1,530 1,530

Note: Standard errors are reported in the parenthesis.
∗p < 10%,∗∗ p < 5%,∗∗∗ p < 1%.
All estimations include the corresponding weights generated by the CEM.
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Table 10.: Covariate Balances - BSM Recipients’ Siblings

Boys+Girls Boys Girls
Pre-match multivariate
L1 distance: 0.55829197

Pre-match multivariate
L1 distance: 0.60196091

Pre-match multivariate
L1 distance: 0.56014013

Variables Pre- match uni-
variate imbalance Sample Mean Pre-match uni-

variate imbalance Sample Mean Pre-match uni-
variate imbalance Sample Mean

L1 Mean Diff Control Treatment L1 Mean Diff Control Treatment L1 Mean Diff Control Treatment
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13)

number of
children 0.404 1.185*** 2.002 3.189 0.372 1.123*** 2.016 3.140 0.440 1.253*** 1.990 3.244

transfer cards 0.317 0.317*** 0.208 0.531 0.382 0.382*** 0.224 0.613 0.240 0.240*** 0.194 0.439
letter of poor 0.245 0.245*** 0.202 0.463 0.253 0.253*** 0.198 0.462 0.239 0.239*** 0.205 0.463
cook firewood 0.039 -0.039 0.290 0.251 0.018 -0.018 0.298 0.280 0.065 -0.065 0.284 0.220

Boys+Girls Boys Girls
Post-match multivariate
L1 distance: 4.692e-15

Post-match multivariate
L1 distance: 1.398e-15

Post-match multivariate
L1 distance: 3.244e-16

Variables Post-match uni-
variate imbalance Sample Mean Post-match uni-

variate imbalance Sample Mean Post-match uni-
variate imbalance Sample mean

L1 Mean Diff Control Treatment L1 Mean Diff Control Treatment L1 Mean Diff Control Treatment
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13)

number of
children 0 0 3.071 3.071 0 0 2.954 2.954 0 0 3.052 3.052

transfer cards 0 0 0.541 0.541 0 0 0.609 0.609 0 0 0.429 0.429
letter of poor 0 0 0.459 0.459 0 0 0.483 0.483 0 0 0.442 0.442
cook firewood 0 0 0.259 0.259 0 0 0.299 0.299 0 0 0.234 0.234

Note: ∗p < 10%,∗∗ p < 5%,∗∗∗ p < 1%.
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Table 11.: Estimated Bivariate Probit Model - BSM Recipients’ Siblings

Variables Boys+Girls Boys Girls
School Work School Work School Work

(1) (2) (3) (4) (5) (6) (7)

yrAFTER -0.309*** 0.209 -0.532*** 0.349 0.012 -0.073
(0.119) (0.171) (0.160) (0.212) (0.174) (0.205)

yrAFTER BSMsib 0.107 -0.221** 0.207 0.011 -0.048 -0.508***
(0.136) (0.110) (0.225) (0.152) (0.160) (0.196)

age -1.434 4.552 -3.526 9.267 -4.103 -2.627
(3.299) (3.666) (4.647) (5.814) (2.959) (2.838)

age square 0.026 -0.125 0.086 -0.265 0.102 0.087
(0.096) (0.106) (0.137) (0.170) (0.086) (0.083)

female -0.012 -0.330*** - - - -
(0.116) (0.110)

other school assistance 0.795*** -0.192** 0.945*** -0.430*** 0.735*** -0.209
(0.160) (0.092) (0.156) (0.145) (0.261) (0.211)

number of children -0.174*** 0.156** -0.264** 0.215** -0.164 0.192*
(0.059) (0.075) (0.106) (0.085) (0.128) (0.113)

urban 0.223 -0.117 0.186 -0.224 0.240 -0.013
(0.141) (0.127) (0.166) (0.193) (0.207) (0.158)

share xfood -1.741*** 0.893*** -2.313*** 0.693* -1.430** 1.053***
(0.431) (0.261) (0.498) (0.386) (0.587) (0.301)

own farm land 0.215* 0.267 0.366*** 0.223 -0.006 0.453**
(0.112) (0.181) (0.098) (0.246) (0.218) (0.206)

own business -0.002 0.139 -0.133 0.236** 0.068 0.168
(0.099) (0.086) (0.090) (0.114) (0.158) (0.124)

transfer cards -0.241*** 0.268*** -0.114 0.108 -0.278*** 0.394***
(0.081) (0.082) (0.145) (0.113) (0.103) (0.149)

letter of poor 0.047 -0.008 0.050 0.027 -0.118 -0.021
(0.158) (0.118) (0.158) (0.071) (0.184) (0.177)

electricity 0.735*** -0.833*** 0.508* -0.621*** 1.749*** -0.874***
(0.249) (0.160) (0.264) (0.221) (0.670) (0.294)

toilet river land sea -0.249 0.335** -0.070 0.371*** -0.186 0.149
(0.197) (0.139) (0.205) (0.126) (0.318) (0.243)

cook firewood -0.008 -0.095 -0.240** 0.147 0.134 -0.389**
(0.119) (0.104) (0.116) (0.111) (0.151) (0.170)

poor sanitation 0.003 -0.207* 0.408*** -0.459*** -0.168 -0.108
(0.100) (0.117) (0.125) (0.139) (0.114) (0.154)

father low edu -0.082 -0.133 -0.243 -0.127 0.041 -0.394**
(0.097) (0.128) (0.214) (0.201) (0.252) (0.187)

father med edu 0.205* -0.225 -0.077 -0.270 0.278 -0.142
(0.119) (0.140) (0.255) (0.311) (0.231) (0.214)

father high edu 0.611*** -0.982*** 0.353 -0.917*** 0.760* -1.388***
(0.165) (0.175) (0.375) (0.303) (0.397) (0.399)

father paid 0.048 0.085 0.254* 0.103 -0.008 0.178
(0.076) (0.131) (0.134) (0.237) (0.167) (0.117)
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continued from previous page
Variables Boys+Girls Boys Girls

School Work School Work School Work
(1) (2) (3) (4) (5) (6) (7)

mother low edu 0.411*** -0.037 0.429** -0.247 0.449** 0.196
(0.087) (0.120) (0.211) (0.196) (0.205) (0.244)

mother med edu 0.499*** -0.103 0.368 -0.357 0.509* 0.030
(0.168) (0.151) (0.282) (0.247) (0.284) (0.367)

mother high edu 1.250*** -0.195 1.396** -0.355 1.147 -0.575
(0.393) (0.289) (0.596) (0.428) (0.709) (0.429)

mother paid -0.120 0.198* 0.051 0.123 -0.235 0.236*
(0.097) (0.105) (0.131) (0.160) (0.149) (0.133)

Constant 17.110 -41.173 36.310 -81.391 38.788 18.860
(28.144) (31.374) (39.501) (49.813) (24.803) (24.352)

Province Dummies Yes Yes Yes
Observations 2,067 1,011 999
Artrho -0.728*** -0.875*** -0.684***

(0.075) (0.094) (0.129)
Rho -0.622 -0.704

Note: Standard errors are reported in the parenthesis.
∗p < 10%,∗∗ p < 5%,∗∗∗ p < 1%.
All estimations include the corresponding weights generated by the CEM.
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Table 12.: Average Marginal Effects of the Bivariate Probit Model - BSM Recipients’ Siblings

Variables

Boys+Girls Boys Girls
School only Work only Both Idle School only Work only Both Idle School only Work only Both Idle
(school=1 (school=0 (school=1 (school=0 (school=1 (school=0 (school=1 (school=0 (school=1 (school=0 (school=1 (school=0
work=0) work=1) work=1) work=0) work=0) work=1) work=1) work=0) work=0) work=1) work=1) work=0)

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13)

yrAFTER -0.084** 0.072* -0.004 0.016 -0.133*** 0.129** -0.014 0.019 0.011 -0.014 -0.008 0.010
(0.040) (0.040) (0.019) (0.025) (0.050) (0.052) (0.024) (0.028) (0.048) (0.044) (0.024) (0.039)

yrAFTER BSMsib 0.050 -0.052* -0.019 0.021 0.029 -0.025 0.028 -0.033 0.053 -0.084** -0.066** 0.097**
(0.034) (0.028) (0.015) (0.027) (0.050) (0.048) (0.026) (0.030) (0.039) (0.037) (0.027) (0.045)

age -0.897 1.011 0.482 -0.596 -1.972 2.049 0.991* -1.069* -0.456 -0.088 -0.688* 1.232*
(1.044) (0.996) (0.296) (0.392) (1.487) (1.515) (0.523) (0.588) (0.688) (0.571) (0.417) (0.700)

age square 0.022 -0.026 -0.015* 0.019* 0.054 -0.057 -0.030** 0.033* 0.009 0.006 0.020 -0.034*
(0.030) (0.029) (0.009) (0.011) (0.044) (0.044) (0.015) (0.017) (0.020) (0.017) (0.012) (0.020)

female 0.045 -0.061** -0.048*** 0.064** - - - - - - - -
(0.028) (0.026) (0.018) (0.026)

other school assistance 0.167*** -0.130*** 0.068*** -0.105*** 0.207*** -0.196*** 0.055*** -0.066*** 0.165*** -0.102** 0.040 -0.103*
(0.032) (0.026) (0.022) (0.023) (0.036) (0.037) (0.019) (0.023) (0.056) (0.044) (0.032) (0.058)

number of children -0.053*** 0.048** 0.003 0.002 -0.073*** 0.071*** -0.001 0.002 -0.055* 0.048* 0.009 -0.002
(0.019) (0.019) (0.008) (0.011) (0.027) (0.026) (0.009) (0.010) (0.031) (0.027) (0.014) (0.024)

urban 0.057* -0.047 0.008 -0.018 0.063 -0.063 -0.011 0.011 0.047 -0.024 0.020 -0.043
(0.031) (0.029) (0.024) (0.035) (0.044) (0.044) (0.031) (0.034) (0.048) (0.037) (0.023) (0.041)

share xfood -0.437*** 0.360*** -0.067* 0.145*** -0.452*** 0.419*** -0.191*** 0.224*** -0.400*** 0.310*** 0.001 0.088
(0.103) (0.088) (0.035) (0.055) (0.105) (0.107) (0.065) (0.071) (0.121) (0.078) (0.061) (0.122)

own farm land -0.005 0.021 0.068*** -0.084*** 0.019 -0.009 0.082*** -0.093*** -0.057 0.079* 0.055** -0.077*
(0.043) (0.041) (0.025) (0.024) (0.051) (0.053) (0.028) (0.031) (0.055) (0.045) (0.027) (0.043)

own business -0.020 0.026 0.019 -0.025 -0.057** 0.058** 0.020 -0.021 -0.008 0.023 0.027 -0.042
(0.025) (0.023) (0.013) (0.019) (0.027) (0.027) (0.016) (0.018) (0.037) (0.029) (0.018) (0.032)

transfer cards -0.082*** 0.077*** 0.011 -0.006 -0.034 0.033 0.002 -0.002 -0.101*** 0.093*** 0.023 -0.016
(0.022) (0.021) (0.011) (0.016) (0.034) (0.033) (0.018) (0.021) (0.028) (0.029) (0.020) (0.030)

letter of poor 0.010 -0.007 0.004 -0.007 0.003 -0.002 0.011 -0.012 -0.020 0.007 -0.013 0.026
(0.040) (0.035) (0.016) (0.024) (0.031) (0.029) (0.018) (0.020) (0.051) (0.043) (0.017) (0.029)

electricity 0.223*** -0.261*** -0.017 0.055*** 0.172*** -0.172*** -0.031 0.031 0.438*** -0.307*** 0.049 -0.180
(0.043) (0.062) (0.022) (0.017) (0.052) (0.051) (0.051) (0.056) (0.148) (0.089) (0.057) (0.120)

toilet river land sea -0.092* 0.095* 0.019 -0.022 -0.068 0.073* 0.049** -0.053** -0.053 0.042 0.002 0.010
(0.050) (0.049) (0.018) (0.023) (0.043) (0.041) (0.024) (0.027) (0.087) (0.068) (0.016) (0.033)
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Variables

Boys+Girls Boys Girls
School only Work only Both Idle School only Work only Both Idle School only Work only Both Idle
(school=1 (school=0 (school=1 (school=0 (school=1 (school=0 (school=1 (school=0 (school=1 (school=0 (school=1 (school=0
work=0) work=1) work=1) work=0) work=0) work=1) work=1) work=0) work=0) work=1) work=1) work=0)

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13)

cook firewood 0.012 -0.017 -0.014 0.020 -0.059** 0.056** -0.008 0.010 0.073 -0.079** -0.036** 0.042
(0.032) (0.028) (0.013) (0.021) (0.028) (0.028) (0.019) (0.021) (0.046) (0.039) (0.017) (0.026)

poor sanitation 0.028 -0.039 -0.027* 0.038 0.132*** -0.132*** -0.019 0.018 -0.019 -0.004 -0.028** 0.051**
(0.027) (0.026) (0.016) (0.027) (0.037) (0.036) (0.017) (0.019) (0.038) (0.035) (0.014) (0.020)

father low edu 0.004 -0.016 -0.028 0.040 -0.016 0.010 -0.051 0.058 0.056 -0.072* -0.045 0.060
(0.027) (0.028) (0.019) (0.027) (0.047) (0.047) (0.039) (0.043) (0.054) (0.043) (0.030) (0.051)

father med edu 0.069*** -0.063** -0.010 0.004 0.031 -0.037 -0.052 0.058 0.070 -0.049 0.007 -0.028
(0.027) (0.025) (0.025) (0.037) (0.067) (0.068) (0.053) (0.059) (0.045) (0.037) (0.037) (0.063)

father high edu 0.240*** -0.207*** -0.065*** 0.032 0.196** -0.203** -0.098** 0.105* 0.314*** -0.308*** -0.102* 0.096
(0.043) (0.025) (0.015) (0.040) (0.088) (0.086) (0.050) (0.056) (0.091) (0.086) (0.054) (0.085)

father paid -0.003 0.011 0.017 -0.025 0.022 -0.015 0.049 -0.055 -0.023 0.032 0.021* -0.029
(0.025) (0.028) (0.018) (0.026) (0.048) (0.049) (0.035) (0.038) (0.042) (0.033) (0.012) (0.024)

mother low edu 0.079*** -0.052* 0.040*** -0.067*** 0.102* -0.098* 0.017 -0.021 0.061 -0.006 0.064** -0.119**
(0.026) (0.029) (0.015) (0.024) (0.054) (0.053) (0.028) (0.030) (0.055) (0.051) (0.031) (0.050)

mother med edu 0.102** -0.076** 0.043 -0.068** 0.110 -0.109 -0.008 0.007 0.093 -0.040 0.049 -0.102**
(0.045) (0.036) (0.028) (0.028) (0.071) (0.069) (0.036) (0.039) (0.091) (0.084) (0.033) (0.047)

mother high edu 0.205*** -0.181*** 0.118 -0.143*** 0.263** -0.242** 0.125 -0.146 0.288** -0.202*** 0.032 -0.118
(0.070) (0.045) (0.099) (0.040) (0.112) (0.109) (0.098) (0.111) (0.116) (0.068) (0.103) (0.186)

mother paid -0.049* 0.051* 0.015* -0.016 -0.012 0.014 0.026* -0.029* -0.073* 0.062* 0.008 0.004
(0.030) (0.029) (0.008) (0.010) (0.042) (0.042) (0.015) (0.016) (0.040) (0.033) (0.013) (0.022)

Province Dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Observations 2,067 2,067 2,067 2,067 1,011 1,011 1,011 1,011 999 999 999 999

Note: Standard errors are reported in the parenthesis.
∗p < 10%,∗∗ p < 5%,∗∗∗ p < 1%.
All estimations include the corresponding weights generated by the CEM.
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Table 13.: Bayesian Model Averaging Summary - BSM Recipients

BSMind Coef. Std. Err. t pip
(1) (2) (3) (4) (5)

age -0.001 (0.024) -0.03 0.15
age square 0.000 (0.001) -0.11 0.16
female 0.000 (0.002) 0.13 0.03
other school assistance 0.002 (0.007) 0.28 0.09
number of children 0.003 (0.005) 0.63 0.32
urban 0.000 (0.002) -0.09 0.02
share xfood -0.073 (0.037) -1.95 0.86***
own farm land 0.000 (0.003) 0.14 0.03
own business 0.000 (0.001) -0.06 0.02
transfer cards 0.045 (0.011) 4.23 1.00***
letter of poor 0.087 (0.01) 8.86 1.00***
electricity 0.003 (0.015) 0.23 0.07
toilet river land sea -0.004 (0.011) -0.36 0.14
cook firewood 0.000 (0.001) 0.03 0.02
poor sanitation 0.000 (0.003) -0.13 0.03
Observations 3570

Note: Standard errors are reported in the parenthesis,∗∗∗pip > 0.5.
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Table 14.: Covariate Balances with BMA - BSM Recipients

Boys+Girls Boys Girls
Pre-match multivariate
L1 distance: 0.38299786

Pre-match multivariate
L1 distance: 0.41732353

Pre-match multivariate
L1 distance: 0.42329134

Variables Pre- match uni-
variate imbalance Sample Mean Pre-match uni-

variate imbalance Sample Mean Pre-match uni-
variate imbalance Sample Mean

L1 Mean Diff Control Treatment L1 Mean Diff Control Treatment L1 Mean Diff Control Treatment
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13)

number of
children 0.158 -0.028** 0.507 0.479 0.17 -0.039* 0.517 0.478 0.167 -0.018 0.499 0.480

transfer cards 0.181 0.181*** 0.223 0.41 0.155 0.155** 0.243 0.402 0.205 0.205*** 0.204 0.417
letter of poor 0.297 0.297*** 0.213 0.523 0.299 0.299*** 0.211 0.514 0.296 0.296*** 0.216 0.530

Boys+Girls Boys Girls
Post-match multivariate
L1 distance: 0.17996524

Post-match multivariate
L1 distance: 0.2128569

Post-match multivariate
L1 distance: 0.19527003

Variables Post- match uni-
variate imbalance Sample Mean Post-match uni-

variate imbalance Sample Mean Post-match uni-
variate imbalance Sample Mean

L1 Mean Diff Control Treatment L1 Mean Diff Control Treatment L1 Mean Diff Control Treatment
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13)

number of
children 0.106 -0.001 0.480 0.479 0.157 -0.003 0.486 0.484 0.111 0.001 0.479 0.480

transfer cards 0 0 0.410 0.410 0 0 0.390 0.390 0 0 0.417 0.417
letter of poor 0 0 0.523 0.523 0 0 0.505 0.505 0 0 0.530 0.530

Note: ∗p < 10%,∗∗ p < 5%,∗∗∗ p < 1%.
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Table 15.: Estimated Bivariate Probit Model - BSM Recipients (Robustness Checks:
Using BMA to Determine CEM Covariates)

Variables Boys+Girls Boys Girls
School Work School Work School Work

(1) (2) (3) (4) (5) (6) (7)

yrAFTER -0.362*** 0.174 -0.390*** 0.120 -0.301*** 0.105
(0.083) (0.128) (0.126) (0.146) (0.101) (0.140)

yrAFTER BSMind 0.712*** -0.190 0.677*** -0.034 0.811*** -0.239*
(0.111) (0.139) (0.175) (0.174) (0.138) (0.145)

age 2.788 0.763 4.251 0.598 0.230 0.880
(1.777) (2.627) (3.458) (3.684) (3.561) (3.784)

age square -0.099* -0.013 -0.142 -0.008 -0.024 -0.017
(0.053) (0.077) (0.102) (0.108) (0.105) (0.112)

female -0.025 -0.454*** - - - -
(0.073) (0.065)

other school assistance 0.553*** -0.203** 0.763*** -0.174 0.487*** -0.252***
(0.139) (0.080) (0.128) (0.157) (0.158) (0.096)

number of children -0.043* 0.088*** -0.094*** 0.148*** 0.003 -0.000
(0.024) (0.020) (0.030) (0.036) (0.037) (0.033)

urban 0.107 -0.103 -0.009 -0.267** 0.201 0.160*
(0.126) (0.087) (0.100) (0.116) (0.197) (0.090)

share xfood -1.650*** 0.925*** -1.610*** 0.869*** -1.063** 1.306***
(0.398) (0.233) (0.246) (0.258) (0.525) (0.376)

own farm land 0.252*** 0.149 0.393*** 0.062 0.179 0.252*
(0.088) (0.118) (0.091) (0.162) (0.151) (0.142)

own business -0.016 0.194*** -0.255*** 0.266*** 0.225 -0.017
(0.059) (0.068) (0.081) (0.091) (0.148) (0.084)

transfer cards -0.140** 0.147*** -0.139 0.083 -0.212 0.104
(0.069) (0.035) (0.086) (0.093) (0.131) (0.130)

letter of poor 0.121 -0.022 0.049 0.104 0.263*** -0.164
(0.080) (0.070) (0.091) (0.075) (0.085) (0.122)

electricity 0.359** -0.766*** 0.477* -1.160*** 0.729 -1.178***
(0.182) (0.132) (0.249) (0.351) (0.469) (0.254)

toilet river land sea -0.158 0.195 -0.259** 0.202* -0.233 0.173
(0.138) (0.143) (0.107) (0.120) (0.200) (0.195)

cook firewood -0.222*** -0.008 -0.424*** 0.213** -0.052 -0.175
(0.083) (0.054) (0.141) (0.105) (0.104) (0.140)

poor sanitation 0.017 -0.137* 0.117 -0.145 -0.383*** -0.054
(0.090) (0.077) (0.097) (0.127) (0.088) (0.118)

father low edu 0.023 -0.169** -0.151 -0.003 -0.087 -0.227**
(0.065) (0.085) (0.149) (0.111) (0.122) (0.108)

father med edu 0.352*** -0.183*** -0.084 0.084 0.270 -0.226
(0.121) (0.068) (0.141) (0.130) (0.262) (0.149)

father high edu 0.440*** -0.712*** 0.171 -0.453*** 0.370 -0.750**
(0.148) (0.179) (0.245) (0.144) (0.273) (0.306)

father paid 0.025 0.106 0.029 0.014 0.170** 0.025
(0.077) (0.113) (0.135) (0.175) (0.085) (0.139)
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continued from previous page
Variables Boys+Girls Boys Girls

School Work School Work School Work
(1) (2) (3) (4) (5) (6) (7)

mother low edu 0.183** 0.068 0.244** -0.136 0.272* 0.189
(0.093) (0.055) (0.114) (0.149) (0.147) (0.130)

mother med edu 0.392*** -0.087 0.263 -0.219 0.589*** 0.042
(0.144) (0.092) (0.165) (0.202) (0.142) (0.217)

mother high edu 1.291*** -0.253 1.282*** -0.518 1.662*** -0.566
(0.183) (0.238) (0.236) (0.344) (0.348) (0.403)

mother paid -0.027 0.123* -0.165 0.091 -0.040 0.153
(0.101) (0.064) (0.119) (0.131) (0.096) (0.116)

Constant -18.270 -9.645 -29.967 -7.965 2.612 -10.615
(15.074) (22.343) (29.520) (31.542) (30.093) (32.080)

Province Dummies Yes Yes Yes
Observations 3,402 1,592 1,657
Artrho -0.729*** -0.829*** -0.731***

(0.053) (0.075) (0.074)
Rho -0.623 -0.680 -0.624

Note: Standard errors are reported in the parenthesis.
∗p < 10%,∗∗ p < 5%,∗∗∗ p < 1%.
All estimations include the corresponding weights generated by the CEM.
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Table 16.: Bayesian Model Averaging Summary - BSM Recipients’ Siblings

BSMsib Coef. Std. Err. t pip
(1) (2) (3) (4) (5)

age 0.000 (0.01) -0.02 0.02
age square 0.000 (0.00) 0.02 0.02
female 0.000 (0.002) -0.12 0.03
other school assistance 0.003 (0.008) 0.38 0.15
number of children 0.046 (0.003) 13.41 1***
urban 0.000 (0.001) 0.02 0.02
share xfood 0.000 (0.005) -0.1 0.02
own farm land 0.000 (0.001) -0.05 0.02
own business 0.000 (0.001) 0.01 0.02
transfer cards 0.071 (0.009) 7.55 1***
letter of poor 0.039 (0.009) 4.16 1***
electricity 0.020 (0.034) 0.59 0.3
toilet river land sea -0.001 (0.005) -0.18 0.05
cook firewood -0.023 (0.013) -1.7 0.81***
poor sanitation 0.000 (0.001) -0.03 0.02
Observations 3335

Note: Standard errors are reported in the parenthesis,∗∗∗pip > 0.5.
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