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Abstract 

 

Supervisory Committee 

Dr. Judith A. Clarke, Co-Supervisor 

(Department of Economics) 
 

Dr. Nilanjana Roy, Co-Supervisor  

(Department of Economics) 
 

 

We examine the gender gap in school attendance of children aged 7-14 in India 

using National Family Health Survey Three (NFHS-3). We demonstrate that the choice 

of the sample examined has important implications for policy. A household decision 

model is used to motivate whether a child attends school and/or works. A bivariate probit 

model and Blinder-Oaxaca Decomposition are applied to see how changing sample 

groups and adding regressors impact results, and the implications this has upon gender 

gap and effectiveness of centralized policy as opposed to decentralized policy. Results 

show the gender gap is sensitive to the sub samples chosen (e.g. a particular state, a 

specific location (urban or rural), and gender) and to the choice of regressors, and that 

centralized policy may be less effective than decentralized policy. Parental education, 

wealth, location and gender are found to be the most volatile and influential variables in 

the household decision process. 
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Chapter 1: Introduction 

The United Nations created the Millennium Development Goals (MDG) to guide 

the mitigation and eradication of poverty, hunger, illiteracy, and disease, by providing 

numerical benchmarks for them. The Goals also strive to achieve gender equality and 

empowerment of women, environmental sustainability, and to create a global partnership 

in development. The date set out for achievement of these goals is 2015.  

There are eight Millennium Development Goals in total, and Goals 2 and 3 are to 

achieve universal primary education and to promote gender equality and empowerment 

of women, respectively (United Nations Development Programme (UNDP) 2011). These 

goals encompass the focus of this thesis; to identify gender and spatial disparity in school 

attendance in India and their policy implications. To address this question, we compare 

results from different sample groups and apply a modified Oaxaca-Blinder 

Decomposition to identify gender differences in family characteristics (endowments) 

versus differences in resource use and allocation within the household (coefficients) 

(Blinder 1973; Oaxaca 1973).  We undertake such analyses to see whether differences in 

family endowments across gender or family resource allocation across gender is the main 

cause of the gender gap, and therefore identify which aspect requires more attention from 

policy in order to reduce the gap. 

India is committed to achieving a number of the MDG that are relevant to the 

country by the 2015 target, and have incorporated them into their 2009 country report 

(Government of India (GoI) 2009). India’s 2007-2012 5 Year Plan includes India’s 

intentions around education, with a goal of achieving universal primary education by 

2015. The MDG country report for India indicates the country is on track to achieve this 

http://www.undp.org/mdg/basics.shtml
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goal (GoI 2009). Other country goals were outlined in the Sarva Shiksha Abhiyan 

(Education for All Movement), and included goals of universal student retention by 2010, 

bridging all social and gender gaps at primary school by 2007 and upper primary by 

2010, and to improve the quality of education. Many of these goals were not met, but the 

progress has still been substantial (Govinda & Bandyopadhyay 2010; National University 

of Educational Planning and Administration (NUEPA) 2007). 

The following discussion is provided to give some context to the recent schooling 

situation in India and the progress being made there.  The gender gap in primary 

enrollment was at 13.7% in 1997-98 (GoI 2000), and fell to 3.8%  by 2005-06, but was 

still high for upper primary/secondary
1
 at 12.8%  (International Institute for Population 

Sciences & Macro International (IIPS & MI), 2007). Total enrollment in 2005-06 was 

83.1% for primary and 60.5% for upper primary/secondary (IIPS & MI 2007).  GoI 

(2006a) reports that in 2005 more children were out of school in rural areas than urban 

areas (7.8% compared to 4.3%). These statistics show that school attendance in India still 

needs policy promotion, and that gender and location may need special attention. 

Since the Millennium Goals mentioned focus on education and empowerment of 

women, and the focus on education within the current Indian 5 Year Plan is on 

disadvantaged groups to a large extent, the MDG provide good justification for the 

research on school attendance performed in this thesis. We compare national level 

marginal effects from bivariate probit models that estimate school attendance and labour 

force participation simultaneously.  These marginal effects identify trends in regressors, 

demonstrate differences across sample groups, and provide potential targets for policy.  

                                                 
1
 The 2007 report by International Institute for Population Sciences & Macro International (IIPS & MI) claims 

primary school includes grades 1-5 with children aged 6-10, and upper primary/secondary school is grades 
6-12 with children aged 11-17 (page 31). 
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In addition, we adopt an approach frequently used in labour economics – a Blinder-

Oaxaca Decomposition – to ascertain what is driving the gender attendance gap. These 

decompositions are potentially very useful as they provide information on whether 

gender differences in school attendance arise from disparity in family endowments or in 

the allocation and utilization of them.  We then compare these decompositions across 

various nested sample groups in order to argue that policy derived from national level 

models may not be (as) effective for nested sample groups. For instance, policies to 

improve school attendance may need to be state specific. This is a novel contribution 

because much of the existing literature makes policy suggestions for the entire population 

based on a single national level model (no disaggregation by department in Zapata et al. 

(2010), for example) or for a specific location (e.g., a rural sample from one particular 

state in India in Pal (2004)) but not both. Our results could better inform group specific 

policy for school attendance and be more effective in trying to attain the MDG.  

To undertake our study we use data from India’s third National Family Health 

Survey (NFHS-3) from 2005-06.  This dataset was collected using a complex survey 

design and has information on child labour for children aged 5-14. One distinct advantage 

of this dataset is the identification of child labour other than just market work; e.g. 

household work.  This is an important gain in information for our study because the 

participation rate of girls in household chores is far higher than boys, which may help 

explain the gender gap.  This will help to better estimate the relationship of work and 

school. Our findings, we believe, identify key issues of importance when targeting school 

attendance. 
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Chapter 2 begins the thesis with a discussion of the economics literature on 

education including why it is an important social good, the household decision process 

for school and work and the incentives behind it, a review of previous attendance 

research, and finally of Indian policy. Then Chapter 3 presents the methodology where 

we outline a simple economic model found in the recent literature, the bivariate probit 

model that results from the simple model, and the modified Blinder-Oaxaca 

Decomposition based on our regression model. Chapter 4 contains a discussion of the 

data used and some summary statistics which demonstrate differences across gender, 

location (urban/rural), and state. Results and analysis are available in Chapter 5 

presenting results from the national level and our sample state of Bihar in order to 

demonstrate the need for decentralized, targeted policy.  Chapter 6 provides concluding 

remarks and some directions for future research. 
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Chapter 2: Literature Review 

This section first examines why it is important to emphasize education as a public 

good, especially in developing countries. After establishing that there is a need for 

government involvement in education, we move on to discuss the family’s decision 

making process for a child’s engagement in a combination of work and schooling. 

We consider four possible activity outcomes for children: schooling, working, 

both, or neither. The benefits and direct costs of school are explored first in order to 

examine the schooling decision in isolation. This is followed by building upon school’s 

primary competitor and opportunity cost; the family contribution from a child’s work. It 

is the combination of the benefits from child schooling and labor output that allow us to 

better construct the child activity decision making process facing a family.  

Having established the decision making process facing a family, we then compare 

groups in a society where one group’s households are not selecting school as often as 

another group’s households. Such differences lead to school attendance gaps between 

groups, motivating our use of different sample groups and the Blinder-Oaxaca 

Decomposition to attempt to provide insight on these school attendance gaps. 

2.1 The Importance of Education as a Public Good: Societal Gains 

It is long established that education provides personal benefits as well as social 

and economic development in society, with education’s value in and of itself still 

ingrained in many cultures (see, e.g., Anand & Sen 1994; Khaparde 2002; Rao et al. 

2003). For these reasons education is typically considered a component of country 

growth (through human capital accumulation) and personal well-being, and this has led to 
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education typically being federally administered and promoted (e.g. Todaro & Smith 

2009, pages 375-378; Buchmann 2000). 

However, the benefits to society are not simply monetary. Education is seen as a 

method to elevate oppressed and less-well-off social groups or demographics. For 

instance, education is often credited as being a factor in the rise of women’s equality and 

Affirmative Action in the United States, and is reflected by reservations for Scheduled 

Caste (SC) and Scheduled Tribes (ST) in universities and government positions in India 

(Gang et al. 2006). Education as a method of empowering women seems especially 

beneficial by allowing postponement of marriage, lower fertility, and improved 

household bargaining (Bledsoe et al. 1999; Mari Bhat 2002; Pal & Makepeace 2003). 

Increases in a mother’s education also lead to notably improved health and education 

outcomes for children (especially girls) compared to the influence of their father’s 

education (Duraisamy 2000; Huisman & Smits 2009). 

The recognition of education’s importance as a social good, and the need to focus 

on the school attendance of children, is well demonstrated by the substantive education 

overhauls of India post independence, and China post revolution (Hanushek & 

Wössmann 2007; United Nations Educational, Scientific and Cultural Organization 

(UNESCO) 2007; Rao et al. 2003). However, in order to promote education effectively, 

the private incentives and decision process around a child’s education must be better 

understood. 

2.2 Children’s Engagement in Activities: Education, Work, or Neither 

The decision of sending a child to school (and on learning outcomes) is complex 

and heavily involves the decision to utilize a child for labour, whether working within the 
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family or outside it. This is because the primary opportunity cost of sending children to 

school is the family contribution that could be obtained if the child is working instead. As 

such, when making the schooling decision the potential net-return to schooling (future 

gains vs. direct costs) is weighed against the potential family contribution from the child 

working, as well as against any time the parent would need to spend making sure the 

child can attend school.  

Furthermore, the value attached to the child’s contribution from working is itself a 

function of the well being of the family. A poor family will value the child’s income 

more highly than a rich family simply because the child’s contribution may be necessary 

to make ends meet. The same can be said for the direct costs of schooling; they are a far 

greater barrier for children of poor families. According to the NFHS-3 prohibitive cost of 

school was a large reason why 6-17 year old Indian children did not attend school in 

2005-2006 (roughly 18%), but work was the most common reason why children did not 

attend school (23% of boys and 21.6% of girls who did not attend) (IIPS & MI 2007). 

This suggests that school’s direct and indirect costs (i.e. opportunity cost of the child) are 

important deciding factors for a child’s school attendance
2
. 

As such, the relationship between schooling and work is important because the 

total time that can be invested between the two activities is constrained, and excessive 

work can lead to nonattendance or attendance but poor school performance. Consider the 

choices facing a family for what to do with their children: send them to school, have them 

perform some type of work, select some combination of the two, or allow a child to be 

idle and engage in neither school nor work. Such possible choices demonstrate the 

                                                 
2
 In fact, for poor families, these costs are the primary concerns. For example, it may be possible that a family 

knows how much they could gain by sending their child to school, and would, but instead they need the 
child to work so that the family does not starve. 
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importance of understanding the role of net-benefits from school and child labour 

contribution in household decision making, and support the need for a lengthier review of 

the child labour and schooling literature. 

2.3 Choosing Schooling: Future Earnings, Employment Opportunity and 

Culture 

What exactly is the personal (household) value of schooling though, and why do 

we consider child labour contribution to the family as the primary opportunity cost of 

schooling? Net returns from schooling are a major determinant in the choice to go to 

school as well as to continue on to higher levels of education (Todaro & Smith 2009, 

pages 375-378). Benefits can include improved job availability, increased income, better 

health, and improved social mobility (Gang et al., 2006; Hanushek & Wössmann 2007; 

UNESCO 2007). The chance for improved job availability and increased income are 

especially important for understanding the school attendance decision at the household 

level, and therefore must be considered when promoting school attendance via policy.  

A common way of thinking about education is as a (human) capital investment; 

the child/family put off earnings now (child labour in this case) for larger future earnings 

(Becker 1964; Mincer 1958). If there is little available from education in terms of 

increased income or job access in the future, or the schooling quality is quite poor, then it 

makes education less appealing, which can contribute to low attendance rates for 

children, even at primary levels (Huisman & Smits 2009)
3
.  

                                                 
3
 Unfortunately, our data set does not contain information regarding quality of schooling (infrastructure, 

teachers, etc.) or local job prospects. We hope to be able to expand on these in the future. 
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Research examining returns to schooling includes papers by Kingdon (1998; 

2002), Kingdon and Unni (2001) and and Kingdon and Thopold (2008). They find that 

marginal returns from educational level in India are quite substantial for five different 

years examined between 1983 and 2004. For men, primary and middle school offered 

between 5% and 10% returns and were higher for secondary school at around 20%. The 

impact on women’s earnings is even more substantial, seeing increases of between 2.5% 

and 7% for primary, 10% and 17.5% for middle school (this one dropped over time), and 

a staggering 40% to 45% for secondary school (although this fell to 32% by 2004) . This 

shows that returns to education can be quite high, even from just a few additional years, 

which is encouraging because of the positive impact this will have on choosing to attend 

school.  

However, Kingdon (2002) also found that lower returns for girls from schooling 

were likely a large factor in the gender gap in schooling for urban areas of the state of 

Uttar Pradesh. These results are difficult to interpret further as they are based on average 

sample characteristics and estimated returns will reflect some combination of labour 

force participation and wage.  For example, the same mean could be produced from a 

sample by having all women make the same pay or by having a few highly paid women 

pulling up the average (e.g., see Rao et al. 2003). Regardless, the returns from education 

may vary widely from state to state, be difficult to measure, and not be known by the 

parents a priori (Kingdon 2002). 

Further, empirical work in Pal (2004), using the average labour participation rate 

of adults and average daily wage as proxies for local returns to schooling, and by 

considering child labour as a primary opportunity cost of schooling, suggests that the for 
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boys in rural areas of the state of West Bengal the decision to work and not attend school 

is mainly based on the monetary return, but the decision for girls to work and not attend 

school is more reliant on culture and/or local practices (the participation rate). This lends 

further justification for analyzing the sample for numerous subgroups split up based on 

multiple identifying variables, and for examining how much of the gender gap in school 

attendance is caused by unobservable factors, such as culture. 

Culture can play an important role when considering the future earnings of a 

child. For instance, it is important in cultures where grown children take care of their 

elderly parents. Parents may choose between income now (child labour) and a better 

income/lifestyle later from a better educated child, and so the availability of educated 

work and its marginal returns (increased wage) can play a large role in schooling 

decisions (Pal 2004; Huisman & Smits 2009; Todaro & Smith 2009, pages 375-382).   

When considering children as a method of saving for future needs in countries 

such as India, where ‘‘a girl’s allegiance after marriage is mainly to her future husband’s 

family, the balance of perceived benefits to parents is likely to favor the education of sons 

over daughters” and that can contribute to gender gaps in education (Colclough et al.  

2000, page 17).  Further support for this is offered by a survey of 1,221 households in 

four Northern Indian states that found that, when the driving factor for education was 

improving a child’s future income and job opportunity, 87% of parents with boys wanted 

the boys educated, while only 40% of the parents with girls wanted the girls educated 

(PROBE 1999).   

Another cultural factor may also be at play.  For instance, bridal practices in India 

may cause parents to see a daughter’s education as actually being a barrier to marriage; 



 

 

11 

finding a suitable (similarly educated) husband increases the dowry parents must pay the 

groom’s family (Rao et al. 2003; PROBE 1999). According to this view, a daughter is 

already considered to be marrying out of the family, and the dowry further increases the 

cost of a daughter’s education and may make it more attractive to have the daughter work 

rather than attend school. Alternatively, as cultural views begin to shift, a more highly 

educated husband may not feel as tradition bound and forgo the dowry, or the husband’s 

family may take the benefits from the daughter’s education into account and ask for a 

lower dowry (programs promoting these ideas could be effective at encouraging 

education). 

Examples of such longstanding traditions and cultural views may be playing a 

role in gender differences in school attendance and also suggest, as such practises 

typically vary across regions within a country, that educational attainment should be 

examined regionally rather than just nationally. Rao et al. (2003, page 165) support such 

claims, stating that “there are sharper variations across social groups in the value 

accorded to education in the Indian context”, and another government report suggests that 

some parents in India believe education beyond the most basic levels (or at all) is simply 

not necessary for their children (GOI 2006c).  

It has also been suggested that those believing in Karma or the Caste system may 

be more prone to inaction towards altering future prospects of children by accepting or 

believing that they deserve being where they are now(e.g., Rao et al. 2003; Wiener, 

1991). There is also evidence that children of Scheduled Castes (SC), and especially 

children of Other Backwards Castes (OBC), are discriminated against in the classroom by 

peers and teachers (Borooah & Iyer 2005; Desai & Kulkarni 2008). Such practises further 



 

 

12 

support our claim that it is vital to explore school attendance by subgroups.  These 

practices also suggest that culture must be taken into account when relating results of one 

area to another, and when examining a family’s decision to send a child to school. 

The family’s perceived return from school is also heavily impacted by the quality 

of the schooling. Teacher absence, idleness (present but not actively teaching), and poor 

school quality and accountability are hypothesized as contributors to the issue of poor 

quality (Glick 2008a; Rao et al. 2003; Huisman & Smits 2009).  If a child is not receiving 

a “good” education then it is fair to assume that the education will have less of an impact 

on future earnings, and the alternative option of child labour (or even being idle) becomes 

more attractive. For example, one way that India has been trying to provide enough local 

teachers is through the recruitment of “para-teachers” (Govinda & Bandyopadhyay 2010; 

Rao et al. 2003), who are often not well qualified, along with being used more 

extensively in rural areas where it is hard to attract qualified teachers. Students also claim 

that a lack of interest in studies is a major reason for dropping out of school (PROBE 

1999). Such lack of interest may be arising for a variety of reasons.  For instance, 

students may not be challenged enough or there may be a lot of repeated material, 

especially in schools that have a single class for all ages. In fact, lack of interest in their 

studies amongst 6-17 year olds was one of the largest reported reasons for dropping out 

of school by 2005-2006; 36% of boys gave this answer compared to 21% of girls (IIPS & 

MI 2007). 

The discussion in this section indicates how complicated the schooling decision 

is, depending on motivations of parents for support, opportunities for child labour, and a 
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variety of cultural, regional and social factors.  We now turn our attention to a discussion 

of family decisions related to child labour. 

2.4 Choosing to Work: Opportunity Costs and a Child’s Family Contribution 

Child labour has long been identified as a barrier to education, with past research 

typically focusing upon market work
4
, often due to data limitations regarding other types 

of work. Fortunately, as detailed surveys are becoming more extensive, the availability of 

data on other types of work is improving, enabling such alternatives to be considered. 

This section goes on to explore research on child labour, including first reviewing the 

International Labour Organization’s (ILO) definition of child labour:  

“Work that deprives children of their childhood, their potential and their 

dignity, and that is harmful to physical and mental development. It refers 

to work that: 

• is mentally, physically, socially or morally dangerous and harmful 

to children; and 

• interferes with their schooling by: 

• depriving them of the opportunity to attend school; 

• obliging them to leave school prematurely; or 

• requiring them to attempt to combine school attendance with 

excessively long and heavy work” (ILO 2011) 

 

This definition establishes the importance placed upon schooling, and the need for 

a child’s work to not interfere with said schooling, and the policy direction of India seems 

to indicate recognition of this school-work problem. Most notable, the Indian 

Constitution bans child labour under Article 24. However, Article 24 only applies to 

children below 14 and they are only barred from factories, mines, or other hazardous 

environments. Extensions were added in 2006, with the Child Labour Prohibition (and 

                                                 
4
 Market work is typically defined as sale and production of goods outside the household, e.g. working in a 

family stall or a factory. Household chores, for example, are not included in this, nor is agricultural work, 
depending on the study. 

http://www.ilo.org/ipec/facts/lang--en/index.htm
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Regulation) Act adding bans on children performing domestic labour, work in hotels and 

restaurants, and working in a handful of other establishments.  

Unfortunately, such bans are difficult to monitor and enforce (Sud 2010), leading 

some to believe that the continued prevalence of child labour is in part due to 

unwillingness at the local level (primarily) to eradicate child labour, perhaps due to 

collusion of government officials and local politicians with large landholders and 

industrialists who rely on child labour (Burra 2003). Still, the root of the problem is at the 

family level, and the decision making process for a child’s activity, and so we now move 

to discuss types of work and the gain to the household. 

Working on family land is one important contribution children can make to the 

family. Research done by Bar and Basu (2009) find an inverted-U relationship between 

hours worked and acres of land, appearing to be the result from a wealth effect building 

over time and giving the family a better ability to overcome the costs of schooling, while 

also leading to lower family valuation of the child labour input and therefore decreasing 

opportunity cost of school (Basu et al. 2008). The finding of increased land increasing 

child labour is consistent with results for girls in Ghana, though not boys (Bhalotra & 

Heady 2003). 

However, work by Chamarbagwala and Tchernis (2009) indicates there may not 

be an inverted-U relationship, as increasing land ownership increases schooling, lowers 

idleness, and increases labour. The increased school attendance from the wealth effect 

appears to dominate the relationship, further evidence that poverty and the opportunity 

cost of school are preventing children from attending school, as was highlighted in the 
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section on returns to school. The opportunity cost of a child’s contribution needs further 

examination though. 

One interesting case study of child labour rates and school attendance in the 

1990’s, specifically with respect to opportunity cost, was offered by tariff reductions 

across India (Edmonds et al. 2010). On average, and especially for girls, school rates 

increased and child labour decreased. Edmonds et al. go on to argue that these findings 

are driven by poverty reduction resulting from workers in a sector that remains protected 

gaining increased purchasing power from retaining high wages in the protected sector 

with a reduction in the price of goods from the unprotected sectors. Edmonds et al. also 

mention that increased competition for these higher value jobs could drive children out of 

the labour market, perhaps pushing children into lower paying jobs and thus lowering the 

opportunity cost of schooling. These findings led Edmonds et al. to conclude that poverty 

is a key motivating factor for child labour. Results from Pal (2004) support this finding, 

and indicate that poverty and the opportunity cost of school are important factors in the 

household’s schooling decision. 

The definition of child labour provided above is useful, but it does not provide 

measurements for identifying child labour.  Some possible measurements are explored in 

the next section. 

2.5 Labour Force Participation: When is a Child Considered a Child 

Labourer? 

In order to analyze child labour, a measurement for its occurrence must be 

established. This is done using a labour force participation (LFP) variable. The number of 

hours actually being worked by a child, the type of work being done, and the child’s age 
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are important considerations for the measurement’s construction. There are a number of 

proposed methods in the literature (see Table 1 and Edmonds 2008). 

There are two basic metrics. The first is a simple binary variable that equals one if 

a child works any hours at all, and 0 if the child does not work, regardless of the type of 

work. This was used in the regressions of Kambhampati & Rajan (2006), and Emerson & 

Souza (2008). The second basic measurement is a summing of all work hours, which was 

used by Rosati and Rossi (2003). These two metrics can be combined to produce a single 

binary LFP measurement based on a cut-off of total working hours, such as the measure 

used by Zapata et al. (2011).   

However, as demonstrated by the ILO’s definition of child labour, some work 

(such as chores) may not be considered child labour as long as they do not interfere with 

school, and other work types are detrimental regardless of the hours worked. This leads to 

more complicated measurements, such as that used by the ILO’s Statistical Information 

and Monitoring Program on Child Labour, identified in Edmonds’ (2008) paper for the 

ILO, which combines hour cut-offs and binary criteria. The LFP measurement used in 

India’s NFHS-3 report also uses a mixture of hour cut-offs and binary criteria to create a 

final LFP measurement (IIPS & MI 2007).  
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Table 1: LFP Measurement Definitions 

Source LFP Definition 

Kambhampati & Rajan 
(2006); 
Emerson & Souza (2008) 

A variable that has a value of 1 if a child works 1 or more hours 

per week  

 Kambhampati & Rajan: Survey response was set to 1 if 
labour was the child’s primary activity 

 Emerson & Souza: Data is “generally understood to be 
exclusive of household chores” (Emerson & Souza, 
Note 17, page 1659) 

Rosati & Rossi (2003) A continuous variable that indicates the total hours worked 

 Rosati & Rossi’s data did not include domestic chores, 
as this data was not recorded in the datasets used. 

Zapata et al. (2011) A binary variable that equals 1 if a child worked 15 or more 

hours per week. One measurement was only market work, the 

other was a combination of market work and domestic chores 

Edmonds (2008, ILO 
working paper) 

 A child under 12 who is economically active for 1 or 

more hours per week, 

 A child 14 and under who is economically active for at 

least 14 hours per week,  

 A child 17 and under who is economically active for at 

least 43 hours per week, 

 A child 17 and under who participates in activities that 

are “hazardous by nature or circumstance” for 1 or 

more hours per week, where hazardous work 

jeopardizes the health, safety or morals of young 

persons, 

 A child 17 and under who participates in an 

“unconditional worst form of child labour” such as 

trafficked children, children in bondage or forced 

labour, armed conflict, prostitution, pornography, illicit 

activities 

International Institute for 
Population Sciences (IIPS) & 
Macro International (2007, 
page 48, Table 2.21) 

“Children age 5-11 years who in the 7 days preceding the 

survey, worked for someone who is not a member of the 

household, with or without pay, or did household chores for 28 

or more hours or engaged in any other family work and 

children age 12-14 years who in the 7 days preceding the 

survey, worked for someone who is not a member of the 

household, with or without pay, for 14 or more hours or did 

household chores for 28 or more hours or engaged in any 

other family work for 14 or more hours” 
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The ILO also offers a definition for light work, which is: “where a child aged 12-

14 is performing non-hazardous market work and for less than 14 hours per week” 

(Edmonds 2008, page 19). Zapata et al.’s (2011) measurement uses a cut-off of 15 hours 

or more, but the cut-off is also extended to children below 12, as seen in the appropriate 

table element. 

Rosati and Rossi’s (2003) definition was used to examine child labour in 

Nicaragua and Pakistan. For the school attendance regressions, a LFP variable was 

created that equals one (zero otherwise) if a child performed any work, but it did not 

include household chores. Rosati and Rossi found that boys tended to work longer hours 

than girls, but this may be because household chores
5
 were not included. The lower 

school attendance of girls with siblings below five years of age is supportive of this 

claim, as such girls may be staying home to care for the younger siblings. Such an 

example demonstrates the importance of categorizing domestic work when considering 

labour force participation (when the data is available). 

Zapata et al. (2011), who used a dataset that included information on household 

chores, looked at child schooling and labour in Bolivia, and flagged a child for LFP if 

they had worked 15 or more hours per week. They also performed sensitivity analyses 

using 5, 10, and 20 hour cut-offs and found “the results did not change” (Zapata et al. 

2011, page 598).  

  When looking at which children participated only in market work (15 or more 

hours), Zapata et al. found that 32% of boys participated, compared with 25% of girls. 

                                                 
5
 In NFHS-3 household chores can be thought of as any work for family (including relatives), e.g. fetching 

water, watching children, cooking, etc. It excludes work on farms, family businesses, or on the street (which 
are captured by “other family work”). 



 

 

19 

When domestic work and market work were combined, the increase in working children 

was staggering: 88% of girls were now considered to be participating, and 83% of boys 

were participating; more than a 50% point increase.  Interestingly, market work rates 

were much higher for the indigenous populations: 58% for indigenous vs. 18% for non-

indigenous, and indigenous children had much higher dropout rates than non-indigenous 

with 42% vs 14%. Zapata et al. point out that many indigenous groups view learning 

about agriculture or the family trade as more worthwhile than schooling, as they tend to 

distrust the federal schools (Howard-Malverde & Canessa 1995).  Such factors may be 

driving this attendance gap, in part. These findings offer insight for the SC and ST of 

India, and also highlight the importance of examining rural and urban areas separately, as 

it is likely that such views differ across these two regions. The drastic changes to LFP 

that occurred when domestic work and market work were combined also shows that a 

combined measurement for LFP is worth considering. Having examined the measurement 

of work and school attendance, we now turn to the activity of being “idle”. 

2.6 Choosing Neither to Attend School nor to Work: Idle Children 

Idle children are those that neither go to school nor work, and this class of 

children offers an interesting argument against poverty and opportunity cost as barriers to 

school because they do not explain idle children, which in turn means that poverty and 

the opportunity cost of schooling may not be the only factors (if at all) that are keeping 

children out of school (Bhatty 1998).  If poverty and opportunity cost were the only 

reasons for not attending school then the number of idle children should be lower than it 

is in many studies, and the amount of children only working should be higher. Bhatty 

(1998) backs this argument up with field-level investigations that showed the key  
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reasons for not attending school are the direct cost of school and poor facilities and 

curriculum, which drive a lack of interest on the part of children, as raised in section 2.3.  

Given this feature, it is odd that more children are not working. If the household is 

poor, and a child is not attending school because of it, then we would expect them to be 

working. In essence, why is being idle even considered an option by families? In some 

cases it may be an absence of work availability, or a combination of not needing a child 

to work and the child not being interested in attending school or parents not thinking it 

necessary. A review of idle rates in other surveys helps shed light on this. 

Duraisamy (2000) also points out the idle child problem. Results from the study, 

using the 1994 National Council of Applied Econometric Research of India (NCAER) 

dataset, indicated that of the 48% of children not in school only 12% appeared to be 

working outside the home while the remaining 36% appeared to be doing nothing.   

Chamarbagwala & Tchernis (2009) also report high idle rates for India (20%) in 1999-

2000 while, in 1996, Pakistan saw idle rates of 14% for boys and 50% for girls (Rosati & 

Rossi). Duraisamy emphasizes the need to better understand why so many children are 

not attending school and are idle rather than working.  It turns out that a large part of 

these idle rates can be explained away by the newer surveys that include a greater variety 

of child labour options, namely beyond non-household work.  

Comparing NFHS-3 (2005-2006) estimates of idle rates when LFP only includes 

non-household work to when all work types are included, we find in the former case a 

total of 15% of 7-14 year olds are idle, but when domestic work and other family work 

are included, idle rate drops to 4.4% of 7-14 year olds. Clearly, having access to data on 

other types of work, such as family work and domestic work, is important for properly 
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identifying why children are not in school. With the extra data on child labour the idle 

child problem is not nearly as large as indicated in previous studies, but is still important 

for policy consideration. 

There are, of course, still quite a few idle children.  This may be due to migration 

for work that many Indian families must participate in to survive (Wadiker & Das 2004; 

Smita 2008). These migratory families are often not in an area long enough to acquire a 

stable enough routine to enable children to attend school, or they may be are in areas with 

schools incapable of dealing with the influx of students, or there may be no schools at all. 

With an estimated 20% of the Indian population being migrant in 2004 (77% of whom 

were women and children), migration seems to be a major hindrance to universal 

enrollment (United Nations Children’s Fund (UNICEF) 2004).  

We have considered a number of factors that influence a family’s child activity 

decision. That poverty, gender, social class, culture, and location all play roles in the 

process indicates that it is important to examine these factors in greater detail as 

subgroups.  The complex nature of the decision making process may also make it 

difficult to isolate factors individually.  We now direct attention to exploring gaps in 

school attendance. 

2.7 Gaps in School Attendance: Groups that are Lagging Behind 

It is already apparent from our discussions that there are differences in the activity 

decision processes for girls and boys, as well as between other groups such as the poor 

and wealthy, suggesting that it is important to analyze these groups separately in order to 

better inform policy. 
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Turning to gender differences, it is well established that in India, and other parts 

of the developing world, girls have lower school attendance rates than boys, and often 

achieve lower levels of schooling. The same seems to be the case for children who reside 

in rural localities compared with those who live in urban areas, and for children in 

marginalized, often poorer, social groups such as SC, ST and OBC (e.g., see Duraisamy 

2000; Chamarbagwala 2009). In order to explain these differences in school attendance, 

the focus of research has typically been on family characteristics and endowments as 

explanatory variables, often using a dummy for a given group or comparing coefficients 

across sample groups to demonstrate differences. In this section, we review past findings 

on group gaps in school attendance and education. The focus is primarily on gender, but 

also touches on urban/rural disparities, and those between indigenous and non-indigenous 

groups, income groups, and religion. 

The issue of poverty being a barrier to school is well established in the literature, 

as discussed in our child labour section (2.4). Children in any given income bracket are 

less likely to attend school than children in brackets above them, all else equal (Pal 

2004). Basu et al.’s (2010) work on capital accumulation via land increasing school 

attendance is another example of wealth’s role in attendance. Furthermore, the impact of 

wealth on schooling can be different across groups, such as in studies finding that lower 

wealth has a stronger negative impact on the school attendance of girls than boys (Glick 

2008b). This difference in the decision making process between genders is well 

documented, and has been the focus of a great deal of research and policy. 

The gender gap in school attendance seems to be a long standing problem in 

India, though the country has progressed tremendously towards equality in attendance 
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over the past few decades. The 1994 NCAER dataset on India found that girls had an 

attendance rate 12% below boys, with 62% enrollment nationwide, indicating a 

substantial gender disparity for 5-14 year olds (Duraisamy 2000). Ten years later, this 

disparity still continued in many areas of the country, with attendance rates of 84.95% for 

boys and 79.85% for girls aged 7-14 with both parents present in the household (national 

average of 82.50%), although now this age group is actually seeing girls with higher 

attendance rates then boys in some (mainly urban) areas (NFHS-3). 

Like the impact from wealth, Duraisamy (2000) found that other exogenous 

variables also had different impacts (coefficients) for boys and girls, suggesting that it is 

important to analyze boys and girls separately. Maternal education, state, and household 

religion seemed to be key variables that differed across gender. Glick (2008a) also found 

that impacts of distance to school, teacher gender, the level of facilities at the school 

(separate bathrooms for example), differed across gender. 

It has also been suggested that subsidized childcare needs to be examined more 

closely since girls may be taking care of young siblings rather than going to school (Glick 

2008a). We account for such an effect by the inclusion of anganwadis
6
, the presence of 

siblings aged five and under, and perhaps the household structure (nuclear vs. non-

nuclear). Some studies have used similar variables and found that having younger 

siblings lowered attendance of girls, while having more adults in the household increased 

attendance (Zapata et al. 2011). The attendance gap between urban and rural children is 

also well documented, with urban children typically having higher attendance rates (e.g., 

Chamarbagwala 2009). This is certainly the case in India, and the gap becomes more 

                                                 
6
 Anganwadis are centers/workers tasked with caring for the health and educational needs of pregnant women 

and children under 6. 
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pronounced as the children enter secondary school (IIPS & MI 2009). It is difficult to 

fully isolate what is driving this gap, but since rural families tend to be poorer than urban 

families it is likely a contributing factor (and adds credence to comparing certain sub-

samples). Poor access to appropriate schools and quality teaching are also likely factors 

for rural areas, and cultural and societal factors that may be more instilled in rural 

regions. 

The SC, ST and OBC groups are also lagging behind in attendance compared to 

other social groups in India (Borooah & Iyer 2005; Desai & Kulkarni 2008; Pal 2004). 

This seems to be due to a mixture of infrastructure (where these groups tend to live), 

income, and culture (including discrimination by other social groups). Work by Zapata et 

al. (2011) in Bolivia offers some insight for the SC, ST and OBC groups. In Bolivia there 

appear to be cultural reasons that partially drive the lower attendance rates of indigenous 

children; these include distrust of federal schools, and placing high value on agricultural 

education, which may be shared by SC and ST families in India. The lack of schools 

teaching in indigenous languages may also be a substantial problem. 

This language barrier may be part of the reason why the attendance of Muslim 

children lags behind all other religious and social groups (Duraisamy 2000; Rajaram & 

Sunil 2003; Pal 2004; Desai & Kulkarni 2008). The attendance rates of Muslim children 

in 2005 were found to be below even the SC and ST groups (Social and Rural Research 

Institute (SRI) 2005). Therefore, it may be important to examine them separately (mainly 

from Hindus) in order to better analyze how their child activity decision is influenced by 

their household endowments, but we leave this as future work. 
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The examination of subgroups, in general, is also emphasized by Huisman and 

Smits (2009), who examine how household and district level factors impact primary 

school enrollment for 30 developing countries. For instance, they find that taking the 

sample from all children to just girls, from a national level to state level, or even to sub-

state levels, mattered. We follow such leads, attempting to identify groups most in need 

of government intervention and policy or for whom policy derived at the national level 

may not be effective. This is done by analyzing groups separately and by using the 

Blinder-Oaxaca (Blinder 1973; Oaxaca 1973) Decomposition.  We now turn our attention 

to some details regarding the Blinder-Oaxaca Decomposition. 

2.8 Decompositions of Attendance Gaps: Differences in Decision Making 

When trying to explain gaps in school attendance most past research relied on a 

dummy variable to explain the gap for a given group, or compared coefficients across 

regressions for group subsamples (such as separate regressions for boys and girls). These 

techniques fail to simultaneously segregate the endowment effects from coefficient 

effects, and do not establish how much of the gap between groups is due to differences in 

endowment effects and coefficient effects. 

The Blinder-Oaxaca decomposition helps by identifying the endowment 

(explained) and the coefficient (unexplained) contributions to a gap.  Such an approach 

has been extremely popular in labour economics, when explaining wage differentials 

between groups.  Not many researchers in the education literature have utilized the 

method. This is one of the primary contributions of our work. Here we discuss some of 

the papers that have used the Blinder-Oaxaca Decomposition, and examine how to 

interpret the decomposition. 
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 Originally, as stated, the decomposition was used to study gender wage gaps, but 

it has also been used to consider racial differences across introductory economics 

courses, school attendance, and entrepreneurial success (e.g., Stockly 2009; Oaxaca 1973, 

Pal 2004; Leoni & Falk 2008). The origins and methodology of the Blinder-Oaxaca 

decomposition are discussed in Chapter 3, section 3.4. For our purpose, we take the 

difference in boys’ and girls’ attendance rates, breaking them into two parts. The first part 

is the observable characteristics, or “endowment” effects; usually called the explained 

part of the gap; it covers factors such as wealth or parental education. For example, one 

family has agricultural land, but another doesn’t, and so they have different endowments.  

The second part of the decomposition is due to the unobservable characteristics, 

or is the “coefficient” effects; and constitutes the unexplained part of the gap.  An 

example of a coefficient effect is comparing school attendance of a boy and a girl whose 

families have the same amount of agricultural land, except the boy and girl have different 

coefficients on the agriculture variable. The coefficient effect is one way of suggesting 

the presence of gender favoritism or cultural bias, as the boy and girl have the same 

endowments but they impact their school attendance differentially. It adds another 

interesting level of analysis to the gap between two group sub-samples, and hence the 

decomposition’s popularity in fields such as gender analysis.  However, care must be 

taken when interpreting the unexplained gap because while including differences in 

coefficients it also includes the intercept term (the intercept’s contribution is sometimes 

referred to as the “unexplained part” of the unexplained gap, e.g. Jones 1983, also see 

section 6.3). Hence it is possible that a large unexplained gap is merely highlighting an 

omitted variable problem. 
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The gender gap in education is explored by Pal (2004) using a Blinder-Oaxaca 

Decomposition. The study uses data from rural West Bengal over 1987-89 and covers six 

different villages, with 749 households and a total of 3,972 individuals.  Pal uses a 

modification of a methodology proposed by Cameroon and Heckman (2001), itself being 

a modification of the Blinder-Oaxaca Decomposition, which allows application of the 

decomposition to a bivariate probit model. 

For children 7 and older, Pal finds a gender gap in predicted attendance of 10% in 

favor of boys. The decomposition determined that 30% of the difference in male and 

female attendance is due to differences in their family endowments, and the remaining 

70% is due to differences in how the endowments impact the decision to send a boy vs. a 

girl to school, perhaps resulting from gender discrimination or cultural bias (again, 

different coefficients for boys and girls).  She also finds that parental preferences and the 

local returns to education seem to be playing a large role in the attendance gap. Caste and 

religion were also important, with lower castes and Muslims having lower attendance 

than upper caste Hindus.  Interestingly, having an older brother lowered the predicted 

probability of attending school for both genders, but having older sisters did not appear to 

matter (perhaps further possible evidence of gender favoritism).  

 In many ways Pal’s research is similar to ours, but there are key differences. 

Notably, our scope is larger since we examine national data, not just West Bengal, and 

we also consider both rural and urban areas. In addition, we use three different child 

labour variables, as opposed to Pal’s one (market work).  Furthermore, the dataset we use 

is more recent, which will reflect education (at least at the primary level) becoming a 
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worldwide goal (e.g. MDG), and account for India’s economic reforms and growth since 

the early 1990’s. 

Borooah and Iyer (2005) also use a variation of the Blinder-Oaxaca 

Decomposition to examine school attendance of boys aged 6-14 and how the 

decomposition varies between Hindus, Muslims, and Dalits. Data are from the 1993-94 

Human Development Survey of India. For the gap between Hindus and Muslims, 45.8% 

was explained, while 60.7% of the gap between Hindus and Dalits was explained. This 

indicates that Hindus appear to value school attendance more, and are better endowed 

than both Muslims and Dalits. 

Now that certain groups have been identified as lagging behind others in India, 

the next section reviews ways in which the government of India has been targeting 

lagging groups with policy. 

2.9 Policy: Implemented and Recommended 

This section reviews policy suggestions set out in India’s current 5 Year Plan, as 

well as detailed research on the effectiveness of policies that have already been 

implemented. The working group for the 5 Year Plan offers an excellent overview of 

existing strategies and recommendations (GoI 2006b). While there is policy targeting the 

improvement of school attendance in general, there is a larger focus on targeting groups 

and areas that are falling below the national averages; such strategies support our work on 

examining subgroups.  For instance, 3,000 educationally backwards blocks 

(administration unit below state and district) have been identified for special attention by 

the Indian government, and a number of other policies have been proposed and 
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implemented (GoI 2007).  We outline some specifics of these policies in the next 3 

subsections. 

2.9.1 Poverty and Opportunity Cost 

As poverty and the opportunity cost of schooling are barriers to school attendance 

we examine these first, with the question being how to help/convince families to send 

their children to school.  Non-formal education, such as implemented in Jalandhar of the 

Punjab state in 2000, is one possible approach.  Sud (2010) examines the impact of this 

program. These non-formal schools, called Child Labour Project Schools (CLPS), run 

after normal school hours, target children who worked during the day, offering small 

financial incentives to offset any hidden costs of schooling. These schools successfully 

improved grade completion, encouraging children to continue their studies by allowing 

children to still work for their families during the day. Considering there were an 

estimated 44 million child labourers in India in 1995 there is a tremendous amount of 

potential for the CLPS program.  

India’s Midday meal scheme, which gives lunch to children in grades 1-5, and 

teacher incentive programs for teacher attendance and student retention, has also been 

effective in improving attendance rates (Kingdon 2007; GoI 2006b).  This is largely via 

their effect on opportunity costs. The government of India has also been trying to help 

cover direct costs of schooling (books, uniform, etc.), especially in the educationally 

backwards blocks (GoI 2007). Programs that compensate poor families for the loss of 

their child’s income, such as Latin America’s PROGRESA, could also be effective at 

promoting school (Lopez-Calva 2003). 
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2.9.2 Targeting of Specific Groups 

Programs have also been targeted at certain social groups and areas.  Programs 

include: the Central Institute of Indian languages (translates material into modern 

languages, including tribal languages) and opening Urdu speaking schools in areas with 

large populations of Urdu speaking Muslims, improvement of boarding and hostels for 

secondary and higher schooling, ear-marking of funds specifically for SC/ST, and 

programs focusing on girl enrollment and female empowerment such as the National 

Program of education of girls at Elementary Level (GoI 2006b). Other policies 

specifically targeting girls include price incentives for households and schools (bonus for 

retaining girls), and increasing the number of female teachers (Glick 2008a). Establishing 

Early Childhood and Education Centres has focused on attendance of young girls (Rao & 

Sharma 2002). 

Part of the reason for targeting these groups is to promote equality in society and 

to alleviate the impact of poverty on school attendance. For example, the SC and ST of 

India have disproportionately high poverty rates compared to non-scheduled households 

(approximately 16% higher for both SC and ST), with some suggesting that education 

differences explain a quarter of this gap (Gang et al. 2006). Such findings support 

affirmative action in education for these groups. Other recommendations are the need for 

improved school quality, especially in poorer and more remote areas, more schools in 

general, and to pay attention to urban slums (GoI 2006b). 

2.9.3 Parental Education 

Another prominent recommendation is the need to educate families about 

available programs and benefits linked to sending a child to school (GoI 2007). As social 
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norms play an important role, policies that aim to alter cultural norms on schooling may 

result in parents being more likely to have their children attend school to avoid social 

shame (Lopez-Calva 2003).  GoI (2007) offer community mobilisation as a possible way 

of accomplishing this, and externalities from increased education of parents using 

Continued Education Centres (CEC), but there is not much offered for targeting culture in 

particular. 

Policies aiming to educate parents on available resources and on the importance 

of education could significantly help increase school attendance. Notably this also 

includes the actual education of parents (both current and future), as higher education 

levels leads to improved educational opportunities and health outcomes of children, with 

a mother’s education typically found to be more beneficial than a father’s because 

mothers tend to exhibit greater concern for children’s success and better education may 

increase her bargaining power in the household and/or overall wealth which can be used 

to this end (Duraisamy 2000; Pal 2004). For the general education of parents, 

encouraging the spread and participation in Continued Education Centres is one policy 

already in place (GoI 2007). For the targeting of women directly, much of microfinance 

hoped to use this channel by only offering loans to women, and the Education For All 

Movement’s focus on improving girl’s education will produce better educated mothers 

for the future (GoI 2007). We now turn to the methodology adopted in this thesis. 
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Chapter 3: Methodology  

This chapter outlines our methods while motivating their use. In order to analyze 

the school attendance and child labour relation we adopt a bivariate probit model, and 

then apply a modified Blinder-Oaxaca Decomposition. The bivariate probit framework 

allows us to examine the school/work relationship as a joint decision in the household, as 

discussed in the literature review. The modified Blinder-Oaxaca Decomposition is used 

to analyze group gaps in school attendance. It is the use of probit models that requires a 

modification of the traditional Blinder-Oaxaca Decomposition. 

The following discussion is based on the steps needed in order to implement the 

modified Blinder-Oaxaca Decomposition: a household model for child activity decision 

making, the selection of an LFP measurement, the bivariate probit model for school 

attendance and LFP, and then the modification and use of the Blinder-Oaxaca 

Decomposition. We close with a discussion of sample groupings for the regressions and 

decompositions. 

3.1 Household Schooling and Work Model 

A child’s role in a household is often modeled as a household maximization 

problem where a child offers some return from schooling and from labour. The returns 

from schooling are typically modeled as the returns from investment in human capital 

and/or parents deriving utility from the education of their children, while the returns from 

child labour are the income or contribution received from said labour. This results in 

model maximizations hinging on a child’s time allocation (e.g., Todaro & Smith 2009, 

375-378; Zapata et al, 2011; Rosati & Rossi 2003). To proceed, we adopt the theoretical 
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model used in Zapata et al. (2011), with a slight modification to the child’s time 

constraint.  For completeness, we outline the model here. We have chosen this model 

because it is recent, allows for both market and non-market work (though we present it 

with market work only for ease of presentation, e.g. Zapata et al. (2011)), and because 

Zapata et al.’s paper uses a dataset from a developing country that can be readily 

compared with our results. 

In the unitary household model of Zapata et al. (2011), parents draw utility from 

household consumption (C) and from their child’s human capital (H). The Human Capital 

Equation is given as follows: 

 

Equation 1: Human Capital 

         

 

Equation 2: Characteristics affecting Human Capital Returns 

               

 

Human capital is a function of s, the amount of time spent on schooling, and v, 

which captures the individual and family characteristics affecting the productivity of 

investments in human capital. Equation 2 hypothesizes that v is a linear function of 

demographic characteristics of the child (X), the household (Z), and a random term μ.  

The partial effects are given by the vectors    and   .  Equation 3, below, represents the 

time allocation of the child, allocated between working (m), schooling (s), and leisure    . 

Our modification to Zapata et al.’s model is the addition of l into the framework, 

consistent with the model of, for instance, Rosati & Rossi (2003). Leisure is included as 
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an alternative option of time allocation when the child’s optimal bundle is no work and 

no school attendance.  

 

Equation 3: Child’s Time Constraint 

        

 

Maximization is subject to an income constraint, specified in Equation 4, in which 

k is the parental income, assumed constant because we assume that parents do not 

substitute between their labour and a child’s labour, and so parental labour supply is 

inelastic (constant).  The child contributes     from labour, where w is the child’s 

wage and m is their time spent working. Total income Y is equal to total consumption (C) 

of market goods. 

 

Equation 4: Income Constraint 

            

 

Household utility is maximized subject to equations 1, 3, and 4, in order to yield 

the following solutions: 

 

Equation 5: Optimized Child Time Allocations  
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The results shown in Equation 5 demonstrate that the amount of time allocated to 

school, work, and leisure are dependent upon the child’s wage, individual and household 

specific variables, the parent’s income, and the child’s time constraint. As a result of the 

child’s time constraint being present in each optimized equation, this is a system of 

simultaneous equations.  Hence, estimation of these behavioural or structural equations 

results in an endogeneity issue; each dependent variable is an explanatory factor of the 

other equations, likely leading to correlation between the regressors and the error terms, 

once we specify the structural equations as equations to be estimated.  Standard 

estimation principles (e.g., ordinary least squares) will lead to inconsistent estimators of 

parameters in such an environment. 

This endogeneity problem can be avoided by using the reduced form equations 

(obtained by substituting m
*
’s equation into s

*
’s etc.), which results in three equations 

having the same sets of explanatory variables (the exogenous variables in the system), but 

more importantly removes the correlation between the regressors and the error terms. 

This leads to reduced form equations for   ,    and   .  Assuming linear specifications 

we have (for        , assuming n sample observations):   

 

Equation 6: Reduced Form Latent Variable Specification 
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In this specification, the vectors    and    provide observations on the variables 

specific to the child and the household, respectively.  The reduced form coefficients, 

given in the vectors         
  

 
          are nonlinear functions of the behavioural or 

structural form parameters.  As we are interested in examining the differences of 

predicted probabilities between groups, and not in examining partial effects from the 

behavioural structural equations, we should not lose information by working with the 

reduced form equations. It would be interesting in future work to explore the sensitivity 

of our results to using the behavioural equations with an appropriate method to account 

for the endogeneity concerns; e.g., a Generalized Method of Moments approach.  One 

useful result of this would be the ability to see how each work type impacts school 

attendance separately, rather than solely relying on the LFP.  The error terms       and    

are reduced form disturbances, functions of the structural form disturbances and 

parameters.  We assume that: 

 

  

  

  

         
 
 
 
   

     

     

     
   

There is another problem that must be discussed, and it is that the dependent 

variables are latent variables; i.e., unobservable, as they are underlying index functions 

from the maximization. 

If available, we could proxy the latent variables with observable counterparts, but 

rarely do we have continuous measures on school attendance and leisure time, in 

particular, although we sometimes have hours of work available (for instance).  More 

often, available information is recorded just as participation decisions (i.e., binary 

variables).  That is, the observable counterparts are merely binary dichotomous variables 
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of whether the child goes to school or not, works or not, has leisure time or not.  To allow 

for this, we move to a qualitative dependent variable framework, specifically probit 

models, given the assumptions made on the error terms.   

As estimation of trivariate probit models can be complicated, often with 

convergence issues, and given that our interest is on school attendance and labour force 

participation, we limit attention to simultaneous estimation of the school attendance and 

labour force participation reduced form equations.  As these are reduced form equations, 

assuming well specified equations, bivariate probit will consistently, but not efficiently, 

estimate the reduced form coefficients.  Thus, our empirical observations on s* and m* 

are as given in Equation 7. Combining this with Equation 6, we obtain Equation 8. 

 

Equation 7: Participation Decision Equations 

     
       

   

           
  

     
       

   

           
  

 

Equation 8: Bivariate Probit Specification of the Household Decision Model 

               
                               

               
                                

 

Equation 8 is a standard bivariate probit specification under our disturbance term 

assumptions. Note that the use of a zero cut-off in Equation 7 is not restrictive, as our 
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models allow for intercept terms. We now move on to our bivariate probit 

specifications
7,8

. 

3.2 Bivariate Probit: Our Specifications 

Within our bivariate probit framework, there are four possible outcomes (school 

and no work, school and work, no school and work, no school and no work). Prior to 

estimating the model, we impose exclusion restrictions on the unrestricted reduced form 

so that the School Attendance and LFP equations do not utilize the same regressor sets. 

This is detailed below in Equation 9, where Ai is the vector of the child’s characteristics, 

and Bi is the vector of household characteristics for the LFP equation, which are not 

identical to vectors Xi and Zi from the school equation. We base the exclusion restrictions 

on economic theory. An example is including if a family has a bank account in the LFP 

equation, but not in the school equation, because it may indicate access to credit and 

therefore less need to have children work during hard times. The reasoning is similar for 

the inclusion of the Below Poverty Line Card (BPL), which entitles the holder to some 

basic needs such as cooking oil and grains.  

An additional econometric reason for imposing such exclusion restrictions is that 

identification problems can arise when using identical specifications in linear 

simultaneous equations. While non-linear models, such as a bivariate probit model, do 

not require exclusion restrictions because the non-linearity of the model allows 

identification of the coefficients (e.g., Wooldridge 2010; Altonji, Elder & Haber 2005), 

                                                 
7
 Instead of using LFP for work we could have used a tobit specification for hours worked, such as in Roasti 

& Rossi (2003), but again, we chose the bivariate probit specification to be consistent and comparable with 
Zapata et al, and other more recent work. 

8
 It would be interesting to explore whether our results are sensitive to the normality assumption assumed for 

the disturbance terms. We leave an exploration of alternative assumptions (e.g., logistic errors) for future 
work. 
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Wooldridge does recommend against reliance upon the non-linearity for identification, 

noting that exclusion restrictions may still be a good idea (Wooldridge, 2010, pages 596-

597).  We follow Wooldridge’s advice. 

The national and some of the state level results also use different specifications, 

with the national specification being a “simple” model that uses fewer variables, and with 

fewer of them being broken down into dummy variables, whereas the state level uses the 

“extended” specifications. Our goal is to ascertain whether extending the simple national 

level models, presented in much of the literature, are qualitatively affected by extensions 

to broader regressor sets.  We assess this by considering probability predictions, marginal 

effects and decomposition results.  

 
Equation 9: Restricted Bivariate Probit Specification of the Household Decision Model 

 

               
                               

               
                                

 

The results from the bivariate probit models are presented as marginal effects, the 

partial effect of each explanatory variable on the probability of an outcome.  These are 

more informative than coefficient estimates, which are not partial effects in a probit 

framework.  Each of the four possible activity combinations requires its own probability 

prediction and has its own marginal effects. As we are focusing on positive school 

outcomes, we present results only for the two outcomes where children attend school: 

simultaneous school attendance and work              , and school attendance with 

no work              . The marginal effects are calculated at the median for all 
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variables.  We use the median, rather than the mean, as most of our regressors are binary 

dummy variables. 

Furthermore, the marginal effects reported for wealth, parent education, and age 

dummy variables are calculated differently than the rest of the marginal effects. Rather 

than report how each dummy variable changes the prediction compared to the base case, 

as is the norm, these marginal effects are presented for moving sequentially through each 

case of the variable. For example, instead of reporting the marginal effect for a child of 

age seven (the base case) moving to age twelve (as would be the case with a traditional 

marginal effect), we report the marginal effect of going from age eleven to age twelve. 

As generation of the standard errors for such marginal effects can be quite tedious to 

code, and as we focus on qualitative rather than quantitative differences, we do not report 

standard errors or t-ratios for such marginal effects. 

We now move to the specifications of our reduced form school attendance and 

LFP equations. We base the selection of explanatory variables mainly on the work of 

Rosati & Rossi (2003), Pal (2004), and Zapata et al. (2011). First we discuss the selection 

of our LFP measurement. 

3.3 Selection of a Labour Force Participation (LFP) Measurement 

The literature review revealed that there are numerous ways of constructing a 

binary LFP measurement (see Table 1) and also discussed the benefit of using a binary 

LFP to allow comparison of our results with that of other work.  

We constructed our LFP variable based on Zapata et al.’s work (2011),  

combining all work type hours and then comparing the total hours worked to a cut-off of 

15 or more hours. If the child worked a total of 15 hours or more they are considered to 
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be participating in the labour force, and are assigned a value of 1. It is important to note 

that when the LFP uses an hour cut-off it will result in children with working hours below 

the cut-off appearing to be idle, even though they are doing some amount of work. 

Whether or not these children should be considered idle from a policy perspective is left 

for future discussion.  A study of the sensitivity of our results to this definition is also left 

for future work. 

Part of the LFP’s purpose is also to ensure that all available data on hours worked 

and work type still play a part in the analysis when modelling the household decision 

process (as opposed to every work type being modeled separately). We now turn to 

specification of our school attendance equation. 

3.4 Probit School Attendance Specification 

The core school attendance specification includes as explanatory variables: child 

gender, dummy variables for child age from 7-14, dummy variables for the wealth index 

(poorest, poorer, middle, rich, and richer)
9
, nuclear household family structure (as 

opposed to extended), and location (urban vs. rural). It will also include the head of the 

household’s age, gender, and dummy variables for their religion (Hindu, Muslim, 

Christian and other), Caste/Tribe information (SC, ST, OBC, no Caste/Tribe of not 

listed), and education of the parents
10

 (none, primary, secondary, or higher). Possession 

of a TV, and household demographics (number of members, adults, children, etc.) are 

added in the extended model. 

                                                 
9
 See Appendix 1 for a further discussion of the wealth index and how it was derived for the NFHS-3. 

Descriptions of other variables used in the regressions are also provided in this Appendix 

10
 Not the household head’s education. 
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The majority of our variables are capturing household characteristics. These 

include the household head’s age, education, gender, religion, and caste/tribe variables, 

and parental education which are included as measurements that would impact 

parental/household preferences toward schooling. The reason for including education, 

gender, religion, and Caste/Tribe are well documented in the literature review. The 

wealth categories are included to measure wealth effects. TV is included as a proxy for 

access to television programs which Jensen & Oster (2009) found empowered women 

from 2001-2003 (through portrayal of strong women, gender equality, etc.), and so might 

show improved attendance for girls. Family structure is included as having an extended 

family may improve income without relying on the child for it. 

We control for factors specific to the child by including gender and age of the 

child, and the number of older and younger children in the household. Gender is included 

to see if there is favoritism between sons and daughters. Dummy variables are used for 

each age (7-14) because age may have a non-linear relationship with school and the 

dummy variables can represent this better than when using age and age squared (Pal, 

2004). The household demographics are used to examine birth order and household size 

effects on attendance. 

3.5 Probit Labour Force Participation Specification 

We consider three different types of work that children may be engaged in. First 

is non-household work (market labour), the category that the majority of previous 

research on child labour examines. The second type of work is household chores, which 

has largely not been included in child labour research until recently. The final type of 
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work is “other family work”
11

. The focus upon non-household work, typically due to data 

limitations, often led to an artificially high number of idle children, as previously stated 

in section 2.6.  We combine these work types into a single Labour Force Participation 

(LFP) measure. 

The core equation includes: dummy variables for parent education, gender, 

dummy variables for each age from 7-14, dummy variables for the wealth index, animal 

ownership, household family structure, and location (urban vs. rural). It also includes the 

head of the household’s age, gender, and dummy variables for religion, and caste/tribe 

information. Possession of a below poverty line card, possession of a bank or post office 

account, coverage by an anganwadi, and household more detailed household 

demographics are added in the extended model. 

For household characteristics the household head’s, age, gender, religion, and 

Caste/Tribe, and parental education are included as measurements of parental/household 

preferences towards child work. The household demographics are used to see if 

household size effects LFP. The presence of an anganwadi child center is included 

because it may lower the need to watch younger siblings. Having an extended family may 

also alleviate workload from children. The wealth index, animal ownership, and land 

ownership are included as measures of wealth
12

. If the family has a bank or post office 

account may shed light on how much money is being made. The possession of a bank 

account may also indicate if the family has access to credit and not need to rely only on 

                                                 
11

 In Table 2.21, Chapter 2 of the “National Family Health Survey (NFHS-3), 2005–06: India: Volume I”, a 
measure of “other family work” is defined as: “Any work on the farm, in a business, or selling goods in the 
street” (IIPS& MI, 2007, page 48). 

12
 The influence of agricultural land and animal ownership on LFP may already be accounted for in the total 
work hours, but were not included in the construction of the wealth index. Hence these may capture a 
wealth effect instead. 



 

 

44 

the traditional source of credit in rural India, the moneylender, or savings which can be 

used to smooth consumption, as opposed to relying on a child contribution
13

 (Edmonds & 

Pavcnik 2005). The BPL cards entitle the family to assistance (typically food and/or 

cooking oil), and is included because its presence may lower the need to have children 

work to meet the basic necessities of life. 

Child characteristics are encompassed by gender and age of the child, and the 

number of older and younger children in the household. Gender is included to see if there 

is favoritism between sons and daughters for work. The household demographics are 

used to examine birth order and household size effects on LFP. 

3.6 Modified Blinder-Oaxaca Decomposition 

The gender wage gap has long been studied by academics from numerous 

disciplines. It is participation in these endeavors by Alan Blinder (1973) and Ronald 

Oaxaca (1973) that resulted in the foundations of the decomposition technique we adopt; 

the Blinder-Oaxaca Decomposition. The Blinder-Oaxaca Decomposition, which 

examines the difference (gap) in the mean of a dependent variable between two 

groups/samples, aims to identify the cause of the gap.  For example, in Oaxaca (1973), 

the groups were men and women, and the gap examined was their respective wages. We 

use 7-14 year old
14

 boys and girls as the groups examined by the decomposition, and the 

gap examined is their school attendance rates. Our intention is to use the results of the 

decomposition to provide additional information on schooling decisions across gender. 

                                                 
13

 The presence of a bank account is incorporated into the wealth index. Hence the wealth effect of a bank 
account is already present in the school equation. 

14
 5 and 6 year olds were removed from the analysis since their school attendance is disproportionately low. 
This is for a number of understandable reasons such as lack of a facility for early education, parental choice 
in keeping their child home, or a child being too young for enrolment in the earliest classes at the start of the 
school year. Removal of 5 year olds is consistent, for example, with Pal (2004). 
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Should a large part of the gap be explained then it may indicate a need to focus on 

altering family budget constraints.  If we had better information on local endowments 

(such as level of facilities at the school, or distance to school) those variables would also 

be included. If a large part of the gap is unexplained it may indicate a need to alter social 

norms such as what gender performs certain work, or the preference for boys over girls in 

households. 

We use a natural extension of the Blinder-Oaxaca decomposition, proposed by 

Heckman & Cameron (2001) for probit models, and further adapted by Pal (2004) for use 

in a bivariate probit model. We now explain. For a bivariate probit model, the probability 

of attending school, shown in Equation 10, comprises two parts, one for each of the 

child’s possible working states.  For ease of exposition, we have omitted subscripting 

denoting the observation number. 

  

Equation 10: The Probability of School Attendance 

 

                                     

 

   

 

 

To obtain the decomposition, we examine the difference in the expected school 

attendance of boys and girls; i.e., we desire the difference given in Equation 11, where 

the subscript b denotes “boy” and the subscript g denotes “girl”.  There are two ways to 

define the difference in expectations, which we denote by        . 
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Equation 11: The Gap in Expected School Attendance 

 

                                     

 

Given the binary nature of the variables, it is straightforward to show the links 

between these expectations and the probabilities of school attendance; we provide this in 

Equation 12: 

 

Equation 12: The Links between the Expectations and Probabilities of School Attendance 

                              

 

   

   

 

   

 

 

                 

 

   

               

 

Using the definitions, the gap in expected school attendance is then: 

 

Equations 13 & 14: The Gaps in Expected School Attendance 
 

                                  

& 
 

                                 

 

 

Now, again dropping the observation specific subscript, let  

 

      
    

    
    

  
 
              

     
   

  
   

  
  

 

               

 

where the additional subscript on the regressor matrices and coefficient vectors is to be 

interpreted as implying that Equation 9 only considers observations for that gender.   

Differences in    and    suggest that the impact of endowments, household 
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characteristics and other factors on school attendance varies across boys and girls and 

may be indicative of gender bias towards school attendance.  In contrast, differences in 

   and   , suggest that factors affecting school attendance vary between boys and girls.  

The Blinder-Oaxaca Decomposition attempts to isolate the proportion of the school 

attendance gap due to these two components.   

To avoid the issue of the gap varying across observations, it is standard to form 

the gap at pre-specified values for    and   ; we use the median vectors for boys and 

girls respectively, which we denote by     and    .  Then, considering        , we 

have 

 

Equations 15 & 16: Pal’s Modified Blinder-Oaxaca Decompositions 

 

                                             

 

                                    

& 

 

                                             

 

                                    

 

 

Each school attendance gap is broken down into two parts. The first part is the 

difference in the observable characteristics, or “endowment” effects of boys and girls. 
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This would include variables such as wealth and parental education. The second part of 

the gap is the difference in unobservable characteristics, or “coefficient” effects. The 

coefficient effect is one way of showing that discrimination or cultural factors may be 

present.  Having different preferences is another, more general, way of interpreting the 

coefficient effect. 

There is, however, a potential problem with the results of the decomposition, as it 

can matter whether we consider    or   . One proposed alternative to using the 

coefficient estimates from a single group is to use coefficient estimates from a pooled 

sample of both groups, but this is not a solution to the problem (Blinder & Ransom 

1994). Because the results might depend on which group’s coefficients are used, we 

report both of the decompositions. This is standard in the decomposition literature (e.g., 

Fairlie 2005; Pal 2004; Oaxaca 1973). 

3.7 Sample Groupings 

One of our goals is to demonstrate that disaggregating the survey sample along 

different groupings can alter the results, which may indicate that countrywide or even 

statewide, policy targeting may not be ideal. “Groups” refers to subsamples of the 

population; e.g., the groups might be states, or wealth levels, or region of residence.  For 

example, when examining the gender gap of boys and girls in urban areas of the state of 

Bihar, the two sample groups are: boys in urban Bihar, and girls in urban Bihar.  

The groups we use in our decomposition analysis include gender (girls-boys), 

location (urban-rural), and within the state of Bihar
15

, though we do look at the summary 

statistics of a select group of states. We believe these are some of the important groups 

                                                 
15

 See Section 4.1 for further explanation of this choice. 
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that may require their own policy targeting, which is backed by findings reported in the 

literature review.  Other possible groups worthy of exploration in future work include: 

wealth categories, religious groups, tribe/caste status, households with children below 

aged five and those without such children, and nuclear/non nuclear families. As adding 

one or two additional groups can cause the number of grouping combinations to grow 

substantially, we limited our attention to only a few key groups to illustrate our point.    

We now turn to the data under study. 
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Chapter 4: Data and Summary Statistics 

In this chapter, we present details about our data of interest, followed by a 

discussion of the features of the data that motivate our work, including alluding to some 

of the stories around the choice of school attendance that require studying. 

The data section discuses the dataset being used, including information such as 

the version, recoding of the survey, and organization of the survey. The fact that this is a 

complex survey that requires the use of sample weights to achieve a representative 

sample is also discussed. 

The summary statistics section contains two subsections. The first subsection 

focuses on school attendance and work subsample statistics.  Work related variables 

include: total work participation, hours worked, simultaneous work and school 

engagement, and labour force participation (LFP) rates (as we have defined it). We 

discuss the statistics, with a focus on how attendance and work interact, and on some of 

the group gaps in schooling. 

The second subsection provides summary statistics of the variables used in the 

bivariate probit regressions. We consider five subsamples: all of India; all of India by 

gender and location; a subsample of states (an even distribution of state school attendance 

from lowest to highest). These summary statistics are used to identify trends in school 

attendance related to differences in endowments and family characteristics across 

subsamples. We use these to justify the subsample groups used when running the 

bivariate probit regressions. 
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4.1 The Data Set: India’s Third National Family Health Survey 

We use India’s third National Family Health Survey (NFHS-3), available as part 

of the Demographic Health Survey (DHS) data sets
 16

.  The previous surveys, NFHS-1 

and NFHS-2, are from 1992-1993 and 1998-1999. The 2005-2006 survey results are 

available in seven different data recodes that focus on individuals or households. We use 

the individual household member recode, a reformatting of the household section of the 

survey, with variables sorted by individual rather than household
17

.  This version of the 

recode has extensive information on education, child labour, and household wealth. 

Due to data constraints and our desire to include information on parental 

education, we limited attention to only those children with education measures of the 

father and mother. We also removed other observations and variables.  Specifically, due 

to our desire to compare results across sample groups, the specification being used, and 

the nature of the data, we faced removal of a variable and/or observations when we had: 

1. An independent variable being a perfect predictor of success (1) or 

failure (0) of the dependent variable. This problem, known as 

quasi-complete or complete separation, can cause non-convergence 

and issues with coefficient estimates and standard errors of the 

problem variable. 

2. An independent variable has little or no variation, leading to 

collinearity issues.  

The simplest solution for these problems is to drop these variables and associated 

observations from the sample (e.g., Allison 2008), but, as our goal is to compare results 

                                                 
16

 At the time of our study the 2005-2006 survey for India was on version 52. 

17
 On the DHS website this recode file is listed as “iapr”. 
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across sample groups, the school attendance and LFP specifications must be consistent 

across these groups. Hence, any variable dropped in one sample group’s specifications 

must also be dropped in all other specifications. This may result in less meaningful 

results, in addition to possible omitted variable bias.  It also leads to some difficulties in 

subsample selection, especially by states, as there is near perfect prediction for some 

states (e.g., Kerala and Goa).  We provide regression results for a state, Bihar, for which 

such issues do not arise.  

Such issues also mean that we were unable to control for regional effects using 

the dataset’s primary sampling unit (PSU) variable. The PSU variable is at such a 

localized level, in some cases having only a few children in a PSU, leading to the two 

aforementioned problems arising. Removing problem PSUs results in the exclusion of a 

great deal of children that are attending school, biasing the sample towards children not 

attending school; a sample selection issue. Accordingly, in this work we do not include 

regional effects. However, although beyond the scope of this work, we do plan to include 

regional effects in future work by using another solution for quasi-complete separation; 

penalized maximum likelihood (Allison 2008). As the NFHS aims to obtain a 

representative sample, a brief discussion of the design of NFHS-3, and of survey design 

in general, follows. 

4.2 Survey Design: Complex Multi-stage Surveys and Representative 

Samples 

Attempting to acquire a representative sample on almost any scale is a 

complicated task, and constructing such a sample for a country of more than a billion 

people undoubtedly qualifies as daunting.   Creating a representative sample by sampling 
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everyone in the population is infeasible in terms of time and money, but nor can a 

representative sample be created by randomly sampling a portion of the population, as 

certain groups of interest (such as minorities) may be too underrepresented to enable 

reasonable results to be inferred.  A solution, or perhaps compromise is a better term, is 

to take organized samples of subset(s) of the population. 

One way that a population can be organized is by using stratification. 

Stratification divides the population into mutually exclusive (and collectively exhaustive) 

subgroups using a given variable (such as race or region of residence), where 

observations within a subgroup are homogeneous, but observations across subgroups are 

heterogeneous. Stratification, done before sampling occurs, offers a way to ensure a 

representative number of respondents are sampled from each group. As stratifying adds 

information, precision improves. Another form of grouping is clustering.  

Clustering is where the population is broken into groups (clusters) based on 

criteria such as city blocks or schools. After the clusters are established, a sample (usually 

a simple random sample but it need not be) of clusters are drawn.  That is, only a sample 

of clusters is considered whereas each stratum is sampled.  Having drawn a cluster, it is 

usual to either use all households in that sample (single-stage cluster sampling), or to 

draw a random sample of households from the cluster (two-stage cluster sampling). The 

clusters should be mutually exclusive and collectively exhaustive, and observations 

within a cluster are assumed to be heterogeneous, but observations across clusters are 

assumed to be homogeneous. The purpose of clustering is cheaper survey 

implementation, but this is at the cost of lower precision because another level of random 

sampling has been included (the sampling of clusters). 
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In a multi-stage complex survey, both stratification and clustering are used.  

Sampling weights are then needed as the probability of a household being selected is not 

equal across all households due to the clustering and stratifying
18

. Sampling in this 

fashion means that the sample can no longer be regarded as being independently and 

identically distributed.  Stratification breaks the “identical” part, while clustering breaks 

the “independent” component. 

Sampling weights are further adjusted to account for non-response rates within a 

given survey unit. It should also be noted that a survey can have multiple weights. For 

example, the NFHS-3 has a weight for national level (or pooled samples across states), 

and a separate weight for single state level analysis. The state weights are calculated and 

normalized for the sample of each individual state, whereas the national weights account 

for differences in sampling proportions across states and is normalized across the NFHS-

3 sample. 

It is important that survey design and weights are taken into account when 

performing analysis, as each observation needs to be weighted to reflect its effective 

relative contribution. To illustrate the impact of weighting, Table 2 compares the results 

for sample percentages by religion of 7-14 year olds in India when applying the NFHS-

3’s survey information and when it is ignored, effectively assuming that the sample is a 

simple random sample. Notice that the un-weighted percentage of Hindu children is 

70.24%, and the percentage for Other is 13.36%, but when the weights are applied these 

change to 78.76% and 5.00%. There is roughly an 8.5% change in both groups, with 

Muslims being relatively unaffected. This is also an excellent example of a minority 
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 For further discussion of stratified and clustered samples see, for example, chapter 24 of Cameron and 
Trivedi (2005). 
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(other religions) being oversampled in order to improve precision, and to allow better 

information to be drawn about the group, which might not otherwise be available from a 

simple random sample. 

 

Table 2: Un-Weighted vs. Weighted Statistics 

Religion Frequency Un-weighted Weighted 

Hindu 53,419 70.24% 78.76% 

Muslim 12,471 16.40% 16.24% 

Other 10,164 13.36% 5.00% 

Source: NFHS-3. 

 

The urban stratum survey design was implemented in three stages. In the first 

stage, wards (clusters) were chosen using proportional to population sampling (PPS). The 

second stage involved randomly selecting a census enumeration block from each chosen 

ward. Finally, approximately 30 households were randomly selected from each census 

enumeration block. The rural stratum sample was obtained in two stages. The first stage 

was selection of a village (cluster) using PPS again, and the second stage was the random 

selection of approximately 30 households within each selected village. The NFHS-3 has a 

total of 3,850 sampling units (clusters; i.e., primary sampling units (PSUs)). The final 

dataset used for undertaking our analysis has 76,054 observations for children between 

the ages of 7 and 14 who have both parents present in the household. 

4.3 Summary Statistics: School Attendance and Work 

As mentioned in the introduction to this section, if we consider the household 

activity decision to be choosing between some combination of school attendance and 

work, then the recorded outcomes of these decisions must be examined. This includes 
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considering whether a child is attending school and/or working, the type of work, and 

also the amount of time being worked. This in turn can help inform the calculation of a 

child’s labour force participation (section 3.3). 

First to be examined are the observations on school attendance and work, or rather 

the number of occurrences of the two household child activity decisions in isolation. 

Table 3 shows these results, and demonstrates that there may be differences in family 

decision making processes across subgroups, which gives credence for the separate 

examination and comparison of subgroups.   

 

Table 3: Occurrence of Single Activity Decisions 

  All Boys Girls Urban Rural Observations 

Attendance 82.50% 84.95% 79.85% 87.96% 80.36%  64,606  

Paid Non-household 3.02% 3.36% 2.65% 2.94% 3.05%  1,967  

Unpaid Non-household 5.05% 5.63% 4.42% 5.81% 4.75%  3,536  

Other Family Work 8.57% 9.91% 7.12% 3.09% 10.72%  5,141  

Household Chores 63.72% 56.24% 71.84% 57.34% 66.22%  45,858  

LFP 15.33% 12.35% 18.57% 9.23% 17.73%  9,883  

Source: NFHS-3. 

 

 Examining overall attendance, we find that 82.50% of all children in the sample 

aged 7-14 are attending school. The results for the other subgroups are also consistent 

with the literature. Boys have higher attendance than girls, and urban children fair better 

than rural children. It is encouraging that the gender attendance gap has dwindled 

considerably over the past decade, reduced by more than half since the 1994 NCAER 

which demonstrated a 12% gap, now at 5.10% in 2004-2005 (Duraisamy 2000). 

 In comparison the non-household child labour rates are quite small at 3.02% 

(paid) and 5.05% (unpaid), 1,967 and 3,536 observations respectively. Paid work is more 
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common for boys than girls, and more common in rural areas than in urban areas, though 

by small percentages. Alternatively, unpaid work is more common in urban areas. With 

work outside the household addressed we move on to family related work. 

 The occurrence of Other Family Work is considerably more common than non-

household work. A total of 8.57% of children perform Other Family Work at the all India 

level, and roughly 2.79% more boys are performing this work than girls. The difference 

between the occurrences of Other Family Work is even starker between urban and rural 

children, with the rate being roughly 7.63% higher in rural areas. This difference between 

urban and rural seems surprising at first, as more family shops and street business would 

be present in urban areas, but because the definition of Other Family Work includes 

agricultural work, the result is understandable. 

 The final family related work is that of domestic chores. This rate of 63.72% at 

the all India level is far closer to that of the average school attendance rate, and the 

direction of the group gaps here are not surprising either, though their magnitude may be. 

Average girl participation in domestic chores is roughly 15.60% higher than that of boys. 

Rural children also have a higher average participation rate than urban children, a gap of 

8.88%. So what is surprising about the magnitude of these gaps? 

An interesting consideration at this point is the total gap in average work 

participation rates between boys and girls, and urban and rural children. The 15.60% gap 

in domestic chores for girls is far higher than the gaps from the other work variables, 

where boys have higher average work rates. This might indicate that girls are engaging in 

work more often than boys, and therefore have their school attendance more 

detrimentally impacted by work (which the girls’ lower average attendance rate might 
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support). There is also a far higher gap in average participation rates of rural vs. urban 

children, with the Domestic Chore and Other Family Work rates appearing to be large 

contributors to the 7.60% lower average attendance rate in rural areas compared to urban 

areas. 

This is where two important considerations of the average participation rates 

become important; the amount of hours actually being worked, and the fact that each 

work type is unique, but not mutually exclusive. A discussion of these two factors 

demonstrates the importance of the establishment of a single LFP measure, as noted in 

Table 1 of the literature review. 

4.3.1 Work Consideration 1: Working Hours vs. Work Participation 

We first consider the importance of average working hours versus work 

participation (the binary measure). For example, even though girls appear to be 

participating in work more often than boys, it is possible girls are working less hours than 

boys, and therefore girls may be in a better position to attend school. The same could be 

said for rural vs. urban children. Examining the median working hours for the sample 

groupings in Table 4 offers some insight into this. We also present mean working hours 

in Table 4 for comparison.  
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Table 4: Median and Mean Hours Worked per Week for each Work Type 

 Medians All Boys Girls Urban Rural 

Paid Non-household 20 20 18 14 21 

Unpaid Non-household 2 2 2 2 2 

Other Family Work 8 8 8 9 8 

Household Chores 7 7 8 7 7 

Total Hours Worked  (All Work Types) 8 7 9 7 9 

Means All Boys Girls Urban Rural 

Paid Non-household 26.41  27.61  24.76  25.44  26.78  

Unpaid Non-household 5.48  6.01  4.75  5.12  5.66  

Other Family Work 12.95  13.08  12.74  15.06  12.71  

Household Chores 9.99  8.49  11.26  8.18  10.60  

Total Hours Worked  (All Work Types) 13.02  12.34  13.62  10.50  13.87  

LFP 15.33% 12.35% 18.57% 9.23% 17.73% 

Source: NFHS-3. 

 

The first thing to note is how different the mean and medians are. The median 

child works far less than the mean child in all cases, demonstrating that a number of 

children are working much longer hours than most (outliers). We focus on medians for 

this reason. When comparing the median hours of household chores worked, girls are 

engaging in one more hour a week than boys, and almost 3 on average. When looking at 

paid non-household work, the median boy works more hours than the median girl, and 

same for the means. So, not only do families appear to have a gender preference for these 

work types, they also seem to have gender preference for how long the child works in 

that work type. It is surprising however that there is not a greater amount of variation 

from gender specialization. 

There are a few important considerations. One is that the percentage of children 

engaging in all work types (except household chores) is relatively small, and so even the 

median of 20 hours for paid non-household work has little impact on the median of the 



 

 

60 

total hours worked. Second, even though the majority of children engage in household 

chores, the median hours worked are still well below the LFP cut-off of 14 (though the 

means are closer).  As the participation in work as a whole is low, and so are median 

hours, a handful of children are working long hours in a single or combined work types 

that are driving up the LFP rates, as demonstrated by the means. 

Urban and rural subpopulation estimates follow these patterns as well, with rural 

areas working slightly longer hours than urban areas. These results, and the results for 

boys and girls, demonstrate that there is likely a difference in the household child activity 

decision making processes for both sample groups, and so provides support for analyzing 

these groups separately from an all India sample. 

Table 4 also demonstrates that children who are participating in any given work 

activity, at the median, are not really working a substantial amount of hours (only 7-9 

hours typically). Simply combining all work hours is misleading because it seems to say 

that child labour is not a big problem in India. But, this measure loses sight of the fact 

that working children make up a large portion of the children not attending school (30% 

work more than 14 hours), and therefore child labour may be a large barrier to school 

attendance, as shown below in Table 5. This is especially true of children engaged in paid 

non-household work who work long hours even at the median. This is simply evidence of 

the importance of not relying on summary statistics in isolation, but that multiple 

variables should be considered as a whole, where possible. It also shows that using mean 

summary statistics can be quite misleading because of outliers. 

To address this, to a certain extent, Table 5 offers an examination of children 

sorted by different levels of total working hours. The initial cut-off of 14 hours is simply 
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representative of the LFP cut-off used in our work. The other statistics shown in Table 5 

are useful for identifying which work types have the longest hours and are therefore most 

likely to interfere with schooling. 

 

Table 5: Division of Children by Hours Worked 

  1-14 15-20 21-30 31-40 40+ 

Paid Non-Household 46.17% 5.10% 12.14% 6.89% 29.70% 

Unpaid Non-Household 93.48% 2.27% 1.52% 0.54% 2.18% 

Other Family Work 76.89% 4.72% 11.00% 2.75% 4.63% 

Household Chores 85.01% 3.76% 9.06% 1.18% 0.99% 

Total Hours Worked 
(All Work Types) 

76.62% 5.08% 10.65% 2.61% 5.04% 

Source: NFHS-3. 

 

The distribution of children across the different hours is striking for non-

household work. A significant percentage of children performing paid non-household 

work are working for more than 14 hours (53.83%), with nearly 30% of them working 40 

plus hours. This makes it clear that if a child is performing paid non-household work the 

work is likely to be interfering with school
19

. None of the other work types come 

remotely close to matching the proportion of children working above 30 hours found in 

paid non-household work. Table 5 also shows that unpaid non-household work appears 

unlikely to typically be a barrier to school in isolation, with 93.48% of children engaging 

in unpaid non-household work working 14 hours or less.  

The vast majority of children performing other family work and household chores 

are also working 14 hours or less. However, both these work types do have a significant 
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 This is not even taking into account any travel time, the working hours, or other factors that may also 
interfere with school. 
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number of children working hours long enough to be detrimental to school attendance 

(especially considering the median hours worked for each work type, as shown in Table 

4, are eight hours and seven hours respectively). 

This shows that, with each work type in isolation, unpaid non-household work is 

not likely to be interfering with school attendance, but the three remaining work types 

likely are interfering. When the hours for each work type are combined it allows for some 

interpretation of the work types in unison. The percentage of children performing 15-20 

hours of work goes up substantially, indicating that children are indeed performing 

multiple work types at once. Also notable is that 23.38% of children are working more 

than 14 hours, demonstrating not only the importance of researching the relationship of 

school attendance and work, but also of somehow combining work type and hours 

worked into a single measure. Further exploration of the relationship between school 

attendance and work participation brings us to the next section, where the subsample 

statistics for the combinations of school attendance and work type participation are 

explored. 

4.3.2 Work Consideration 2: Simultaneous Engagement in School and Multiple 

Work Types 

The second consideration, as mentioned previously, is that the activities listed in 

Table 3 are not mutually exclusive, and so it is important to consider allowing multiple 

types of work and school attendance to occur simultaneously in any household decision.  

These results demonstrate that each work type interacts differently with school 

attendance. Table 6 shows the occurrences of participation in each work type where the 

child also attended school (with the exception of idle children, who are not attending 
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school). Estimates for Overall Attendance, School Only, and Idle are for the entire 

sample. The estimates for the four work types and LFP are from the subsamples actually 

participating in the given work type, and the statistics shown are the attendance rates 

within each given work participation subsample. For example, of the children engaging in 

Paid Non-Household work, 42.62% also attend school. 

 

Table 6: Attendance Conditional on Work Type Participation – Occurrence of 
Joint Child Activity Decisions 

  All Boys Girls Urban Rural 

Overall Attendance 82.50% 84.95% 79.85% 87.96% 80.36% 

School Only 29.89% 35.55% 23.75% 37.24% 27.01% 

Paid Non-household 42.62% 43.53% 41.37% 48.57% 40.38% 

Unpaid Non-household 84.76% 86.94% 81.75% 87.82% 83.29% 

Other Family Work 68.73% 75.10% 59.09% 71.22% 68.45% 

Household Chores 80.83% 84.68% 77.55% 86.94% 78.75% 

Idle 4.41% 4.97% 3.82% 3.72% 4.69% 

Attendance if LFP is Yes 60.30% 63.32% 58.12% 62.86% 59.78% 

Attendance if LFP is No 73.26% 77.13% 69.05% 82.16% 69.77% 

Idle using LFP Definition of 
Work 

11.41% 10.52% 12.38% 8.61% 12.51% 

Source: NFHS-3. 

 

Two of the attendance and work results at the all India level are of particular 

interest. First, children performing paid non-household work have the lowest school 

attendance by far, at 42.62% overall. Second, children performing unpaid non-household 

work have the best attendance rate, at 84.76%. This demonstrates that non-household 

work should be recorded as two separate variables. Furthermore, since paid non-

household work has the highest median hours worked, and unpaid non-household work 

had the lowest median hours worked, the attendance rates for these work types show the 
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amount of hours worked have an important influence on the decision, or at least the 

ability, to attend school. The similar median hours worked for other family work and 

household chores seem to contradict this finding, but it may be highlighting the impact of 

travel time and when the hours are worked during the day (assuming household chore 

hours are more flexible and have no travel time). 

Next we examine differences among boys and girls. Not surprisingly, girls have 

lower attendance rates than boys. The statistic for other family work is quite interesting 

though. Girls doing other family work have a 16.01% lower attendance rate than boys. 

The average participation in school only is also considerably lower for girls than boys, at 

23.75% for girls vs. 35.55% for boys. Girls and boys have similar idle rates, which 

suggests the household factors which result in a no activity decision may be the same for 

both genders. 

 The sample statistics for urban and rural also conform to expectations.  Children 

performing any work type are significantly more likely to attend school in urban areas, 

with the exception of similar attendance rates when children are performing Other Family 

Work. Idle rates are also higher in rural areas, as anticipated since rural children likely 

have less access to work and schools. 

The important take away from this section is there are two separate dimensions to 

the examination of household child activity decisions. First, within a given work/school 

relation, the results change depending on the sample criteria used, such as moving from a 

national sample to a rural sample. This suggests that each subsample should be examined 

separately in case their decision making processes differ (their response variable 

coefficients differ). The second dimension is the type of work, or more specifically the 
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combination of work and school attendance. School attendance given a specific work 

type varies considerably, and this suggests work types should not be simply combined as 

a new binary “work” variable. Perhaps the difference in average hours worked for each 

work type, as examined in the previous section, can help inform the construction of a 

more fitting binary “work” variable. 

4.3.3 Combining the two Considerations: Motivation for a Single Labour Force 

Participation Measurement 

Combining the two considerations of hours worked and simultaneous activity 

engagement leads to further questions. For example, it is possible that boys are working 

more hours than girls because they engage in multiple activities more often than girls, or 

perhaps boys may be engaging in work that is more detrimental to school attendance in 

general. Furthermore, it is important to note that a child working even just one hour will 

count as working in the dataset, even though, for practical considerations, the child is not 

working. This should be addressed as well.  

Hence there are two conflicting points for the combination of work types. It may 

be prudent not to consider each work type in isolation because they can occur 

simultaneously, and if a simple participation rate is used (work or not) then it needs to 

take hours worked into account. However, at the same time each work type appears to be 

interacting with school attendance differently, which suggests work type should be 

combined in a more complex manner (with weights, for example). Addressing the above 

conflict is the purpose of the LFP rate. 

The LFP allows working hours, type of work, and engagement in multiple work 

types to be pooled into a single measure that, hopefully, adequately accounts for the 
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above concerns. This in turn allows consideration of all work types and their differing 

impacts on education when modeling the schooling and working decisions in a bivariate 

probit model. This was discussed in detail in the methodology and modeling section 

(3.3), but it is important to compare the LFP measure to the three work variables and the 

hours worked. For example, notice in Table 3 that with the LFP measurement used in this 

study the average participation rate for girls is 6.22% higher than boys, and the average 

LFP rate is roughly 8.50% higher for rural children than urban children, even though the 

median hours worked would not suggest such a disparity. 

Now that the summary statistics for work, school, and the considerations of the 

different work variables have been examined, we move onto summary statistics of many 

of the variables that will be used in the bivariate probit regressions of the various sample 

groups. Our goal is to identify trends in variables and school attendance rates across each 

subgroup, which sheds further light on the attendance gaps identified in this section by 

moving beyond the work school relationship and examining other potentially influencing 

factors.  

4.4 Summary Statistics: Sample Group Disaggregation 

 The summary statistics at the median across different sample groupings are now 

examined. The majority of the variables that are used in the bivariate probit regressions 

are reported here. The sample groupings follow: first is all of India, second is all of India 

by gender, third is India by location (urban/rural), fourth and finally is a sample of states 

(based on their school attendance). These summary statistics help identify trends in 

school attendance and in the endowments and family characteristics across sample 
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groups. This assists us in justifying the sample groups used when running the bivariate 

probit regressions. 

4.4.1 All of India: Summary Statistics and Variable Notes 

 The entirety of India is examined first in order to give a general overview of 

family characteristics at the national level. This subsection also serves to offer additional 

information on variables where deemed necessary. The results are provided in Table 7. 

 As mentioned in the previous section, average school attendance of children aged 

7-14 is 82.50%. It is also important to note that the median child lives in rural areas, 

which may be dragging down national attendance rates. Median wealth is Middle. The 

median household is headed by a male, and the median age of the head of the household 

is 40. 

 The statistics for parental variables are interesting as well. Median parent 

education is fairly low, with mothers’ median being no school/preschool, and fathers’ 

median being Primary. This lends credence to the idea that parents are not aware of the 

value that can be associated with school. The median recorded number of family 

members is six. As for other demographics of the national sample, the median (and 

mode) religion of household heads is Hindu, and the median (and mode) Caste/Tribe is 

Other Backwards Classes. 

 Finally, the median household is covered by an anganwadi, has livestock, 0.1 

acres of agricultural land, and does not own a bank or post office account, or a Below 

Poverty Line (BPL) Card. These are all potential contributors to the household decision 

of having a child work. 

  



 

 

68 

 

Table 7: Summary Statistics for all of India 

 

All India  

Attendance Rate (mean) 82.50%  

Male 1 1 if Male 

Rural 1 1 if Rural 

Age 10  

Wealth Index 3 Ranges from 1-5: Poorest, 
Poorer, Middle, Richer, 
Richest 

Head of Household Male 1 1 if Male 

Head of Households Age 40  

Mother's Education 0 Ranges from 0-3: 
None/Preschool, Primary, 
Secondary, Higher 

Father's Education 1 Ranges from 0-3: 
None/Preschool, Primary, 
Secondary, Higher 

Recorded Family Members 6 Number of Household 
members recorded in the 
survey 

Household Structure 1 1 if the family is Nuclear 
(Immediate family) 

Religion 1 Ranges from 1-4: Hindu, 
Muslim, Christian, and 
Other 

Caste/Tribe 3 Ranges from 1-4: Scheduled 
Caste, Scheduled Tribe, 
Other Backward Caste, and 
“not listed” or none 

Anganwadi Present 1 Household is covered by 
government child-care 
center 

Livestock 1  

Acres of Agricultural Land 0.1  

Family has a Below Poverty Line (BPL) 
card 

0  

Family Owns a Bank or Post Office 
Account 

0  

TV 0  

Source: NFHS-3. 
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 Now that a general picture for India has been provided, we move to national level 

summary statistics for boys and girls, and urban and rural samples. The goal is to see if 

any endowment (variables) gaps can be identified which may be contributing to 

attendance gaps within these subgroups. 

4.4.2 All of India: Summary Statistics for Gender and Urban/Rural Sample Groups 

 As identified in the School Attendance and Work section there are attendance 

gaps between groups, and so an important first step to explaining these gaps (the 

differences in child activity decisions) is to examine the summary statistics of these 

subgroups. In school attendance, girls are 5.10% behind boys, and rural children are 

7.60% behind urban children (see Table 8). 

 Examining the median characteristics for boys and girls, we find there are two 

differences; the median girl has 0.01 more acres of agriculture land, and one sibling under 

six compared to zero for boys. That this is the only difference supports the possibility of 

gender discrimination within a household’s child activity decision making process, as has 

been identified in cited literature. If boys and girls have such similar median 

characteristics then it is quite possible a family’s given endowments impact the activity 

decision process for boys differently than for girls. The difference in school attendance, 

but similar characteristics, demonstrates that the genders do need to be disaggregated to 

be properly examined, as it suggests different coefficients exist for each group. 
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Table 8: Summary Statistics for all of India, Gender and Location Subgroups (Medians) 

 

Boys Girls Rural Urban 

Attendance Rate (mean) 84.95% 79.85% 80.36% 87.96% 

Male 1 0 1 1 

Rural 1 1 1 0 

Age 10 10 10 10 

Wealth Index 3 3 2 4 

Head of Household Male 1 1 1 1 

Head of Households Age 40 40 40 41 

Mother's Education 0 0 0 1 

Father's Education 1 1 1 2 

Recorded Family Members 6 6 6 6 

Men 1 1 1 1 

Women 1 1 1 1 

Children 5 and Under 0 1 0 0 

Older Brothers 0 0 0 0 

Older Sisters 0 0 0 0 

Younger Brothers 0 0 0 0 

Younger Sisters 0 0 0 0 

Household Structure 1 1 1 1 

Religion 1 1 1 1 

Caste/Tribe 3 3 3 3 

Anganwadi Present 1 1 1 0 

Livestock 1 1 1 0 

Acres of Agricultural Land 0 0.1 0.6 0 

Family has a Below Poverty Line (BPL) card 0 0 0 0 

Family Owns a Bank or Post Office Account 0 0 0 1 

TV 0 0 0 1 

Source: NFHS-3. 

 

Differences are far more common between urban and rural areas. The wealth 

index is the first factor that varies significantly between the two groups. The median 

urban household is counted as Richer (value of 4), whereas the median rural household is 

Poorer (value of 2). This is likely contributing to the 7.60% school attendance gap 
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between urban and rural children, but so are other factors. The median urban household 

also has a TV and a Bank/Post Office Account, whereas the rural household does not. 

In addition, parents are less educated in rural areas, at the median. In urban areas, 

the median father has attended Secondary School, while in rural areas the median father 

has only attended Primary School. It is similar for median mothers; the median mother in 

urban areas has attended Primary School, while the median mother in rural areas has No 

Education/Preschool. We anticipate that such differences in parental education explain 

some of the gap between urban and rural school attendance.  We also see that at the 

median, rural areas have more acres of agricultural land (0.6 acres vs. 0), and have 

livestock whereas urban areas do not have any. The median family size is the same in 

both areas. 

The differences identified between the urban and rural summary statistics 

demonstrates there may be an endowment effect driving the attendance gap, and shows 

the need to separate into urban and rural groups. This is supported by the fact that the 

NFHS-3 is broken into two strata based on location (urban and rural). It will be 

interesting to see if there is any coefficient effect driving the gap as well. 

With the sample group statistics for boys and girls and urban and rural children 

examined at a national level it is time to move to the state level. This will help investigate 

state level differences and hopefully allow the identification of trends in endowments and 

school attendance outcomes across states. 
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4.4.3 State Subsamples: Identifying Trends in Endowments and School 

Attendance Outcomes 

School attendance in India varies dramatically across the states, and so states offer 

an excellent way to identify trends between school attendance and endowments 

(variables). There will not be a great deal of discussion beyond the identification of 

trends; greater comparison will be done using the bivariate probit results for one state, 

Bihar. Table 9 gives the summary statistics at the median for seven different states. The 

states were chosen based on their overall attendance rate. Demonstrating the need to 

disaggregate at the state level is another motivation for this approach. 

Endowments vary across state far more than just at the boy/girl and rural/urban 

levels shown previously. Some variables, such as family structure, offer little apparent 

insight for explaining school attendance across states. This is largely because Kerala is an 

outlier for some of these variables. There are also a number of variables where one or two 

states are outliers from an apparent trend, such as the median education of mothers in 

Manipur, the acres of agricultural land in Uttar Pradesh, and that the median child of Goa 

lives in an urban area instead of a rural area (likely to simply be a result of Goa being a 

small mostly urban state).  

However, some of the variables do offer good insight for the school attendance 

across states. There may be a trend between school attendance and the education levels of 

parents, which would be in line with findings in the literature review. States with higher 

levels of median education tend to have higher school attendance rates. There is also a 

noticeable trend with the Wealth Index, which is again in line with the literature. Poverty 

appears to be a barrier to schooling. There are also trends for family size, livestock and if 
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a family possesses a Bank or Post Account and TV’s (though this may only be due to 

wealthier families having them or the level of a state’s urbanization). 
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Table 9: Summary Statistics for State Subsamples (Medians) 

 Kerala Goa Gujarat Manipur Andhra 
Pradesh 

Uttar 
Pradesh 

Bihar 

Attendance Rate 
(mean) 

99.03% 95.65% 86.66% 86.56% 85.06% 79.54% 62.42% 

Male 0 1 1 1 1 1 1 

Rural 1 0 1 1 1 1 1 

Age 10 11 10 10 11 10 10 

Wealth Index 4 5 4 3 3 2 2 

Head of Household 
Male 

1 1 1 1 1 1 1 

Head of Households 
Age 

44 45 40 45 40 41 44 

Mother's Education 2 2 0 1 0 0 0 

Father's Education 2 2 2 2 1 1 1 

Recorded Family 
Members 

5 5 6 6 5 7 7 

Men 1 1 1 1 1 1 1 

Women 1 1 1 1 1 1 1 

Children 5 and Under 0 0 0 0 0 1 1 

Older Brothers 0 0 0 0 0 0 0 

Older Sisters 0 0 0 0 0 0 0 

Younger Brothers 0 0 0 0 0 0 0 

Younger Sisters 0 0 0 0 0 0 0 

Household Structure 1 1 1 1 1 1 1 

Religion 1 1 1 1 1 1 1 

Caste/Tribe 4 4 3 4 3 3 3 

Anganwadi Present 1 1 1 1 1 1 1 

Livestock 0 0 0 1 0 1 1 

Acres of Agricultural 
Land 

0 0 0 0 0 0.4 0.1 

Family has a Below 
Poverty Line (BPL) card 

0 0 0 0 1 0 0 

Family Owns a Bank or 
Post Office Account 

1 1 0 0 0 0 0 

TV 1 1 1 0 1 0 0 

Source: NFHS-3.  
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The trends identified for some variables in this section indicate that endowment 

effects may be playing a large role in the disparity of school attendance across states. 

However, the outliers in certain variables also show that coefficient effects may be 

playing a significant part in the attendance disparity.  Both these factors demonstrate a 

need for analysis and creation of policy at the state level rather than at a national level, 

and that the Blinder-Oaxaca Decomposition may be quite helpful in explaining and 

targeting the disparity in school attendance. 
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Chapter 5: Results and Analysis 

This section presents and analyses the marginal effects of the bivariate probit 

regressions when predicting participation in school and work and in school but no work, 

and the results and analysis of the Blinder-Oaxaca Decompositions. This section follows 

a progression similar to the summary statistics section. First we present results from a 

basic model of all of India. Next are results for the state of Bihar using the same model as 

the national regressions, followed by Bihar with additional variables added to the model. 

Then results from Bihar with sample groups for boys and girls are shown, and finally 

results from adding urban and rural as additional sample groups in Bihar. 

The purpose of following this order is allow us to qualitatively examine how 

modifying the model and the sample group affect the results of the regressions and 

decompositions, and ultimately what this shows about the gender gap in schooling and 

the application of centralized vs. decentralized policy. Some analysis is done on the story 

that begins to unfold around certain regressors’ roles in the gender gap and policy, but to 

develop an in depth picture, additional methodology and analysis would be needed that 

are beyond the scope of this paper and is left for future work. Instead, emphasis is placed 

on changes in the marginal effects and decomposition results and how they alter, and on 

what can be said about gender gap in attendance and policy. This will allow us to 

determine whether the gender gap is sensitive to using additional variables and smaller 

sample groups in the models, and hence if these specification changes are important when 

developing and applying policy. 
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5.1 Results: National Sample Group 

The marginal effects for the National sample group allow a broad overview of 7-

14 year old school attendance in India and set the stage for our argument in favor of 

disaggregation using sample groups and additional variables. The results can be seen in 

Table 10 and Table 11 and the first statistic examined is the Fisher’s Z Transformation of 

the correlation, an alternative measure to ρ, for the correlation of the errors from the 

school and work specification. The estimated value of -0.416 and high statistical 

significance indicates that the residuals move in opposite directions and shows the 

importance of using bivariate probit instead of single probit. The     value was similar at -

0.394. 

5.1.1 Predicting Simultaneous Attendance in School and Work 

The vast majority of the signs on the marginal effects also make sense, an 

exception being the influence from a mother having higher education. However, when 

predicting if a child attends school and works simultaneously (P11) very few of the 

variables are statistically significant, and the lack of statistical significance becomes more 

frequent as we progress through the sample groups. 

This could be occurring for two main reasons. First, the chosen regressors may 

not be good predictors of the probability outcomes P11 and P10
20

. Second, there may be 

collinearity between chosen regressors, such as the wealth variables and if a family has a 

bank or post office-account. This will often lead to larger standard errors, and hence 

rejection that the coefficient is statistically different from zero. However, even variables 

                                                 
20

 The prediction of school and no work. 
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that should obviously be practically significant, such as wealth and parent education, 

become statistically insignificant 

This suggests the second reason is the main driver behind this problem, which is 

exacerbated by the fact that most our regressors are dummy variables.  Since dummy 

variables only take on a value of zero or one, they have less variability than a continuous 

variable, and the reduced variability leads to lower precision and hence larger standard 

errors. This reduced variability becomes an even more frequent problem as we move to 

smaller sample groups, which makes sense since we would expect them to be more 

homogeneous. For the above reasons we focus more on the magnitudes of coefficient 

estimates to assess if they have a large or small impact on the variable of interest, or in 

other words, we are interested in their practical or economic significance. We do still note 

statistical significance where it occurs. 

The few variables that are significant when predicting P11 at the national level 

have small marginal effects, though even an increase of 0.005, such as for Rural, is a 

substantial proportional increase considering observed school attendance and 

simultaneous work rates are 0.078 for boys and 0.108 for girls (see Table 10 and Table 

11). The age dummy variables have the largest influence on P11 by far. The age marginal 

effects are significant in the base case prediction when all variables are at their median 

(see note at the bottom of Table 10), and the marginal effects of the age dummy variables 

demonstrate an increased likelihood of performing both school and work as a child 

ages
21

. Quite surprising is the lack of statistical significance of Rich and Richer wealth 

                                                 
21

 The decrease in P11 from going from age 13 to 14 breaks this trend, though 14 year olds are still more 
likely to be performing work and attending school compared to any child under 13, all else held constant. 
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levels when predicting P11 in the base case. The signs of the wealth dummy variables do 

make sense, but have a smaller impact than would have been anticipated.  

By and large mother’s education is not statistically significant compared to the 

base case either, but a mother becoming more educated does decrease the probability of 

P11 as expected. The children likely move from P11 to P10 as mothers become more 

educated.  Father’s education is statistically significant, but it actually increases the 

likelihood of going to school and working. Presumably it is increasing the chance of a 

working child to attend school (P10 to P11) or not being idle, and not increasing the 

chance of a child who is attending school to start working (not P10 to P11)
22

. 

The religious and social group variables are also statistically significant. ST and 

OBC are more likely to work than SC. Muslims and Christians are less likely to engage 

in work and school than Hindus. Since being in these religious groups also reduces the 

probability of P10 it must mean their children are more likely to only be working or idle. 

Most other variables are not practically different from zero.  

  

                                                 
22

 Examining all predictions together confirmed this. Going from a father with secondary education to one 
with higher education increases the probability of only attending school, and of simultaneous attendance 
and work. It lowers the prediction of being idle and of work only. 
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Table 10: Marginal Effects for the Simple National Model 

  
School & 

Work (P11) 
School & No 
Work (P10) 

  

School & 
Work (P11) 

School & 
No Work 

(P10) 

Male -0.004 
 (-7.65)*** 

0.088 
 (12.8)*** 

Mom Primary Edu⁺ 0.000 0.162⁺⁺⁺ 

Rural 0.005 
 (4.79)*** 

0.090 
 (6.53)*** 

Mom Secondary 
Edu⁺ 

-0.001 0.041⁺⁺⁺ 

Age 8⁺ 0.014⁺⁺⁺ 0.107⁺⁺⁺ Mom Higher Edu⁺ -0.002⁺ -0.034⁺⁺⁺ 

Age 9⁺ 0.021⁺⁺⁺ 0.066⁺⁺⁺ Dad Primary Edu⁺ 0.002⁺⁺⁺ 0.118⁺⁺⁺ 

Age 10⁺ 0.030⁺⁺⁺ -0.049⁺⁺⁺ Dad Secondary 
Edu⁺ 

0.001⁺⁺⁺ 0.053⁺⁺⁺ 

Age 11⁺ 0.021⁺⁺⁺ -0.006⁺⁺⁺ Dad Higher Edu⁺ 0.001⁺⁺⁺ 0.057⁺⁺⁺ 

Age 12⁺ 0.036⁺⁺⁺ -0.107⁺⁺⁺ Family Size 0.000 
 (-0.23) 

-0.012 
 (-7.8)*** 

Age 13⁺ 0.014⁺⁺⁺ -0.098 Muslim -0.005 
 (-4.53)*** 

-0.144 
 (-9.71)*** 

Age 14⁺ -0.007⁺⁺⁺ -0.080⁺⁺⁺ Christian -0.005 
 (-3.55)*** 

-0.040 
 (-1.74)* 

Poor⁺ 0.002⁺⁺⁺ 0.090⁺⁺⁺ Other Religion 0.000 
 (-0.03) 

-0.010 
 (-0.46) 

Middle⁺ -0.001⁺⁺ 0.081⁺⁺⁺ ST 0.003 
 (3.4)*** 

-0.063 
 (-3.35)*** 

Rich⁺ -0.002 0.062⁺⁺⁺ OBC 0.003 
 (4.7)*** 

-0.014 
 (-1.13) 

Richest⁺ -0.003 0.063⁺⁺⁺ Caste/Tribe not 
listed/none 

0.000 
 (0.46) 

0.003 
 (0.24) 

Household 
head Male 

0.001 
 (0.97) 

0.032 
 (1.36) 

Acres of 
Agricultural Land 

0.000 
 (4.48)*** 

0.004 
 (2.77)*** 

Household 
head Age 

0.000 
 (-1.94)* 

0.000 
 (-0.55) 

Prediction for 
Median Child 

0.009 0.574 

Fisher's Z 
Transformation 

-0.416 
 (-26.41)*** 

   -0.394 

Source: NFHS-3. T-values listed in parenthesis. Stars and pluses indicate statistical significance of 

marginal effects in the base case; where all predictions were done with variables set to their median. 

Additionally, pluses next to a variable name indicate a variable’s marginal effects were calculated by 

moving sequentially through a dummy set (e.g. from age 8 to age 9, rather than age 7 to age 9), and do not 

have T-values for this reason. One star or plus denotes statistical significance at the 10% level, two at the 

5% level, and three at the 1% level. 
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5.1.2 Predicting Attendance and No Work 

 When predicting if a child only attends school the statistical significance of the 

marginal effects in the base case prediction are more in line with results in the literature. 

Notably, the wealth variables and mother’s education variables are now highly 

significant. Important results include that boys are much more likely to attend and not 

work compared to girls and so are rural children compared to urban children.  The latter 

result is counterintuitive since urban children have a higher rate of school attendance and 

no work (see table 12).  Perhaps the rural variable is highly correlated with an omitted 

variable that increases the probability of schooling (or being in an urban area is highly 

correlated with an omitted variable that reduces P10). It could also simply be that our 

calculation of marginal effects at the median is driving this, and if we used the mean it 

would give the proper sign. For each year past age 9 children become less and less likely 

to only attend school, while children becomes more likely to only attend school as a 

family’s wealth increases. Children are also more likely to only attend school as their 

parents’ education increases. This is excluding going from mother having secondary 

education to higher education, which may be caused by most higher educated mothers 

living in urban areas, whereas education levels below this are a more even combination 

from rural and urban areas, and so there is effectively a change in the sample. Most 

notably, the increases in P10 for going from a parent with no education to a parent with 

primary education are quite substantial (both in absolute terms and proportionally): 0.162 

from mothers and 0.118 from fathers.  

Also consistent with the literature is the large decrease in P10 if a child’s family is 

Muslim (-0.144). This is the largest negative influence on school attendance by far. 
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Scheduled Tribes (ST) are less likely to only attend school, compared to Scheduled 

Castes (SC), which may be because a larger portion of ST live rural areas, or perhaps 

they value tribal tradition/teachings over state schooling (similar to the indigenous people 

in Zapata et al. (2011)). Other Backward Castes (OBC) and children in families with no 

Caste/Tribe or one that was not listed are neither statistically nor practically significantly 

different from children of SC families. This lack of significant difference in marginal 

effects of Tribe/Caste variables suggests that affirmative action in education for OBC and 

SC may be working, although it might also indicate that the Caste/Tribe variables in the 

dataset are lacking in important information for identifying differences, or that other 

factors are more important regardless of social group (such as wealth or location)
23

. 

Increasing family size lowers the probability of going to school (consistent with Zapata et 

al. 2011). There also seems to be a positive wealth effect from how many acres of 

agricultural land a family owns. With the marginal effects discussed we now move on to 

the National level attendance decomposition between boys and girls. 

5.1.3 Decomposition Results 

At the national level the actual gap in school attendance between boys and girls is 

0.051 in favor of boys, and the predicted gap is also the same at three decimal places (See 

Table 11), but let us move on to the breakdown of the contribution from coefficients 

(explained gap) and endowments (unexplained gap). 

According to our results when using male coefficients in the decomposition only 

0.003 (6.2%) of the gap is explained, with the remaining 0.048 (93.8%) being due to 

unexplained factors (See Table 11). When using female coefficients the results are 

                                                 
23

 Indeed, there seems to be little to no information on whether a family belongs to an upper caste.  
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similar; -0.004 (7.7%) is explained, and -0.047 (92.3%) is unexplained. These numbers 

can also be seen in Table 12, where the various predicted school attendances for boys and 

girls are shown. 

At the national level very little of the gender attendance gap appears to be due to 

differences in endowments, though endowments do favor boys slightly. The vast majority 

of the gap is due to unexplained factors. This indicates a few possibilities, or combination 

of them. First, there may be discrimination in the household decision process against 

education of girls; a gender bias favoring boys within the family (decisions for one 

gender are dependent on the other gender’s presence). Second, it could be due to cultural 

or regional reasons beyond discrimination in education, such as social norms for how 

much education each gender needs, or the type, returns, and availability of work for each 

gender (decision is made for a given gender independent of the other gender’s presence in 

the household).  Third, there may be important missing variables which are biasing 

coefficients and being picked up by the constant (which is included in the unexplained 

part of the gap).  

These results are not consistent with Pal’s (2004) rural results in West Bengal. 

Her results show a total gap of 0.1 in favor of boys, with the explained part of the gap at 

0.03 (30%) and the unexplained part of the gap at 0.07 (70%). This difference could 

simply be a result of Pal using older data and a different state, but it is also possible this 

discrepancy is due to Pal’s inclusion of village level effects, which we lack. It could also 

be evidence of differences across sample groups (our National vs. her Rural State). We 

will expand upon later as we examine other sample groups. 
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The sign consistency of our national level results with those of the literature is 

encouraging, but we now move on to our case study state, Bihar. This change in sample 

group will help us determine how the gender gap in school attendance changes, to see 

how the decomposition changes, and if national level policy is inconsistent with what a 

nested sample group might need. 
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Table 11: National Decomposition Results 

Attendance (Boys-Girls, 
male coefficients) 

Proportion of gap 

Actual gap 0.051   

Predicted Gap 0.051   

Explained Gap 0.003 0.062 

Unexplained Gap 0.048 0.938 

Attendance (Girls-Boys, 
female coefficients) 

Proportion of gap 

Predicted Gap -0.051   

Explained Gap -0.004 0.077 

Unexplained Gap -0.047 0.923 

Source: NFHS-3. 

 

Table 12: National Simple Model Attendance-Actual and Predicted 
  

  
Male 

Actual 
Female 
Actual 

Male using 
Male 

Equation 

Female using 
Female 

Equation 

Male using 
Female 

Equation 

Female using 
Male 

Equation 

School & 
Work 0.078 0.108 0.079 0.110 0.110 0.079 
School & 
No Work 0.771 0.691 0.770 0.689 0.692 0.767 

School 
Total 0.850 0.798 0.849 0.798 0.802 0.846 

Source: NFHS-3. 

5.2 Results: Bihar using the National Specification 

 This section compares the marginal effects and decomposition results of the 

national sample to those of the state of Bihar when using identical model specifications. 

Looking at the Fisher’s Z Transformation we again find support for the presence of 

correlation between the errors from the two equations. The majority of the marginal 

effect’s signs make sense, with similar variables being statistically significant when 

predicting P10 for Bihar and nationally (21 compared to 23). However, far fewer 
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variables are statistically significant when predicting the base case for P11 (13 compared 

to 21), indicating the specification, collinearity, and issues from using dummy variables 

discussed earlier are becoming more pronounced. But, let us compare the practical 

significance of the marginal effects for the national sample group and the Bihar sample 

group. 

5.2.1 Predicting Simultaneous Attendance and Work 

 Examining the prediction of School and Work (P11) shows that starting at age 11 

there are substantial differences from aging now. The magnitudes for parental education 

are also larger. The religious and Caste/Tribe dummy variables are significant in the base 

case again, and also slightly higher in magnitude. Muslim’s are now 0.005 less likely to 

attend school and work simultaneously, compared to Hindus. Children are also 0.006 

more likely to engage in both activities if they do not belong to a Caste or the Caste is not 

listed. So, looking at the marginal effects for P11 there do seem to be some differences 

between the national and Bihar level, but thinking back to the lower number of 

significant variables for the prediction of P11 in Bihar may be more telling.  It suggests 

that the decision making process for households in Bihar is different than the process at 

the national level, or perhaps that there is less variability in regressors at the Bihar level 

than the national level. Again, the results support the idea that sample grouping is 

important for the results, and that national level policy may not be suitable for local 

policy. 
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Table 13: Marginal Effects for the Simple Bihar Model 

  

School & 
Work 
(P11) 

School & No 
Work (P10) 

 School & 
Work 
(P11) 

School & 
No Work 

(P10) 

Male -0.002 
 (-1.48) 

0.116 
 (4.99)*** 

Mom Primary Edu⁺ 0.010⁺ 0.155⁺⁺⁺ 

rural 0.005 
 (1.85)* 

0.089 
 (2.56)*** 

Mom Secondary Edu⁺ -0.007 0.003⁺⁺⁺ 

Age 8⁺ 0.013⁺⁺ 0.098⁺⁺⁺ Mom Higher Edu⁺ -0.005 0.240⁺⁺ 

Age 9⁺ 0.022⁺⁺⁺ 0.123⁺⁺⁺ Dad Primary Edu⁺ 0.000 0.152⁺⁺⁺ 

Age 10⁺ 0.027⁺⁺⁺ 0.020⁺⁺⁺ Dad Secondary Edu⁺ 0.004 0.003⁺⁺⁺ 

Age 11⁺ -0.005⁺⁺⁺ 0.006⁺⁺⁺ Dad Higher Edu⁺ 0.006 0.147⁺⁺⁺ 

Age 12⁺ 0.056⁺⁺⁺ -0.029⁺⁺⁺ Family Size 0.000 
 (-1.55) 

-0.008 
 (-2)** 

Age 13⁺ 0.050⁺⁺ -0.106⁺⁺⁺ Muslim -0.010 
 (-2.21)** 

-0.168 
 (-3.6)*** 

Age 14⁺ -0.031⁺⁺ -0.026⁺⁺⁺ Christian - - 

Poor⁺ 0.003 0.048 Other Religion - - 

Middle⁺ 0.001⁺ 0.218⁺⁺⁺ ST - - 

Rich⁺ -0.004 0.055⁺⁺⁺ OBC 0.004 
 (2.03)** 

0.071 
 (1.9)* 

Richest⁺ 0.001 0.020⁺⁺⁺ Caste/Tribe not 
listed/none 

0.006 
 (2.07)** 

0.095 
 (2.29)** 

Household 
Head Male 

0.000 
 (-0.07) 

-0.019 
 (-0.4) 

Acres of Agricultural 
Land 

0.000 
 (-0.74) 

-0.001 
 (-0.2) 

Household 
Head Age 

0.000 
 (1.24) 

0.000 
 (-0.18) 

Prediction for 
Median Child  

.006 .227 

Fisher's Z 
Transformation 

-0.281 
 (-4.84)*** 

   -0.274 

Source: NFHS-3. T-values listed in parenthesis. Stars and pluses indicate statistical significance of 

marginal effects in the base case; where all predictions were done with variables set to their median. 

Additionally, pluses next to a variable name indicate a variable’s marginal effects were calculated by 

moving sequentially through a dummy set (e.g. from age 8 to age 9, rather than age 7 to age 9), and do not 

have T-values for this reason. One star or plus denotes statistical significance at the 10% level, two at the 

5% level, and three at the 1% level. Christian, other religion, and ST are omitted due to lack of 

observations. 
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5.2.2 Predicting Attendance and No Work 

The differences when comparing the marginal effects for the prediction of school 

only (P10) are more telling. The marginal effects for being in a rural area and being a boy 

are both similar between Bihar and the national sample, but Bihar has a higher advantage 

for boys at 0.116 compared to 0.088 (See Table 13). We see also that the negative 

influence on school attendance from aging comes into effect later, at 12 instead of 10, 

and has less negative impact. The impact of owning agricultural land is no longer 

statistically significant in the Bihar sample group, nor is it practically significant from 0 

(especially considering the median of .1 acres, see Table 9). OBC and no Caste/Tribe or 

not listed are both statistically significant now and considerably different from the 

marginal effects in the national sample. The marginal effects for both variables are 

positive and increase P10 substantially compared to SC; 0.071 for OBC, and 0.095 for no 

Caste/Tribe or not listed. Previously the marginal effects of these two variables were 

close to zero, and it indicates that SC’s are not fairing as well as at the national level, 

and/or the other social groups are fairing much better in Bihar. It is not clear why this is 

and requires additional focused review of the literature and policy, which we leave for 

another time. The effect of going from Hindu to Muslim has not changed substantially. 

The impact of wealth in the two sample groups is also quite different. Each 

sequential gain within the wealth levels at the national level nets between 0.06 and 0.09 

in increased school attendance. However, in Bihar the gain of going from the base case of 

Poorest wealth to Poor wealth is not significantly different from zero, but going from 

Poor to Middle wealth is huge, a 0.218 increase. Gains past Middle wealth are more 

moderate; 0.055 for the move to Rich, and then another 0.020 for the move to Richest. 
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Some critical threshold in the school decision seems to be passed once a family moves 

beyond Poor, which indicates that the importance of having a wealth level above Poor in 

Bihar is far more important for school attendance than at the national level. 

Parent’s education also plays a different role in predicting school attendance and 

no work in Bihar than at the national level. The gains of going from a parent with no 

education to primary education are similar, but in Bihar having a parent with secondary 

education makes almost no difference from having a parent with primary education (this 

gain was around 0.05 at the national level). However, moving from parents with 

secondary education to higher education has a large positive impact when predicting P10 

in Bihar (0.240 from mothers and 0.147 from fathers), whereas at the national level it was 

0.057 from fathers, and actually -0.034 from mothers. Also, in Bihar increases in the 

mother’s education have a higher impact than increases in the father’s education in all 

cases, which is more in line with the literature. The differences in the marginal effects of 

social group, parental education, and wealth provide the first strong evidence for 

differences between national results and results from nested sample groups (Bihar in this 

case). This also means different policy targets for nested sample groups might be 

necessary, but by and large the general conclusions at the national level are also true for 

Bihar; increasing education and wealth will promote schooling. Let us now examine if 

the decomposition can expand upon this. 
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5.2.3 Decomposition Results 

The school attendance gap between boys and girls in Bihar is 0.113, and the 

predicted gap is correct at 3 decimal places (see Table 14). This is more than twice the 

gap at the National level (0.051), is one of the largest across India’s states, and suggests 

there may be issues with using national policy for nested subgroups (or at least Bihar).  

The explained gap using male coefficients is -0.001 (1.2%), which happens to be 

in favor of girls. The unexplained gap is 0.115 (98.8%) in favor of boys, overpowering 

the slight advantage girls have from the explained gap. When using female coefficients 

both gaps are in favor of boys. The explained gap is -0.005 (4.1%), and the unexplained 

gap is -0.109 (95.9%)
24

. In both cases we see a larger portion of the gap (between 3% and 

5%) being unexplained in Bihar compared to the National results. This means Bihar boys 

and girls have higher similarity in their endowments than at the National level and/or that 

the disparity in their coefficients has increased. We have to examine the marginal effects 

of boys and girls separately to read into this any further, but first we examine if adding 

additional regressors to the specification has a noticeable impact on the results. 

 

  

                                                 
24

 Notice how substantially the predictions change in Table 15 when using male coefficients for the females 
and female coefficients for the males. 
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Table 14: Bihar Decomposition Results 

    % of total 

Boys Attendance - Girls 
Attendance 

Proportion of 
Total 

Actual gap 0.113  

Predicted Gap 0.113  

Explained Gap -0.001 0.012 

Unexplained gap 0.115 0.988 

Girls Attendance - Boys 
Attendance 

Proportion of 
Total 

Predicted Gap -0.113   

Explained Gap -0.005 0.041 

Unexplained gap -0.109 0.959 

Source: NFHS-3. 

 

Table 15: Bihar Simple Model Attendance-Actual and Predicted 

  Male 
Actual 

Female 
Actual 

Male using 
Male 

Equation 

Female using 
Female 

Equation 

Male using 
Female 

Equation 

Female using 
Male 

Equation 

School & 
Work 

0.088 0.123 0.092 0.121 0.124 0.094 

School & 
No Work 

0.591 0.443 0.590 0.447 0.449 0.589 

School 
Total 

0.679 0.566 0.682 0.568 0.573 0.683 

Source: NFHS-3. 

 

5.3 Results: Bihar Extended Model - Using Additional Regressors 

This section compares the marginal effects and decomposition results of the Bihar 

sample group when using the National model vs. the extended model with its additional 

regressors. These additional regressors include: acres of agricultural land squared, if the 

family owns a TV or livestock, if the family has a BPL card or a bank or post office 

account, if an anganwadi is present, household structure (nuclear), and a breakdown of 
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household members into more detailed household demographics from the perspective of 

each observation (child). The Fisher’s Z changes little between the two models. 

5.3.1 Predicting Simultaneous Attendance and Work 

 Examining Table 16 and Table 17, there seems to have been little change or gain 

from including new regressors. The only added regressor that is significant is if a family 

has a Bank or Post Office Account, but the marginal effect is quite small at only 0.002. 

Furthermore, Rural is no longer significant.  The lack of statistical significance could be 

due to poor choice of additional variables, or that another existing variable already 

captured these effects and we have increased collinearity. Looking at the magnitudes of 

the marginal effects there has not been a great deal of change, but we will discuss the 

practical significance of the new variables. 

 The majority of the family demographic variables show that increasing family 

size reduces the probability of P11, though when we included a continuous family size 

variable there was no apparent impact. Since many of the marginal effects when 

predicting P10 share the same sign it is likely that family size is correlated with a need 

for having more children to work for the family. Even so, the marginal effect of these 

variables is fairly small, even as a proportion of the observed P11. The sign on the 

anganwadi is counterintuitive, but is highly correlated with the rural variable, which may 

be causing the result (roughly 85% of rural households covered, but only 30% of urban). 

This leaves us with the marginal effects when predicting attendance and no work, 

and the decomposition results to determine if more regressors in a model (or at least the 

ones we have included) are important for the analysis and policy of nested sample groups 

of the National sample group. 
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Table 16: Marginal Effects for the Extended Bihar Model 

  School & Work (P11) School Only (P10) 

Male -0.003 
 (-1.62) 

0.117 
 (4.45)*** 

rural 0.003 
 (0.92) 

0.098 
 (2.79)*** 

Age 8⁺ 0.016⁺⁺ 0.100⁺⁺⁺ 

Age 9⁺ 0.031⁺⁺ 0.138⁺⁺⁺ 

Age 10⁺ 0.027⁺⁺ 0.027⁺⁺⁺ 

Age 11⁺ -0.001⁺⁺ 0.029⁺⁺⁺ 

Age 12⁺ 0.057⁺⁺ -0.043⁺⁺⁺ 

Age 13⁺ 0.050⁺⁺ -0.095⁺⁺⁺ 

Age 14⁺ -0.026⁺⁺ -0.020⁺⁺⁺ 

Poor⁺ 0.004 0.041 

Middle⁺ 0.001 0.208⁺⁺⁺ 

Rich⁺ -0.005 0.025⁺⁺⁺ 

Richer⁺ 0.002 0.006⁺⁺⁺ 

Household Head Male 0.000 
 (0.01) 

-0.008 
 (-0.16) 

Household Head Age 0.000 
 (1.02) 

-0.002 
 (-1.61) 

Mom Primary Edu⁺ 0.011 0.150⁺⁺⁺ 

Mom Secondary Edu⁺ -0.007 -0.001⁺⁺⁺ 

Mom Higher Edu⁺ -0.007 0.222⁺⁺ 

Dad Primary Edu⁺ 0.000 0.148⁺⁺⁺ 

Dad Secondary Edu⁺ 0.005 0.018⁺⁺⁺ 

Dad Higher Edu⁺ 0.005 0.152⁺⁺⁺ 

Nuclear Family -0.003 
 (-1.18) 

-0.065 
 (-1.85)* 

Men -0.002 
 (-1.38) 

-0.004 
 (-0.22) 

Women 0.000 
 (0.08) 

0.015 
 (0.78) 

Source: NFHS-3. T-values listed in parenthesis. Stars and pluses indicate statistical 

significance of marginal effects in the base case; where all predictions were done with 

variables set to their median. Additionally, pluses next to a variable name indicate a 

variable’s marginal effects were calculated by moving sequentially through a dummy set 

(e.g. from age 8 to age 9, rather than age 7 to age 9), and do not have T-values for this 

reason. One star or plus denotes statistical significance at the 10% level, two at the 5% level, 

and three at the 1% level.  
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Table 17: Marginal Effects for the Extended Bihar Model  (Continued) 

  School & Work (P11) School Only (P10) 

Children -0.001 
 (-0.72) 

-0.040 
 (-2.7)*** 

Older Boys -0.003 
 (-1.31) 

-0.015 
 (-0.9) 

Older Girls -0.003 
 (-1.41) 

0.010 
 (0.6) 

Younger Boys -0.003 
 (-1.84)* 

-0.054 
 (-2.79)*** 

Younger Girls 0.001 
 (0.38) 

-0.021 
 (-1.43) 

Muslim -0.013 
 (-2.03)** 

-0.155 
 (-3.46)*** 

OBC 0.005 
 (1.72)* 

0.076 
 (1.9)* 

Caste/Tribe not 
listed/none 

0.009 
 (1.92)* 

0.102 
 (2.29)** 

Acres of Agricultural Land 0.000 
 (-0.54) 

-0.004 
 (-0.52) 

Acres of Agricultural Land 
squared 

0.000 
 (0.01) 

0.000 
 (0.42) 

TV 0.001 
 (0.89) 

0.032 
 (0.9) 

Anganwadi 0.004 
 (1.42) 

-0.004 
 (-1.42) 

Livestock 0.001 
 (0.76) 

-0.001 
 (-0.76) 

Bank or Post Office 
Account 

0.002 
 (1.9)* 

-0.002 
 (-1.9)* 

BPL Card 0.002 
 (1.55) 

-0.002 
 (-1.55) 

Prediction for Median 
Child 

.008 .245 

Fisher's Z Transformation -0.284 
 (-4.81)*** 

  

   -0.277   

Source: NFHS-3. T-values listed in parenthesis. Stars indicate statistical significance of 

marginal effects in the base case; where all predictions were done with variables set to their 

median. One star denotes statistical significance at the 10% level, two at the 5% level, and 

three at the 1% level. 

 



 

 

95 

5.3.2 Predicting Attendance and No Work 

 The results shown in Table 16 and Table 17 do show some grounds for the 

inclusion of additional variables into the model. More of the new variables are 

statistically significant, including some of the birth order and gender variables and family 

structure. A nuclear family is 0.065 less likely to have a child attend school and not work 

compared to a non-nuclear household. This makes sense since a non-nuclear household 

would have additional adults present to help contribute to the household, presumably 

taking some of this pressure off the children. The only unexpected result is the sign on a 

family having a Bank or Post Office Account. The negative value is counterintuitive, but 

small enough to be little different than zero (especially as a proportion, shown in Table 

19), and is probably just due to the variable’s correlation with wealth. 

The breakdown of the number of family members into more specific categories 

that capture birth order may have been the most useful addition, and one which is often 

not present in the literature
25

. Having siblings aged five or below, and having any 

younger brothers older than five, decreases the chance of only attending school by a large 

amount. Each child aged five and under decreases the probability by 0.040, and each 

younger brother older than five decreases the probability by 0.054. Having younger 

sisters above age five is not significant however. This suggests birth order and sibling 

gender influence a household’s decision process for child activity. Furthermore, having 

older siblings is not significant when predicting attendance and no work. This is 

surprising since if a child’s attendance is penalized for having younger siblings, one 

                                                 
25

 Pal (2004) does include variables for older brothers and sisters in her model, but they enter as a dummy, and 
Zapata et al. (2011) do include dummy categories for number of siblings, but it does not capture any birth 
order effect. 
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might expect the child’s attendance to benefit from having older siblings, as for boys with 

older brothers as found in Pal (2004). 

By examining the marginal effects of the sibling variables when predicting 

attendance and work (P11) and the marginal effects from predicting attendance and no 

work (P10) additional information is gleaned.  The fact that the marginal effects for 

younger brothers is negative (and close to zero) when predicting P11, and that having 

siblings five or under is not significantly different than zero, demonstrates that by 

increasing the number of siblings aged five or under and/or younger brothers decreases 

the total predicted probability of attending school. Having siblings that fall within either 

of these categories encourages families to remove an older child from school entirely. 

There is an important story unfolding here that provides good backing for the addition of 

certain variables, and more specifically these results back the breakdown of variables into 

more detailed categories. It will be interesting to see if these results change when looking 

at subgroups decomposed by gender, but now we compare the marginal effects of the 

variables present in both models. 

The only notable change in the marginal effects for variables present in both 

models when predicting P10 is from moving beyond Middle wealth. Moving to Rich 

from Medium leads to a 0.025 increase in probability, and from Rich to Richer a 0.006 

improvement in predicted school attendance. Respectively, these are roughly a half and a 

quarter of the marginal effects when using the national model. The marginal effects for 

the remaining variables were hardly affected. This is encouraging since it suggests 

additional relevant regressors have been added, and that these regressors may also not be 

heavily correlated with the pre-existing variables when predicting P10 (since there was 
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little fluctuation in marginal effects). We now examine how these additional regressors 

impacted the decomposition. 

5.3.3 Decomposition Results 

As in the previous section, the actual gap in observed school attendance between 

boys and girls is 0.113. (see Table 18). The addition of the new regressors does have an 

impact on the decompositions, with a bit over a three percentage point increase in the 

explained gap when using either male or female coefficients in the calculation. The 

explained gap when using male coefficients is now 0.005 (4.4%) and the unexplained gap 

is 0.109 (95.6%). When using female coefficients the explained gap is 0.011 (9.7%), and 

the unexplained gap is 0.103 (90.3%). So the additional variables have an observable 

impact on the decompositions as well. Adding the regressors has also increased the 

disparity in the calculations from using male or female coefficients. These results indicate 

that the decomposition is sensitive to the specification and the sample group, as shown in 

the previous section. However, even with the adjustments to the sample group and 

regressors thus far, the message of the decomposition has not changed; the gender gap is 

being driven almost entirely by differences in coefficients between boys and girls, and/or 

the constant.  The marginal effects for the boys and girls subgroups are compared next to 

try to shed light on what variables are driving the unexplained gap. 
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Table 18: Bihar Extended Model Decomposition Results 

    % of gap 

Boys Attendance - Girls Attendance 

Actual gap 0.113 
 

Predicted Gap 0.114 
 Explained Gap 0.005 0.044 

Unexplained gap 0.109 0.956 

Girls Attendance - Boys Attendance 

Predicted Gap -0.114 
 Explained Gap -0.011 0.097 

Unexplained gap -0.103 0.903 
Source: NFHS-3. 

 

Table 19: Bihar Extended Model Attendance-Actual and Predicted 
  

 Male 
Actual 

Female 
Actual 

Male using 
Male 

Equation 

Female using 
Female 

Equation 

Male using 
Female 

Equation 

Female using 
Male 

Equation 

School & 
Work 

0.088 0.123 0.092 0.122 0.125 0.092 

School & 
No Work 

0.591 0.443 0.590 0.445 0.454 0.584 

School 
Total 

0.679 0.566 0.681 0.567 0.578 0.676 

Source: NFHS-3. 

 

5.4 The Importance of Sample Group: Comparing the Marginal Effects of 

Bihar’s Boys vs. Bihar’s Girls 

 The results of the decompositions have provided the big picture of India’s and 

Bihar’s attendance gaps between boys and girls aged 7-14; the total gap is almost entirely 

due to the unexplained gap, and therefore, perhaps, differences in the household decision 
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making process for boys vs. girls. The comparison of the boy and girl marginal effects at 

the Bihar level is done for two reasons. One is to better inform policy regarding what 

variables could be targeted to reduce the attendance gap. The second purpose  is to show 

that breaking boys and girls into separate sample groups is important for understanding 

how to effectively promote gross attendance of both groups, and that the results of the 

first point are variant to sample grouping as well. Where possible, some exploration for 

the story of these differences is explored. It is interesting to note that the Fisher’s Z 

transformations are almost identical for boys and girls, and so the relationship between 

their school and work error terms are quite similar. The scores are also close to the score 

for the Extended Bihar Model. 

5.4.1 Predicting Attendance and Work 

Like the move to the extended model, the move to a more specific sample group 

has once again reduced the number of statistically significant variables when predicting 

school and work (see Table 20 and 21). For boys the only significant variables are the age 

dummy variables. There is a pattern occurring for the age marginal effects; they seem to 

follow a bimodal curve with the trough at age 11. This could be caused by a switch from 

primary to upper primary at age 11 to 12, marking some structural change in household 

decision making at this point, or because the decision for 10 and 11 year olds is quite 

similar. Comparing the aging results across boys and girls may indicate that the decisions 

to remove girls from school may be made at a younger age since their gain levels off at 

age 10 instead of 11 (it’s the same for P10). Other marginal effects that vary between 

subgroups include being in an unlisted Caste/Tribe or none, livestock ownership, 

household structure, and if an anganwadi is present. These all favor boys. Increasing 
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family size typically reduces probability of P11, and by a larger amount for boys. 

Looking at the marginal effects of these variables in P10 the children moving out of P11 

have increased probability in any of the three other outcomes, showing there may be birth 

order and gender effects present. 

There seems to be a lack of variables in our specification which adequately 

predict attendance and work, although our inclusions are consistent with specifications in 

the literature.  Looking at practical significances does show that the household decision 

for deciding simultaneous attendance and work does seem to vary across gender. Perhaps, 

as in previous cases, the marginal effects when predicting P10 will offer better insight.  
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Table 20: Marginal Effects for Boys and Girls in the Extended Bihar Model 

  School & Work (P11) School Only (P10) 

  Bihar Boys Bihar Girls Bihar Boys Bihar Girls 

Rural 0.002 
 (0.28) 

0.004 
 (1.18) 

0.139 
 (3.42)*** 

0.047 
 (1.47) 

Age 8⁺ 0.020⁺ 0.016⁺⁺ 0.102⁺⁺ 0.068⁺⁺ 

Age 9⁺ 0.021⁺⁺ 0.055⁺ 0.096⁺⁺⁺ 0.157⁺⁺⁺ 

Age 10⁺ 0.054⁺⁺ 0.003⁺ 0.057⁺⁺⁺ -0.013⁺⁺⁺ 

Age 11⁺ 0.011⁺ -0.010⁺⁺ 0.137⁺⁺⁺ -0.036⁺⁺⁺ 

Age 12⁺ 0.042⁺⁺ 0.075⁺ -0.149⁺⁺⁺ 0.018⁺⁺⁺ 

Age 13⁺ 0.081⁺⁺ 0.007⁺ -0.067⁺⁺⁺ -0.108⁺⁺⁺ 

Age 14⁺ -0.028⁺⁺ -0.027⁺ -0.014⁺⁺⁺ -0.023⁺⁺ 

Poor⁺ 0.001 0.006 0.027 0.036 

Middle⁺ 0.007 0.002 0.133⁺⁺⁺ 0.236⁺⁺⁺ 

Rich⁺ -0.005 -0.006 0.064⁺⁺⁺ -0.010⁺⁺⁺ 

Richer⁺ 0.010 0.001 0.005⁺⁺ 0.022⁺⁺ 

Household Head Male 0.007 
 (0.86) 

-0.002 
 (-0.61) 

-0.045 
 (-0.7) 

0.002 
 (0.05) 

Household Head Age 0.000 
 (0.74) 

0.000 
 (0.74) 

-0.002 
 (-1.14) 

-0.002 
 (-1.33) 

Mom Primary Edu⁺ 0.020 0.011 0.175⁺⁺ 0.111⁺ 

Mom Secondary Edu⁺ -0.018 0.000 -0.064⁺ 0.054⁺⁺ 

Mom Higher Edu⁺ -0.008 0.024⁺ 0.113 0.664⁺⁺⁺ 

Dad Primary Edu⁺ 0.000 0.000 0.167⁺⁺⁺ 0.097⁺⁺ 

Dad Secondary Edu⁺ 0.003 0.007 -0.019⁺⁺⁺ 0.047⁺⁺⁺ 

Dad Higher Education⁺ -0.005 0.021 0.160⁺⁺⁺ 0.132⁺⁺ 

Nuclear Family 0.001 
 (0.31) 

-0.006 
 (-1.43) 

-0.075 
 (-1.75)* 

-0.048 
 (-1.56) 

Men -0.001 
 (-0.61) 

-0.003 
 (-1.4) 

0.004 
 (0.18) 

-0.007 
 (-0.49) 

Women 0.001 
 (0.26) 

0.000 
 (-0.33) 

0.017 
 (0.65) 

0.002 
 (0.11) 

Children -0.001 
 (-0.5) 

-0.001 
 (-1.01) 

-0.039 
 (-2.27)** 

-0.029 
 (-1.82)* 

Source: NFHS-3. T-values listed in parenthesis. Stars and pluses indicate statistical significance of 

marginal effects in the base case; where all predictions were done with variables set to their median. 

Additionally, pluses next to a variable name indicate a variable’s marginal effects were calculated by 

moving sequentially through a dummy set (e.g. from age 8 to age 9, rather than age 7 to age 9), and 

do not have T-values for this reason. One star or plus denotes statistical significance at the 10% 

level, two at the 5% level, and three at the 1% level. 
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Table 21: Marginal Effects for Boys and Girls in the Extended Bihar Model (Continued) 

  School & Work (P11) School Only (P10) 

  Bihar Boys Bihar Girls Bihar Boys Bihar Girls 

Older Boys -0.007 
 (-1.4) 

0.000 
 (-0.2) 

-0.045 
 (-2.2)** 

0.011 
 (0.72) 

Older Girls -0.004 
 (-1.17) 

-0.002 
 (-1.05) 

0.007 
 (0.32) 

0.011 
 (0.73) 

Younger Boys -0.005 
 (-1.32) 

-0.003 
 (-1.46) 

-0.063 
 (-2.12)** 

-0.032 
 (-1.85)* 

Younger Girls -0.001 
 (-0.19) 

0.001 
 (0.49) 

-0.034 
 (-1.2) 

-0.009 
 (-0.5) 

Muslim -0.015 
 (-1.54) 

-0.013 
 (-1.64)* 

-0.143 
 (-2.63)*** 

-0.120 
 (-2.5)** 

OBC 0.007 
 (1.4) 

0.004 
 (1.47) 

0.091 
 (1.89)* 

0.046 
 (1.56) 

Caste/Tribe not 
listed/none 

0.013 
 (1.37) 

0.008 
 (1.69)* 

0.098 
 (1.65)* 

0.069 
 (1.78)* 

Acres of Agricultural Land 0.000 
 (0.26) 

-0.001 
 (-1.27) 

-0.002 
 (-0.1) 

-0.008 
 (-1.35) 

Acres of Agricultural Land 
squared 

0.000 
 (0.24) 

0.000 
 (0.82) 

0.001 
 (0.64) 

0.000 
 (0.77) 

TV 0.002 
 (0.61) 

0.002 
 (0.66) 

0.027 
 (0.61) 

0.027 
 (0.7) 

Anganwadi 0.009 
 (1.25) 

0.002 
 (0.9) 

-0.009 
 (-1.25) 

-0.002 
 (-0.9) 

Livestock 0.008 
 (1.22) 

-0.001 
 (-0.53) 

-0.008 
 (-1.22) 

0.001 
 (0.53) 

Bank or Post Office 
Account 

0.005 
 (1.43) 

0.001 
 (1.09) 

-0.005 
 (-1.43) 

-0.001 
 (-1.09) 

BPL Card 0.004 
 (1.38) 

0.001 
 (1.08) 

-0.004 
 (-1.38) 

-0.001 
 (-1.08) 

Prediction for Median 
Child 

.012 .006 .261 .129 

Fisher's Z Transformation -0.288 
 (-3.45)*** 

-0.287 
 (-3.71)*** 

    

   -0.280 -0.280     

Source: NFHS-3. T-values listed in parenthesis. Stars indicate statistical significance of marginal 

effects in the base case; where all predictions were done with variables set to their median. One star is 

statistical significance at the 10% level, two at the 5% level, and three at the 1% level. 
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5.4.2 Predicting Attendance and No Work 

There are a greater number of statistically significant marginal effects when 

predicting P10, making a stronger case for still using results from variables with practical 

significance. The age dummy variables are significant for both boys and girls. There is 

clear evidence that the probability for boys to be in school increases as they age to 11, 

and then falls as they age to 14. For girls the positive contribution to the probability from 

aging ends sooner, at age 9, though the penalty as they age is less severe relative to boys, 

and is actually slightly positive at age 12. This supports the idea that the decision to 

remove girls from P10 happens earlier than for boys, and that there may be a break 

between age 11 and 12 from switching schools (if one is even available). 

 The wealth variables again show the marginal benefit of moving from Poorest 

wealth to Poor wealth in the base prediction is not statistically different from 0. This 

supports the idea that Medium wealth is the minimum level required for a family to start 

favoring school attendance. This idea is further supported by the comparatively smaller 

contributions for increasing sequentially to Rich or Richer. The difference in marginal 

effects when moving from Poor to Middle is substantial (0.103 in favor of girls), and is 

also large for Middle to Rich (0.074 in favor of boys). This is an important revelation for 

the gender gap, and suggests that not only does a Middle level of income overcome some 

barrier (likely poverty) for both genders, but it is more important for girls. This barrier 

could include cultural norms or gender bias for school or work, which falls off with 

higher wealth.  

The negative sign on the marginal effect for girls going from Middle to Richer 

wealth is counterintuitive, but close to zero and so could be explained by the idea that 
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moving out of poverty is most important, and that gains in wealth past this are not as 

critical for school attendance. However, it might also be that richer families do not need 

to rely on the future wealth of children (especially girls) and so are not as concerned with 

their education. Regardless, the marginal effects for the wealth variables demonstrate the 

difference in household decision processes for boys and girls, and the importance of 

segmenting into boys and girls for understanding the gender gap. Another notable 

conclusion is that if a national level policy focused on moving families from Poorest to 

Poorer it would not be effective at promoting school attendance in Bihar. 

 The differences between the marginal effects for boys and girls from parents’ 

education are the most substantial for any set of variables. The first result is the marginal 

effect of moving from a parent with no education to a parent with primary education. 

Regardless of the parent, the increase in the probability is higher for boys than girls 

(0.064 from a mother and 0.07 from a father). The impact on P10 from father’s education 

is also roughly the same as the impact of an equally educated mother in some cases. Both 

results are counter to most literature, where mothers have a larger impact than fathers in 

general, and mothers have a larger impact on daughters than sons (Rosati & Rossi 2003; 

Duraisamy 2000). This could be a result of Bihar specific reasons, such as lower 

household bargaining power for mothers, or even of mothers and fathers having similar 

views on daughters and sons than those parents in other studies. 

There are odd results for boys when moving from either parent having primary 

education to secondary education; the probability of school attendance with no work 

actually decreases (-0.064 from mothers, and -0.019 for fathers, see Table 20). However, 

the opposite is true for girls. The probability for girls actually increases from having a 
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parent move from primary to secondary education: 0.054 from mothers and 0.047 for 

fathers. We would expect the impact for girls to be higher than boys, but not for boys’ to 

be negative. The negative result for boys could be from secondary education being 

correlated with an omitted variable that has a negative impact on P10. This is another 

case where national level policy would not be fitting for Bihar (though there does seem to 

be more at work here). 

A girl’s mother moving from secondary to higher education has the largest 

positive impact of any variable by far, 0.664, which is similar to results shown in 

Duraisamy (2000). This is a drastic change compared to the marginal effect in the 

national and Bihar results that do not analyze boys and girls separately. This result once 

again suggests that there are some sort of gender and/or cultural barriers to girl’s school 

attendance that are overcome when a mother obtains Higher education. The household 

structure and family breakdowns are looked at next to see if the sibling story discussed in 

the Extended Bihar results can be expanded upon. 

By moving to separate sample groups for boys and girls the household structure 

variable (nuclear households) has decreased from -0.065 to -0.075 for boys, and 

increased to -0.048 for girls. This mean that a nuclear family still needs both children to 

help support the household without other members present to share the burden, or that 

school is too expensive and the child becomes idle. It shows that there may be a 

preference for having boys leave school instead of girls, but considering that the 

probability of attendance for girls is so far behind that for boys, it is possible that girls 

facing a similar change are already working or idle.  
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The marginal effects for siblings are not as different for boys and girls as those 

observed for parental education, but are still surprising. Results from having younger 

siblings are counter to what is anticipated; variables have a larger negative impact for 

boys than for girls when predicting P10 (though this could again be due to disparities in 

observed participation). Furthermore, having older siblings has low impact on P10 for 

girls (consistent with Pal 2004), and having older brothers reduces the prediction of P10 

for boys (which conflicts with Pal 2004). These results, all else constant, seem to suggest 

households don’t care which gender helps take care of younger siblings, that birth order 

doesn’t matter very much, and that in general having a larger family reduces P10 (the 

latter also being found in Zapata et al. (2011) and Duraisamy (2000)).  

Looking at religion and Tribe/Caste, we find the magnitude of the marginal effect 

to always be larger for boys. The negative impact of going from Hindu to Muslim is 

0.023 larger for boys, and being in an OBC instead of SC has a positive 0.091 impact for 

boys but only 0.046 for girls. Going from a SC to no Caste/Tribe or Caste/Tribe not listed 

has a slightly larger positive impact for boys (0.029 higher for boys). It shows that 

decision process for boys and girls may be different between these groups. None of the 

remaining variables are statistically or practically significant, almost all of which were 

added in the extended model. The exception for practical significance perhaps being 

acres of agriculture land, which now has a negative impact, contrary to national results 

and for boys does support the inverted-U demonstrated by Bar and Basu (2009). 

The different gender gaps in school attendance between the National and Bihar 

sample groups, and the changes in the decomposition have already given evidence in 

favor of using nested sample groups. The direct comparison of marginal effects of boys 
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and girls shows substantial differences between them, mainly when predicting P10, lends 

further support to the nested sample groups. While the story behind these differences is 

partially inconclusive without additional analysis, the differences do provide good 

information for policy when targeting gross attendance or trying to reduce the gender gap 

in attendance. Ensuring parents have at least primary education and tackling poverty are 

the most important factors present in our analysis. The exploration of the importance of 

sample groupings is concluded in the last remaining results section; different sample 

groups for rural and urban children. 

5.5 The Importance of Sample Group: Comparing Urban and Rural Bihar 

The final section of the results is the implementation of the urban and rural 

sample groups. The Fisher’s Z Transformations for rural girls, rural boys, and urban boys 

are similar to those of the amalgamated Bihar sample group at approximately -0.280 (and 

therefore the boy and girl sample groups too). The value of the transformation for urban 

girls however has changed substantially, a decrease of more than 0.2 to -0.514, showing 

that the relationship between school and work residuals is much more substantial for 

urban girls and that, perhaps, it is important to have separate regressions by region of 

residence and by gender. 

5.5.1 Predicting School and Work (P11) 

The only statistically significant marginal effects when predicting the base case of 

P11 are for the rural age dummy variables. Most of these are not significant for girls 

(ages 10, 12, 13 & 14), but the marginal for aging still shows a bimodal pattern in rural 

areas, but urban areas now display single modes at age 11 or 12 (see Table 22). Not a 
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single variable is significant for the urban sample group. This may simply be further 

evidence that urban children have far more homogeneity or important explanatory 

variables are missing from the specification. It would not be surprising if regional effects 

are among these.  

Considering practical significance of wealth and parent education, it is clear that 

any policy developed using national or Bihar level results would not have been for at 

least one of these sample groups. Targeting wealth would do little for urban boys, but be 

more helpful in general for urban girls. Parent education is also more influential in rural 

areas. Family demographics also don’t seem to matter in urban areas, but can have an 

impact in rural areas, and the same is true for religion, social group and the last five 

variables (added in the extended model). 
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Table 22: Marginal Effects for Predicting School & Work in Rural & Urban Bihar 

   School & Work (P11) 

  Rural Urban 

  Boys Girls Boys Girls 

Age 8⁺ 0.031⁺ 0.013⁺ 0.000 0.010 

Age 9⁺ 0.016⁺⁺ 0.057⁺ 0.008 0.011 

Age 10⁺ 0.057⁺⁺ 0.000 0.012 0.047 

Age 11⁺ -0.015⁺ -0.026⁺ 0.016 0.142 

Age 12⁺ 0.061⁺⁺ 0.083 0.039 0.021 

Age 13⁺ 0.087⁺⁺ 0.019 0.023 -0.068 

Age 14⁺ -0.030⁺⁺ -0.053 -0.028 0.139 

Poor⁺ 0.001 0.004 0.000 0.019 

Middle⁺ 0.008 0.001 0.000 -0.012 

Rich⁺ -0.010 -0.007 0.000 0.009 

Richest⁺ -0.005 0.004 0.001 0.003 

Household Head Male 0.019 
 (1.15) 

-0.002 
 (-0.8) 

0.000 
 (-0.22) 

0.001 
 (0.44) 

Household Head Age 0.000 
 (0.48) 

0.000 
 (1.1) 

0.000 
 (0.25) 

0.000 
 (-0.44) 

Mom Primary Edu⁺ 0.028 0.009 0.001 0.003 

Mom Secondary Edu⁺ -0.028 0.006 -0.001 -0.002 

Mom Higher Edu⁺ - - 0.000 0.085 

Dad Primary Edu⁺ -0.001 0.000 0.000 0.001 

Dad Secondary Edu⁺ 0.003 0.006 0.000 0.001 

Dad Higher Edu⁺ -0.008 0.040 0.000 -0.002 

Nuclear Family 0.005 
 (0.73) 

-0.006 
 (-1.34) 

0.000 
 (-0.28) 

0.000 
 (-0.35) 

Men -0.001 
 (-0.37) 

-0.002 
 (-1.24) 

0.000 
 (-0.26) 

-0.001 
 (-0.48) 

Women 0.000 
 (0.1) 

-0.001 
 (-0.58) 

0.000 
 (0.49) 

0.000 
 (0.31) 

Children -0.001 
 (-0.33) 

-0.001 
 (-0.71) 

0.000 
 (-0.44) 

0.000 
 (-0.4) 

Source: NFHS-3. T-values listed in parenthesis. Stars and pluses indicate statistical significance 

of marginal effects in the base case; where all predictions were done with variables set to their 

median. Additionally, pluses next to a variable name indicate a variable’s marginal effects were 

calculated by moving sequentially through a dummy set (e.g. from age 8 to age 9, rather than 

age 7 to age 9), and do not have T-values for this reason. One star or plus denotes statistical 

significance at the 10% level, two at the 5% level, and three at the 1% level. Mother’s higher 

education is omitted from rural due to lack of observations. 
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Table 23: Marginal Effects for Predicting School & Work in Rural & Urban 

Bihar (Continued) 

   School & Work (P11) 

  Rural Urban 

  Boys Girls Boys Girls 

Older Boys -0.011 
 (-1.43) 

0.000 
 (0.26) 

0.000 
 (-0.42) 

-0.001 
 (-0.46) 

Older Girls -0.008 
 (-1.28) 

-0.001 
 (-0.9) 

0.000 
 (0.29) 

-0.001 
 (-0.45) 

Younger Boys -0.005 
 (-1.15) 

-0.003 
 (-1.36) 

0.000 
 (-0.47) 

0.000 
 (0.21) 

Younger Girls -0.001 
 (-0.25) 

0.001 
 (0.44) 

0.000 
 (0.44) 

0.000 
 (-0.42) 

Muslim -0.015 
 (-1.34) 

-0.011 
 (-1.4) 

0.000 
 (-0.52) 

-0.004 
 (-0.48) 

OBC 0.008 
 (1.09) 

0.004 
 (1.37) 

0.000 
 (0.54) 

0.000 
 (0.02) 

Caste/Tribe not listed/none 0.011 
 (0.97) 

0.007 
 (1.52) 

0.000 
 (0.52) 

0.001 
 (0.43) 

Acres of Agricultural Land 0.002 
 (0.78) 

-0.001 
 (-1.3) 

0.000 
 (-0.51) 

0.000 
 (-0.36) 

Acres of Agricultural Land 
squared 

0.000 
 (-0.27) 

0.000 
 (0.93) 

0.000 
 (0.52) 

0.000 
 (0.07) 

TV 0.010 
 (1.34) 

-0.001 
 (-0.24) 

0.000 
 (-0.52) 

0.002 
 (0.48) 

Anganwadi 0.026 
 (1.59) 

0.000 
 (0.16) 

0.000 
 (-0.26) 

0.000 
 (0.33) 

Livestock 0.013 
 (1.25) 

0.000 
 (-0.28) 

0.000 
 (0.44) 

0.000 
 (0.25) 

Bank or Post Office Account 0.014 
 (1.44) 

0.001 
 (0.95) 

0.000 
 (-0.39) 

0.000 
 (-0.46) 

BPL Card 0.006 
 (1.38) 

0.001 
 (0.64) 

0.000 
 (0.46) 

0.001 
 (0.51) 

Prediction for Median Child .018 .005 0.000 .0001 

Fisher's Z Transformation -0.309 
 (-3.33)*** 

-0.294 
 (-3.41)*** 

-0.264 
 (-2.05)** 

-0.514 
 (-3.54)*** 

   -0.299 -0.286 -0.258 -0.473 

Source: NFHS-3. T-values listed in parenthesis. Stars indicate statistical significance of 

marginal effects in the base case; where all predictions were done with variables set to their 

median. One star is statistical significance at the 10% level, two at the 5% level, and three at the 

1% level.  
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5.5.2 Predicting School and No Work (P10) 

 The marginal effects for predicting school & no work in the urban sample group 

are also almost entirely statistically insignificant. A few of the marginal effects for age 

are significant for girls (ages 10 13, and 14), but they are hard to interpret without the 

other age marginal effects being significant. 

 The rural sample group offers the only statistically significant marginal effects 

beyond the age dummy variables, and once again shows the same variables in urban areas 

might still be practically significant. The marginal effects for parent education across 

child gender and location are quite different. Parent education usually has a larger 

positive impact in rural areas, and it matters very little for boys in urban areas, suggesting 

that having access to a school may be a huge part of the choice to attend, since higher 

educated parents in rural areas could presumably afford transportation and other school 

costs and be more willing to pay for it. 

 Another substantial difference is that the wealth barrier to schooling is lower in 

urban areas, where gaining Poor wealth boosts schooling (especially for girls), but 

gaining Middle wealth does almost nothing. This boost occurs at Middle wealth in rural 

areas, and is large for both genders. Hence in urban areas you may only need to help the 

poorest people, but need to help anyone below Middle wealth in rural areas. The negative 

impact from having richest wealth in rural areas could indicate that these families hire 

private tutors for their children. This all points to school availability, and perhaps quality, 

being important factors. 

Family demographics, religion, and Caste/Tribe also vary across gender and 

location. Having an extended family (non-nuclear) in rural areas provides a significant 
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boost, but does little in urban areas. Having more adults present tends to have a positive, 

or near zero, impact now, instead of just having more women. Rural girls also gain from 

having older siblings now, whereas the impact is negative or close to zero for other 

groups. Having younger siblings has a negative impact for all groups, as would be 

anticipated since they might have to help care for children. The negative impact is usually 

higher in rural areas as well, indicating that anganwadis do not appear to be relieving 

children from caring for younger siblings, which is supported by anganwadis themselves 

appearing to have no meaningful impact. Muslim boys fair far worse in rural areas than 

urban areas, and once again, not being in a SC is beneficial and these benefits vary by 

location. The decomposition results are now examined to see what impact the new 

sample groups have. 
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Table 24: Marginal Effects for Predicting School & No Work in Rural & Urban Bihar 

  School & No Work (P10) 

  Rural Urban 

  Boys Girls Boys Girls 

Age 8⁺ 0.099 0.048 0.026 0.280 

Age 9⁺ 0.064⁺⁺⁺ 0.158⁺⁺⁺ 0.102 0.246 

Age 10⁺ 0.044⁺⁺⁺ 0.006⁺⁺⁺ 0.122 -0.226⁺ 

Age 11⁺ 0.199⁺⁺⁺ -0.066⁺⁺⁺ -0.038 0.198 

Age 12⁺ -0.221⁺⁺⁺ 0.045⁺⁺⁺ 0.078 -0.105 

Age 13⁺ -0.088⁺⁺⁺ -0.125⁺⁺ 0.040 -0.095⁺ 

Age 14⁺ 0.019⁺⁺ 0.000⁺ -0.157 -0.177⁺ 

Poor⁺ 0.000 0.032 0.042 0.198 

Middle⁺ 0.152⁺⁺ 0.276⁺⁺⁺ 0.000 0.003 

Rich⁺ 0.033⁺ 0.044⁺⁺⁺ 0.132 -0.076 

Richest⁺ -0.098 -0.044 0.077 0.085 

Household Head Male -0.090 
 (-1.09) 

0.007 
 (0.13) 

0.010 
 (0.98) 

0.007 
 (0.07) 

Household Head Age -0.002 
 (-1.06) 

-0.001 
 (-1.14) 

0.000 
 (-0.73) 

-0.001 
 (-0.54) 

Mom Primary Edu⁺ 0.244⁺⁺⁺ 0.084 0.008 0.297 

Mom Secondary Edu⁺ -0.120 0.059⁺ -0.004 -0.089 

Mom Higher Edu⁺ - - 0.037 0.592 

Dad Primary Edu⁺ 0.216⁺⁺⁺ 0.098⁺ -0.003 0.093 

Dad Secondary Edu⁺ -0.042⁺⁺⁺ 0.059⁺⁺⁺ 0.017 -0.014 

Dad Higher Edu⁺ 0.260⁺⁺⁺ 0.118⁺⁺ 0.014 0.076 

Nuclear Family -0.096 
 (-1.83)* 

-0.064 
 (-1.75)* 

0.005 
 (0.46) 

0.011 
 (0.27) 

Men 0.008 
 (0.27) 

-0.011 
 (-0.64) 

0.001 
 (0.29) 

0.019 
 (0.86) 

Women 0.009 
 (0.29) 

-0.001 
 (-0.04) 

0.012 
 (1.01) 

-0.001 
 (-0.03) 

Children -0.053 
 (-2.58)*** 

-0.028 
 (-1.6) 

-0.005 
 (-0.75) 

-0.042 
 (-0.99) 

Source: NFHS-3. T-values listed in parenthesis. Stars and pluses indicate statistical significance 

of marginal effects in the base case; where all predictions were done with variables set to their 

median. Additionally, pluses next to a variable name indicate a variable’s marginal effects were 

calculated by moving sequentially through a dummy set (e.g. from age 8 to age 9, rather than 

age 7 to age 9), and do not have T-values for this reason. One star or plus denotes statistical 

significance at the 10% level, two at the 5% level, and three at the 1% level. Mother’s higher 

education is omitted from rural due to lack of observations. 
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Table 25: Marginal Effects for Predicting School & No Work in Rural & Urban Bihar 
(Continued) 

  School & No Work (P10) 

  Rural Urban 

  Boys Girls Boys Girls 

Older Boys -0.056 
 (-2.11)** 

0.017 
 (0.98) 

-0.003 
 (-0.61) 

-0.035 
 (-0.69) 

Older Girls 0.001 
 (0.05) 

0.013 
 (0.68) 

0.004 
 (0.89) 

-0.007 
 (-0.39) 

Younger Boys -0.066 
 (-1.73)* 

-0.041 
 (-1.93)* 

-0.007 
 (-0.88) 

-0.010 
 (-0.38) 

Younger Girls -0.038 
 (-1.04) 

-0.006 
 (-0.31) 

-0.001 
 (-0.12) 

-0.028 
 (-0.82) 

Muslim -0.145 
 (-1.94)* 

-0.130 
 (-2.21)** 

-0.028 
 (-1.1) 

-0.102 
 (-1.13) 

OBC 0.079 
 (1.25) 

0.042 
 (1.25) 

0.022 
 (1.24) 

0.080 
 (1.21) 

Caste/Tribe not listed/none 0.067 
 (0.84) 

0.078 
 (1.77)* 

0.049 
 (1.2) 

0.069 
 (0.83) 

Acres of Agricultural Land 0.012 
 (0.51) 

-0.010 
 (-1.5) 

-0.011 
 (-1.07) 

-0.010 
 (-0.6) 

Acres of Agricultural Land 
squared 

0.000 
 (0.31) 

0.000 
 (0.93) 

0.001 
 (1.11) 

0.000 
 (0.38) 

TV 0.116 
 (1.61) 

-0.012 
 (-0.24) 

-0.013 
 (-1.14) 

0.132 
 (1.09) 

Anganwadi -0.026 
 (-1.59) 

0.000 
 (-0.16) 

0.000 
 (0.26) 

0.000 
 (-0.33) 

Livestock -0.013 
 (-1.25) 

0.000 
 (0.28) 

0.000 
 (-0.44) 

0.000 
 (-0.25) 

Bank or Post Office Account -0.014 
 (-1.44) 

-0.001 
 (-0.95) 

0.000 
 (0.39) 

0.000 
 (0.46) 

BPL Card -0.006 
 (-1.38) 

-0.001 
 (-0.64) 

0.000 
 (-0.46) 

-0.001 
 (-0.51) 

Prediction for Median Child .322 .134 .0162 .113 

Fisher's Z Transformation -0.309 
 (-3.33)*** 

-0.294 
 (-3.41)*** 

-0.264 
 (-2.05)** 

-0.514 
 (-3.54)*** 

   -0.299 -0.286 -0.258 -0.473 

Source: NFHS-3. T-values listed in parenthesis. Stars indicate statistical significance of 

marginal effects in the base case; where all predictions were done with variables set to their 

median. One symbol is statistical significance at the 10% level, two at the 5% level, and three at 

the 1% level.  
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5.5.3 Decomposition Results 

 The results from the decomposition have important implications for using urban 

and rural subgroups. First, the actual school attendance gaps show a large difference 

between rural and urban attendance rates, and indicates that the 0.113 attendance gap at 

the Bihar level was almost entirely due to the attendance gap in rural areas (0.129) 

compared to the relatively small gap in urban areas (0.021). Furthermore, the unexplained 

gap for the rural subgroup is higher than for the Bihar subgroup. Using male coefficients, 

the unexplained gap for the rural subgroup is 0.129 (99.2%) and using female coefficients 

it is -0.123 (94%). These are up from 95.6% and 90.3% and indicate that the school 

attendance gap in rural areas is also almost entirely due to unexplained effects. These 

results do not follow those from Pal (2004) for rural West Bengal. She finds an 

unexplained gap of 0.3 (30%), and an explained gap of 0.7 (70%). This is probably 

because the results are from different years and a different state. 

 The decomposition results for the urban subgroup show the first signs of a large 

percentage of the gap being explained by endowments. Using male coefficients this is 

35.9%, and using female coefficients it is 17.1%. However, because the actual attendance 

gap is so much smaller in urban areas than in rural areas, a comparison of the nominal 

values of the explained gap offers an interesting result.  

The rural and urban explained gaps are not very different, which means that 

almost all the difference in their total attendance gaps is caused by differences in the 

coefficients of boys and girls in rural vs. urban areas. This in turn potentially means that 

the unexplained problems (such as culture and discrimination in the household decision 

process, or infrastructure) plaguing school attendance of girls in rural areas have 
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somehow been solved in, or by, living in an urban area.  Caution is required when 

drawing these conclusions however. The number of statistically significant marginal 

effects for urban areas is not as high as might be ideal, and any prediction of school 

attendance using the results of the urban regression are especially suspect. The large 

difference in the urban decomposition results depending on which coefficient is used may 

be good evidence of this (although the gap is so small that even small changes appear as a 

large proportional change, which may make this a moot point). 
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Table 26: Bihar Rural & Urban Decomposition Results 

    Rural Urban 

    Gap % of gap Gap % of gap 

Calculation Actual gap 0.129   0.021   

Boys 
Attendance 

- Girls 
Attendance 

Predicted Gap 0.130  0.020   

Explained Gap 0.001 0.008 0.007 0.359 

Unexplained gap 0.129 0.992 0.013 0.641 

Girls 
Attendance 

- Boys 
Attendance 

Predicted Gap -0.130  -0.020   

Explained Gap -0.008 0.060 -0.003 0.171 

Unexplained gap -0.123 0.940 -0.017 0.829 

Source: NFHS-3. 

 

Table 27: Bihar Rural & Urban Attendance-Actual and Predicted   

  Rural 

 Male 
Actual 

Female 
Actual 

Male using 
Male 

Equation 

Female using 
Female Equation 

Male using 
Female Equation 

Female using 
Male Equation 

School & 
Work 

0.092 0.126 0.094 0.126 0.133 0.093 

School & 
No Work 

0.579 0.416 0.580 0.417 0.418 0.579 

School 
Total 

0.671 0.542 0.673 0.543 0.551 0.672 

  Urban 

School & 
Work 

0.074 0.105 0.078 0.097 0.101 0.086 

School & 
No Work 

0.633 0.581 0.631 0.591 0.591 0.615 

School 
Total 

0.708 0.686 0.708 0.688 0.692 0.701 

Source: NFHS-3. 
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  This section has highlighted three important conclusions. The first is that the 

marginal effects and the decomposition from the urban and rural subgroups are different 

across gender and location, and that policy should be developed separately for the boys 

and girls living in each area. The other results are that our specification is not adequate 

when trying to explain school attendance and work due to a lack of pertinent information 

or regressor variability, and that policy developed at the national level may not be 

effective for boys or girls in urban areas for the same reasons. These conclusions will 

now be combined with those of the previous sections in order to provide an overview of 

the results, and the significance of what this paper set out to demonstrate. 
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Chapter 6: Conclusions 

The conclusions of this research are separated into three separate sections. The 

first is the implications of our marginal effects in increasing gross school attendance and 

reducing the gender gap. The second is how our sample groups and specification 

impacted the results, and the implications these have if a national level, centralized policy 

is adopted compared to decentralized policy. Finally, we address shortcomings of our 

work and results that could be addressed in future research. 

6.1 Promoting School Attendance and Reducing the Gender Gap 

This section mainly focuses on the results for attendance and no work since these 

results had more statistically significant variables, yielded larger improvements in 

predicted attendance, and because in most cases promoting P10 will also reduce P11 by 

shifting children to P10. The findings show that there are two types of policy that can be 

developed; policy that targets endowments (explained gap) and policy that targets family 

and cultural views (unexplained gap). Developing policy to increase gross attendance and 

decrease the attendance gap by targeting endowments is difficult. This is because most 

factors that are realistically targetable (wealth, parent education) have the same direction 

of impact on both boys and girls, and to promote/target girls over boys would defeat the 

overall goal of increasing attendance. Therefore, general policy for both sexes should be 

created when targeting endowments (increasing female teachers and female bathrooms 

may be exceptions). 

 Results show the best policy targets are promoting the education of current and 

future parents (especially to at least primary levels), and providing financial assistance   
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to Poorest and Poorer wealth families. The mid-day meal scheme, provision of uniforms, 

books, and transportation, and having more flexible schooling hours (such as Jalandhar’s 

Child Labour Project Schools), are all programs in place that could accomplish this (e.g. 

GoI 2007). Our findings show their spread should be encouraged. Programs could also 

include unconditional cash transfers to the poor, or even cash transfers conditional on 

school attendance or performance. Evening workshops promoting literacy and education 

of parents could also be effective. But, most importantly, parents need to be taught about 

the availability of these programs (e.g. GoI 2007). 

Improving school infrastructure is another solution, and results indicate this may 

help substantially for girls (also see GoI 2006b). By improving school facilities (more 

female teachers, female bathrooms) families can be directly encouraged to send their 

daughters to school (e.g. Glick 2007; GoI 2006b). More general projects like improving 

roads, school supplies/furnishings, and teacher/pupil ratios could also help reduce the 

urban/rural gaps (e.g. Glick 2007). 

The education gap could be specifically targeted at the family and cultural level, 

however. Targeting the unexplained gap appears to be essential given its size. This would 

include trying to change accepted child gender roles and gender favoritism within 

households (and society in general), and promoting women’s rights (e.g. GoI 2006b). 

This could be done through social education programs on gender equality, and the 

benefits of education, and by encouraging teachers to play a more active role in getting 

children into the classroom (e.g. Glick 2007). The gap could also be reduced using 

monetary incentives tied to girls, such as giving teachers a bonus for retaining girls, or a 
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family a stipend for sending a girl to school, but as mentioned before this could be 

counterproductive for boys (e.g. Glick 2007).  

Muslims and ST also require more assistance, above and beyond what Hindus, 

and other Caste groups receive, though it is harder to tell what help they need without 

using religion as a sample grouping. It is encouraging that these groups are identified for 

assistance in India’s 2007-2012 5 Year Plan, and the targeting appears well founded. The 

continued work of the Central Institute of Indian Languages to translate and teach 

material in these groups’ native languages should also be further supported. 

6.2 Sample Group, Specification, and Centralized Policy Implications 

Results from changing sample group and model specification provide evidence 

that a one size fits all national level policy from a simpler model is not ideal for 

promoting school attendance. It can be claimed that, in most cases, targeting wealth and 

parental education would have positive outcomes regardless. However, results show that 

money could be spent on national level programs which will have no apparent impact for 

certain subgroups. There are four good examples of this.  

As previously stated, a policy giving financial aid to Poorest wealth families in 

order to move them up to the Poorer wealth level would increase attendance according to 

national results, but would have no apparent benefit in rural Bihar. More importantly, it 

appears policy targeting any of the factors we have examined might not be effective in 

urban areas (at least of Bihar), even though the National level results suggest otherwise. It 

was also shown that certain levels of parental education in Bihar made little difference or 

even had a negative impact on attendance of boys and girls (though that might be because 

of correlation with omitted variables or use of private tutors). Results also show that 
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using a dataset including other family work and household chores is important for LFP 

considerations, and our LFP resulted in girls having higher LFP than boys, and rural 

higher than urban. As such policy trying to reduce LFP to improve attendance may not be 

as effective for boys or urban areas. 

It is also quite apparent from the decompositions and marginal effects that boys 

and girls are treated differently in the household decision process. Policy makers need to 

know how endowment policy will impact each gender separately and could identify and 

focus upon factors that are especially beneficial for girls. One example is helping families 

pass the poverty barrier, which our results show is more beneficial for girls. Another is 

encouraging Muslim families in urban areas to send daughters to school, which programs 

mentioned earlier in 2.9.2, such as teaching and translating material into local languages, 

might accomplish.  Furthermore, the decompositions indicate that the “unexplained” 

school attendance gap is a far more significant problem in rural areas than urban areas. 

Hence, resources spent on policy targeting the family decision process and school 

infrastructure may be most effective in rural areas.  

This demonstrates there are definite impacts upon the results and policy 

implications from changing the sample group and regressors, and they suggest that 

centralized policy is not ideal for understanding school attendance. 

6.3 Future Work 

There are areas for improvements in this research, and many of these 

improvements might help in our understanding of factors that might impact school 

attendance and therefore help policy formation. One of the most notable issues is the poor 

number of statistically significant marginal effects in most models, especially when 
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predicting simultaneous attendance and work, and when predicting urban outcomes. One 

key class of omitted variables relates to cluster level variables. It is most likely that 

school attendance is affected by idiosyncratic cluster level variables; e.g. school distance 

and quality, infrastructure, gender specific wage rates and labor force participation, or 

unaccounted for cluster level policy. Ideally, we would like to include variables that 

specifically account for cluster effects (such as school presence), but these are limited in 

the dataset.  Alternatively, we attempted to control for unobserved cluster effects in the 

model but these lead to many prediction and convergence problems.  Further work is 

needed on this matter.  It is likely that allowing for such cluster variables will have a 

direct impact on the marginal effects and the decomposition results, and could change the 

story they tell substantially. It would also be nice to extend our investigation of sample 

groups to different states, as our preliminary analysis suggests that school attendance 

patterns differ markedly across states. 

Another methodology we would like to implement is the calculation of individual 

variable’s contribution to the explained gap. This is a more detailed breakdown of the gap 

showing the percentage contribution of each regressor to the explained gap (a 

decomposition of the explained gap).  It would allow us to use the decompositions to 

better identify effective policy instruments. 

Finally, depending on how much new analysis could be done after including 

regional effects and individual contributions to the explained gap of the decomposition, it 

would be nice to return to some of the stories that began to be uncovered in this paper. 

Notably some of the sibling and birth order implications, and maybe the bimodal results 

of aging. It would also be interesting to investigate Muslims and Hindus as separate 
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sample groups since the Muslim variable is consistently significant and with a substantial 

negative impact on school attendance.  Additional testing of the construction of the LFP 

measure and the impacts on regression and decomposition results, and greater 

examination of LFP predictions would be useful avenues for future research as well. 
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Appendix A: Variable Notes 

A.1 Variable Definitions 

Male: One if the child is male, zero if female. 

Rural: One if the child lives in a rural area, zero if urban. 

Age: The age of the child. This enters regressions as a dummy variable for each age. 

Wealth Index: Ranging from one to five; poorest, poorer, middle, richer, richest. Enters 

regressions as a dummy set. 

Head of Household Male: One if the household head is male, zero if female. 

Head of Household’s Age: The age of the head of the household. 

Mother’s Education: Ranging from one to four; no education/preschool, primary, 

secondary, higher. Enters regressions as a dummy set. 

Father’s Education: Ranging from one to four; no education/preschool, primary, 

secondary, higher. Enters regressions as a dummy set. 

Recorded Family Members: Number of family members present and recorded at the 

time of the survey. 

Men: Number of males aged 18 or older at the time of the survey.  

Women: Number of females aged 18 or older at the time of the survey. 

Children 5 and Under: Number of children five and under. 

Older Brothers: Number of boys under age 18 and older than given observation (child). 

Older Sisters: Number of girls under age 18 and older than given observation (child). 

Younger Brothers: Number of boys age 6 and older and younger than given observation 

(child). 
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Younger Sisters: Number of girls age 6 and older and younger than given observation 

(child). 

Household Structure: One if household is nuclear (immediate family), zero if non-

nuclear (extended). 

Religion: Takes on one of four values; Hindu, Muslim, Christian, and other. 

Caste/Tribe: Takes on one of four values: Scheduled Caste (SC), Scheduled Tribe (ST), 

Other Backwards Caste (OBC), and Caste/Tribe not listed/none. Enters the 

regressions as a dummy set. 

Anganwadi Present: If the household is covered by an Anganwadi (prenatal services and 

childcare center). 

Acres of Agricultural Land: Acres of agricultural land owned by the family. 

Family has Below Poverty Line (BPL) Card: One if the family possesses a BPL card, 

which gives them access to government stipend (e.g. kerosene, rice). 

Family Owns a Bank or Post Office Account: One if a family owns a bank or post 

office account. 

TV: One if the family owns a TV. 

Livestock: One if the family owns livestock. 

A.2 Differing Reporting Windows for School Attendance and Working 

Hours 

It is important to note the differing timeframes for the survey’s questions about 

school attendance and performance of work. School attendance is for the past year, 

whereas hours of work (domestic chores, non-household work, and other family work) 
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are only for the past week. Non-household work is the only work variable that was asked 

for participation in the past year, although this is not true for the hours worked. 

This should be kept in mind when performing any analysis involving both school 

attendance and child labour variables. There is no way of identifying if a child attended 

school last week, or the average hours of attendance over the last year. 

This difficulty is further complicated since a number of the states had the survey 

performed (at least partially) outside of the school year (anywhere from April through 

July). This makes it more likely that a child can be recorded as performing child labour 

that is incapable of interfering with school. This could bias results, and warrants greater 

future research. 

The child labour variables were also only recorded for children aged 5-14; hence 

our choice of only examining children up to (and including) 14. We dropped 5 year olds 

because a substantial amount of children do not attend school at this age because of 

cultural/school structure reasons, and dropped 6 year olds because of this time window 

problem (a child may have been 5 at the start of the school year, but 6 when the survey 

was carried out). 

 

A.3 Wealth:  

The NFHS-3 constructs its Wealth Index from household-level data using 

Principle Components Analysis (PCA). The measurement is based on information 

ranging from item ownership to house quality and infrastructure. Here is a list of the 

variables used in the construction of the wealth index, including which questionnaire the 

variable is from: 



 

 

134 

 

Drinking Water Source (HV201) 

Non-Drinking Water Source (HV202) 

Toilet Facility (HV205) 

Household Electrification (HV206) 

Household Possessions (HV207-HV212, HV221, HV243A-C, SH47B-W) 

Type of Cooking Fuel (HV226) 

Main Floor Material (HV213) 

Main Roof Material (HV215) 

Main Wall Material (HV214) 

Type of Windows (SH56A-D) 

Number of de jure members per sleeping room (HV012/HV216) 

House Ownership (SH58) 

Household member having a bank or post office account (HV247) 

 

The NFHS-3 wealth index does not include domestic servants or the ownership of 

agricultural lands. 

 

See NFHS3SUP.PDF for more information, or the DHS Comparative Reports #6, The 

Wealth Index at www.measureDHS.com.  

A.4 Family Member Variables: Siblings and Adults 

We decided to break household family members down into more descriptive 

dummy variables which include: 

http://www.measuredhs.com/
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Children (5 and below) 

Adult Men (18 and older) 

Adult Women (18 and older) 

Same age boys 

Same age girls 

Younger boys (down to, and including, 6) 

Younger girls (down to, and including, 6) 

Older boys (up to, and including, 17) 

Older Girls (up to, and including, 17) 

 

 The variables are constructed from the perspective of each child, so that the 

sibling variables for children in the same family will not be the same. The purpose of this 

is to create a group of variables that will capture birth order and gender effects (such as 

preference for male children). The code for these variables can be found in the file 

DateFileGeneration.do. Same age boys and girls were omitted from the analysis because 

there were too few observations for it, and it is assumed the decision process for them 

would be quite similar. 

A.5 Parent Education: 

There are two separate variables for mother and father with respect to education; they 

take on four values, and in the regressions enter as three dummies. The value of zero (no 

education/pre-school) is left out as the base case. The three remaining dummy variables 

are: 
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Parent Education 1 (Primary school) 

Parent education 2 (Secondary School) 

Parent education 3 (Higher Education) 

 

 Children whose parents were not recorded in the survey, or whose parents’ 

education was listed as “Don’t Know” or omitted, are not represented here and had to be 

removed from the sample. These reasons are discussed in the data section. 

A.6 Caste/Tribe Variable: 

Two variables are given for caste and tribe in the NFHS-3: sh45 (hhcastetribe) and sh46 

(castetribetype). Sh46 is more detailed and based on sh45, but lacking an answer if sh45 

was "No caste/tribe" (a value of 3). I have made this new variable (CasteTribe) to take 

this into account. The coding for CasteTribe is the same as for sh46, but now also 

includes the value of “no caste/tribe” and for “Caste not listed”. All entries of 9 (omitted) 

and of 8 "Don't Know" were dropped. 

 

CasteTribe 1 (Scheduled caste) 

CasteTribe 2 (Scheduled tribe) 

CasteTribe 3 (Other Backward Class) 

CasteTribe 4 (Caste/Tribe Not Listed or No Caste/Tribe) 


