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Abstract

This paper examines the effect of child labour on child health outcomes in Bangladesh. We use self-
reported injury or illness due to work as a general measure of health status. Using the Bangladesh
National Child Labour Survey data for 2002-2003, the results reveal that child labour is positively and
significantly associated with the probability of being injured or becoming ill once the endogenous
relationship between these factors is accounted for. These findings remain robust when we consider
child labour hours and restrict our analysis to rural areas. Moreover, the intensity of injury or illness is
significantly higher in construction and manufacturing sectors than in other sectors. Investigating the
effect of child labour on subjective health across age groups, we find that health disadvantages for
different age groups are not essentially parallel.
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1. Introduction

While increased attention is being paid to school performance of child workers, the effects of
their work activities on their health have not received the same attention. Identifying the
health effects of child labour is indispensable because children’s health is directly related to
their future economic prospects and their welfare in their adult life.” It is also important from
a policy perspective to identify the hazardous types of child labour, in which the majority of
working children are engaged.4 Child labour in hazardous jobs is subject to acute physical
injuries and illnesses, and this figure is not insignificant. In 2000, the International Labour
Organisation (ILO) estimated that 170 million of total 350 million working children around
the world were working in hazardous jobs that had adverse effects on their safety, health and
moral development (Huebler 2006). This dismal picture is remarkably significant in
developing countries where children working under hazardous conditions account for up to
10 percent of all work-related injuries (Ashagrie 1997). To date, existing evidence on the
health injuries or illnesses to working children in developing countries is fairly limited and
the results, are mixed, but it supports the hypothesis that child labour is associated with poor
health (Guarcello, Lyon, and Rosati 2004; Wolff and Maliki 2008). However, work-related
injuries and fatalities to children are not confined to less-developed countries. For example,
there is evidence that children working on farms in the United States are often experience

agricultural-related injuries (see Fassa 2003 for more details).

A number of studies also examine the effect of child labour on health using objective
measures of child’s health that are known to be determined early in an individual’s life such
as weight-for-age (O’Donnell, Rosati, and Doorslaer 2005), height-for-age (Kana, Phoumin,
and Seiichi 2010; O’Donnell, Rosati, and Doorslaer 2005), body-mass index (BMI)’ (Beegle,
Dehejia, and Gatti 2009; Kana, Phoumin, and Seiichi 2010) and height growth (Beegle,
Dehejia, and Gatti 2009; O’Donnell, Rosati, and Doorslaer 2005). All of these studies,
however, find either little or no correlation between child labour and anthropometric

indicators.

Empirical literature also presents some evidence of the positive impact of child labour

on the living standards of families and, hence, on the health of the child (Smith 1999; Steckel

? In this paper, we use the terms “child labour’ and ‘child work”’ interchangeably.

*Hazardous work by children is any activity or occupation that by its nature or type has, or leads to, adverse
effects on the child’s safety, health (physical or mental), and moral development.

>The body-mass index is equal to weight in kilograms, divided by height in meters squared.



1995). This is consistent with the literature that suggest that a disproportionate share of total
household income will be allocated to maintain the strength and health of the most productive
members, whether the household is modelled as a single decision making unit or as a
collection of bargaining agents (Pitt, Rosenzweig, and Hassan 1990). In addition, any
negative impact of child labour on the individual’s health may be obscured by selection of the

healthiest individuals into work (see O’Donnell, Rosati, and Doorslaer 2005 for details).

In this paper, we focus on subjective health assessments by the child or by a parent on
behalf of a child as we seek to estimate the contemporaneous effect of child labour on a
child’s self-reported injury or illness.® Though self-reports of health are subjected to
considerable over-, under-, and misreporting, depending on various circumstances, there is
evidence that self-reported health is closely correlated with underlying morbidity, and that
such self-reporting is a good predictor of future mortality (Idler and Benyamini 1997; Kaplan
and Camacho 1983). Moreover, self-reports of health in general have their own distinct
scientific value. For instance, it has been shown such reports contain information on health
status even after conditioning on objective measures of health (Idler and Benyamini 1997).
Thus, results from ‘subjective’ measures should not be viewed as some lower order of
evidence. Further, the use of such a measure of one’s health can lead us to identify the direct

effect of work on child health.

Research on health outcomes of child labour in Bangladesh is severely limited, and
most of the existing studies on child labour explore mainly whether child work is a deterrent
or a complement to school attendance and/or enrolments (see, for example, Amin, Quayes,
and Rives 2004; Khanam 2008; Ravallion and Wodon 2000; Shafiq 2007). The exceptions
include Guarcello, Lyon, and Rosati (2004), who, using the Bangladesh National Child
Labour Survey 2002-2003, found that the number of hours had a significant effect on the
probability of injury. It is worth stressing, however, that their results are limited in two
important respects. First, they do not scrutinise the possible endogeneity of child labour
hours. In a model of child health, both children working hours and health outcomes may be

determined simultaneously. If so, treating child labour hours as exogenous could result in

®Data limitations prevent us from incorporating anthropometric indicators. However, though anthropometric
indicators have the advantage of objectivity, they also have certain limitations. A particular problem with the
use of anthropometric indicators in the context of child labour is that they are better measures of nutrition and
health experience at younger ages when child labour is not prevalent.



biased estimates. Second, the authors do not include illnesses due to work that were reported

in the data.

This paper differs from the Guarcello, Lyon, and Rosati (2004) study in the following
ways. First, by acknowledging multidimensional nature of injury or illness, we, using the
same dataset, examine different types of work-related injury or illness. We apply the bivariate
probit approach to explore the effect of work on subjective child health, considering the
endogeneity problem of child labour. This is similar to the most recent literature on
developing countries (see, for example, Wolff and Maliki 2008) which uses the bivariate
probit model to identify the effect of child labour. Second, we investigate the relationship
between working hours and injury or illness. An indicator of work participation masks the
effect of different degrees of work intensity. Although working hours are only an indirect
measure of work intensity, long working hours undoubtedly pose health risks and therefore,
also merit consideration in examining the effect of child labour hours on health status. We
use Robinson’s (1988) semi-parametric regression estimator (partial linear model), treating
child working hours as endogenous. The choice of the semi-parametric estimator is motivated
by the fact that it allows for a more flexible relationship between hours worked and health
outcomes. More details of the semi-parametric estimation method that we use in this paper
are provided in subsequent sections. Third, in a further analysis we study the effect of child
work on subjective child health in rural areas and across age groups. Fourth, we investigate
whether a relationship exists between work heterogeneity of child work and health status. In
doing so, we examine the effect of hours on health in different sectors by using the semi-
parametric specification. Finally, following Guarcello, Lyon, and Rosati (2004), we extend
our analysis to study the severity of injury or illness by using a proxy measure, that is, we
utilise information on whether children receive any medical treatment. In doing so, we again
tested the endogeneity of child labour hours which Guarcello, Lyon, and Rosati (2004) did
not consider. Here, we follow Kana, Phoumin, and Seiichi (2010) and apply a method

proposed by Ravallion and Wodon (2000).

Our empirical analysis reaches three major conclusions. First, we find evidence of
negative impact of child work on subjective child health when we correct potential sources of
endogeneity bias in a bivariate probit model. These conclusions persist even when we
consider child labour hours, restrict our analysis to rural children, and split the sample by

sectors of employment. Second, we find strong evidence for poor health among younger



children, while some evidence for health disadvantages among relatively older children has
also been documented. Third, our results show that the severity of injury or illness also
should be considered when examining the effect of child labour on health status, as the
intensity of injury or illness is significantly higher in construction and manufacturing than in

other sectors.

2. Features of Child Labour in Bangladesh

In spite of legislation, children are relatively less protected in Bangladesh. At present, there
are 25 special laws and ordinances in Bangladesh to protect and improve the status of
children (Khanam 2006). Some believe, however, that there is a lack of harmony among laws
that uniformly prohibit the employment of children or set a minimum age for employment.
Under the current law, the legal minimum age for employment is between 12 and 16,
depending on the sector. However, Bangladesh Export Processing Zones Authority (BEPZA)
has restricted the minimum age to 14 for employment in EPZs. Further, since 1990, primary
school education has become compulsory in Bangladesh, and the country has adopted school
subsidy provision to improve schooling and thereby attract and retain children. However,
previous literature has shown that participation in the child labour force may not be
responsive to education-related policy measures (see Ravallion and Wodon 2000 for more

details).

The National Child Labour Survey (NCLS) 2002-2003 conducted in Bangladesh finds
that 7.9 million children between the ages of 5 and 17 are working and that 8 percent of the
working children between the ages of 5 and 17 are hurt or become sick due to work (NCLS
2002). These child workers often are found to work long hours in a variety of hazardous
occupations and sectors that have the potential to seriously damage their health (e.g., in
bidis7, manufacturing, construction, tanneries, and the seafood and garments industries).
Children also work in informal sectors and small-scale firms, which are, by nature, difficult
to regulate. Most children who work in these environments are not given protective clothing
or equipment, or the clothing provided has generally been designed for adults and is,

therefore, useless for children.

A bidi is a type of small, hand-rolled cigarette.



3. Data and Descriptive Statistics

The paper uses individual level data for 2002-2003 from the second National Child Labour
Survey (henceforth, NCLS 2002) conducted by the Bangladesh Bureau of Statistics (BBS)
within the framework of an Integrated Multipurpose Sample Design (IMPS). The NCLS 2002
included a child population between the ages of 5 and 17 from 40,000 households, which are
selected from 1000 Primary Sampling Units (PSUs) covering both rural and urban areas.
However, the NCLS 2002 excluded children living in the streets or in institutions such as
prisons, orphanages or welfare centres. The dataset contains information on a range of
individual (age, gender, marital status, educational attainment, employment status, hours
worked and wages earned) and household-level attributes (household size and composition,
land holding, location, asset ownership). In addition, the NCLS 2002 includes information on
self-reported illness and injuries for every child of the household engaged in economic
activities.® Specifically, the question used to define a work related injury or illness in NCLS
2002 is ‘Has the child ever experienced any injury or illness due to work?’ The survey,
however, did not clearly define the reference period for the self-reported injury or illness.
That is, it is unclear whether the reference period for injury or illness was last year, last week,
or indeed at any time in the past. Nine health complaints are included in the survey
questionnaire, including eye/ear infection, skin infection, stiff neck or backache, problems of
stomach or lung disease, tiredness/exhaustion, burns (any type), body injuries, loss of limbs
and others. The respondents were explicitly asked whether they had experienced each one of

these nine injuries or illnesses.

We focus on child workers between the ages of 5 and 17 who work as paid employees
(paid in cash or in kind), who are self-employed or who work as unpaid employees (e.g., who
work on the family farm or in the family business for profit or family gain) related to the
household head.” Following Beegle, Dehejia, and Gatti (2009), we include children who are

enrolled at school to avoid the issue that child labour can affect contemporaneous schooling

*Economic activity contains all market production and certain types of non-market production including
production and processing of primary products for own consumption and production of fixed assets for own use.
9Regarding the definition of child labour, we follow NCLS 2002. Child labour as referred to in the NCLS
consists of all children aged 5-17 who are economically active except (i) those who are under five years old and
(ii) those between 12-14 years old who spend less than 14 hours a week on their jobs, unless their activities or
occupations are hazardous by nature or circumstance. Added to this are 15-17 year old children in the worst
form of child Labour (i.e. work 43 hours or more per week). Ray (2004) also followed a similar definition in his
study on child labour.



decisions.'” However, we cannot include children performing domestic chores as the NCLS
dataset does not collect any information on injury or illness directly related to domestic
chores. The data also do not allow us to identify any precise nature of child’s work (e.g.,
whether a child involves operating any machine or heavy manual job). In addition, children
with missing ages, work and/or health variables are excluded. Therefore, the analysis is based
on 16,010 children. In this sample, 77 percent (12,363) are male children and 23 percent
(3,647) are female children. Of this sample of 16,010 children, nearly 90 percent (14,437) are
economically active. This estimate is comparable to the other datasets from Bangladesh, such

as Labour Force Survey 1999.

We examine two health indicators as dependent variables for this analysis. The first
indicator is whether a child reports any work-related injury or illness. This variable to some
extent may reduce omitted variable bias if there is co-morbidity. The second indicator is
whether a child reports any work-related symptoms of injury or illness. The choice of these
two health indicators is mainly based on questions available in NCLS 2002. These are the
typical questions used for identifying morbidity status for children in developing countries
(see, for example, the Vietnam Living Standards Survey, the Cambodia Child Labour
Survey). For both health indicators, we generate a binary variable taking value 1 if a child
reports any injury or illness or symptoms of injury or illness, and O otherwise. The health
complaints or symptoms of injury or illness used in our setting are divided into four
categories: tiredness/exhaustion, backache, body injury (including ‘loss of limbs’) and other
health problems (e.g., infection, burns and lung diseases)''. Correlations between different

forms of injury or illnesses that are used in this paper are presented in Table 1.

We consider two different measures of child labour. The first measure is a dummy
variable indicating whether the child is simultaneously employed and enrolled in school. The
second measure is the number of hours worked by the child in the reference week during
which the child was employed. We include a rich set of covariates that are intended to control
for individual and household characteristics that may affect health outcomes and child labour

choice. Individual characteristics include the child’s age and a quadratic of the child’s age

"In doing so, we may identify a ‘pure’ child labour effect among the sample of children who work. At this
point, it should be noted that the selection of only children enrolled in school may induce a selection bias. A
priori, this selection bias is expected to attenuate our findings.

" Infection includes ‘eye/ear’ and ‘skin’ infections.



(Guarcello, Lyon, and Rosati 2004; Kana, Phoumin, and Seiichi 2010),12 the child’s gender,
the child’s vaccination status, the child’s protection at the workplace and the child’s sector of
employment. Sectors of employment may capture the type of hazards to which the child
worker is exposed. We consider in our analysis the main sectors of employment, i.e.
agriculture, manufacturing, wholesale and retail and construction. With respect to health
outcomes, work in construction appears to be the most hazardous form of child labour
because of the use of dangerous tools and machinery and exposure to falling objects (see
Guarcello, Lyon, and Rosati 2004 for more details). As it is likely that gender bias, if any,
may change with age (as older girls may have to care for siblings), we use the interaction
between the female dummy variable and age. At the household level, parental age and
education, household composition, dwelling characteristics and facilities enjoyed by the
household are included. The remaining measure includes a dummy variable indicating urban
residence to control for differential labour markets of children and their parents. Definitions
and descriptive statistics for key regressors are given in the Appendix Table Al based on

child work status (i.e. working and non-working children).

In Table 2 we illustrate the association between health conditions of children and their
employment status. We find that the intensity of health complaints varies by gender and
labour participation. Working children tend to have more health complaints than non-working
children, the activities of working children are, therefore, more likely to be disrupted due to
their health problems. The difference is statistically significant at the 1 percent level. In
addition, working male children tend to have more complaints than working female children
and the difference is generally statistically significant at conventional levels of significance.
Approximately 21 percent of working male children experienced any injury or illness due to

work; the corresponding number for female children is only 6 percent.

In Figure 1, we demonstrate the link between ill health and the number of hours
worked by the child. The reported number of health complaints declines when moving from
the 1-14 hours to 15-29 hours, but it then rises for each subsequent set of hours. For both
male and female children, there is a significant increase in reported health complaints when
children move from the 15-29 hours per week range to 43-50 hours per week range, and male

children report more injuries or illnesses than do female counterparts.

"In the health equation, the child age is included to capture the notion that some health conditions may be age
related, while in the work equation age will determine the opportunity cost of the child’s time. The child’s age
squared is included to capture a non-linearity in the age effect.



Table 3 suggests that approximately 61 percent of the working children (aged 5-17)
are in agriculture. This is not surprising given the economic activities represented in
agricultural sector (livestock, fishery, daily work for poor wages, and unpaid family
businesses). Work in wholesale and retail is the second most common form of child work
with 21 percent of working children engaged in this sector, while relatively few children

work in construction (3 percent).

Further, given the legislative framework in Bangladesh, one would expect there
would be different aged children across the sector. This is evident in NCLS data. The mean
age of children employed in agriculture, manufacturing and wholesale and retail is 13 years,
while the mean age is 14 years for those in construction and service sectors, respectively (see
Table 3). The sample statistics further show that approximately 45 percent of the youngest
children (aged 5-9) is likely to be in agriculture. This proportion drops to approximately 27
percent in wholesale and retail and 22 percent in manufacturing. At the same time, the
proportion of oldest children (aged 14-17) is also high in agriculture at approximately 54
percent. The corresponding proportions for the oldest children are 25 percent in wholesale

and retail and 11 percent in manufacturing.

Table 3 also shows that the proportion of children reporting any injury or illness is
highest in agriculture (49 percent) followed by manufacturing (23 percent). The reason might
be related to the fact that children in agricultural activities in developing countries are often
involved in applying pesticides and/or operating machinery, and Bangladesh is not an
exception. With respect to symptoms of injury or illness, approximately 61 percent of
children experienced tiredness/exhaustion in agriculture, the corresponding numbers in
manufacturing and wholesale and retail are approximately 18 percent and 12 percent,
respectively. While approximately 30 percent of children report body injuries in
manufacturing, the corresponding number in agriculture is approximately 20 percent. These
results demonstrate that heterogeneity of child work that takes place over different sectors

have different impacts on child health.

4. Estimation Framework

4.1 Model of Work-Health Relationship

We first explore the effect of child work participation on health outcomes. The health status

equation and the labour market outcome can be expressed as the following:



:]-[4’1,* :7T0+7T1Q4’L+7T2£4’L+6n; n = 1,....,N (1)
fn*=ﬁo+ﬁ19n+gn; n=1.....N (2)

where 7,," and ¢,,“are latent values of health status and labour choice of child 7. In all the
estimates, @, is a vector of individual and household level characteristics for child 7, which
are assumed to be predetermined to health outcomes and child labour choice. The coefficient
m, represents the contemporaneous association between work and health outcomes and €,,

and ¢, are random factors.

In practice, however, we do not observe the latent health status F,"(it is a self-
reported illness or injury or occurrence of symptoms of injury or illness), but the data
provides information on its observed counterpart, which we denote by H,,. As we are only
aware of the occurrence of injury or illness, we have H,, = 1 when the child says he or she is
injured or ill or has any symptoms of injury or illness (¥, > 0) and H,, = 0 otherwise
(#,,” < 0). On the other hand, it is important to note that the child labour choice is the
observed one and not its latent counterpart in the child health equation. Therefore, we have

t,=1if¢,” > 0and ¢,, = 0 otherwise if £,,* < 0.
Thus, the estimating equations are:

H,=nyg+mQ, +ml,+€,; n=1...,N (3)
€n=.80+.819n+€4¢' n = 1,....,N (4)

As outlined above, despite the inclusion of Q,, there is a strong reason to remain
concerned about the potential endogeneity of child labour variable in the health outcome of
Eq. (3), as it is not reasonable to assume that corr(e, €| Q,, = 0). First, if child labour and
health outcomes are determined simultaneously, reverse causal pathway is possible. Some
recent evidence for this reverse causality is O’Donnell, Rosati, and Doorslaer (2005), who
argue that a health shock may derive from a workplace accident or be the accumulated effect
of past work experience. Second, child work could be correlated with unobserved factors
(such as unobserved personal traits or parental preferences) that are related to health
outcomes, which are undetermined a priori (O’Donnell, Rosati, and Doorslaer 2005). In Q,,,
we include control for factors that may affect health outcomes directly and also may affect
current work status through parental preferences. We have not been able to completely

account for these unobserved variables; and thus, relegate these factors to the error terms of



Egs. (3) and (4); however, doing so would lead to biased estimates of the impact of child
labour on child health (this issue will be addressed in subsequent section). Third, a child’s
current health status depends on the child’s initial endowment of health, and gross investment
(and thus inputs used to produce investments) in all previous periods (Grossman 1972). In 9,
we include control for factors that may affect current health status through prior health
investment, such as the child’s gender (Burgess, Propper, and Rigg 2004). However, it is
possible that this factor may not completely account for such effects, and that these factors

remain in the error terms of Eqgs. (3) and (4).

In the case of a binary labour market outcome, we address the simultaneity bias by
estimating Eqs. (3) and (4'), with the recursive bivariate probit model. This approach models
the corr(e, €] Q,,) explicitly by using a full information maximum likelihood strategy. The
bivariate probit model assumes that the error terms €,, and ¢, in Egs. (3) and (4') are jointly
distributed as bivariate normal with means zero, variance one and correlation p and the

equations are estimated simultaneously using the maximum likelihood method.

H,=mg+mQ, +ml, +t€,; n=1,..... N 3)

ln=Po+P19n+ BV, +e, n=1..,N 4"

|- 15 4 ?

Although the bivariate probit model can be identified without an exclusion restriction,
this strategy is not considered credible in the empirical literature. Thus, our approach is to
follow prior research (O’Donnell, Rosati, and Doorslaer 2005; Wolff and Maliki 2008) and
include a set of variables (V,,) in the child labour equation but exclude them from the health

status equation. The instruments (V,,) are justified in Section 4.3.1.

4.2 Model of the Hour-Health Relationship

In this sub-section, we extend our analysis to the case of hours worked. Representing child
work activity through a simple participation dummy may obscure any variation in the work
effect with the duration of work. Most of the papers on child labour and child health used
specifications in which health outcomes are linear in terms of hours worked (Guarcello,
Lyon, and Rosati 2004; Wolff and Maliki 2008). Recent evidence, however, shows that the

effect of hours is not linear for different health outcomes (Kana, Phoumin, and Seiichi 2010).



An alternative to the linearity assumption is to find the correct specification using a fully non-
parametric approach. A fully non-parametric approach has the advantage that
misspecification is, by definition, avoided. The approach, however, becomes infeasible in
practice if the dimension of Q, is large and the number of observations is limited. Non-
parametric estimators then suffer from the curse of dimensionality due to the slow rate of

convergence of the estimator.

In this paper, the size of our sample is 16,010 observations while the dimension of @,
is rather large, which makes a completely non-parametric estimator infeasible. We use
Robinson’s (1988) semi-parametric estimator to allow for a flexible functional form
relationship between hours and health outcomes and, at the same time, avoid the curse of

dimensionality. More specifically, the health status equation has the following form:

where £,, is now the number of hours worked during the reference week (one week before the
survey) that enters the equation non-linearly according to a non-binding function F. To
control for confounding effects, we include the (log) of weekly hours worked. The health
status equation includes all the controls (Q,) that were used in the bivariate probit

specification. We estimate Eq. (6) using the Robinson’s partial linear regression models."

The partial linear regression model is estimated using the stepwise procedure of
Robinson (1988). Following Robinson (1988), taking conditional expectations given {,, in
Eq. (6) gives us

E(H,|ly) = mo + EQnll)my + F (L) ©)

The difference between Eqs. (6) and (6)"yields

}[n - E(}[nlf/n) :(Qn - E(Q/nlf/n))ﬂl'l'en; n=1..,N (7

In the first step, the conditional means E(H,|¢,) and E(Q,|{, ) are estimated non-
parametrically, using univariate kernel regressions. In the second step, m; is estimated by
OLS on Eq. (7), after replacing the conditional means by their estimates. Robinson shows

that the resulting estimator for 7, is v/n-consistent and asymptotically normal.

Pt is common to use linear probability models where we treat a binary outcome variable as a continuous one
(Reinhold and Jiirges 2012).



There is some concern, however, that £,, is endogenous in health status equation (see,
for example, Kana, Phoumin, and Seiichi 2010). If E(e|¢,,Q,) # 0, the above estimators
will not be consistent. To take the potential endogeneity of £, into account, we use the

augmented regression technique proposed by Holly and Sargan (1982). Assume that

fn=ﬁ0+ﬁ1Qn+ﬁ2Vn+£n; n = 1,....,N (8)
with  E(e[V,,0,) =0 )
and E(€|€,,, V,, Q) = z¢ (10)

Then the health status Eq. (6) can be rewritten as

H,=1y+m1,0Q,+F{,)+ze+€,; n=1,..... N (11)
with  E(€|¢,,V,,0) =0 (12)

Because ¢,, is not observed, we estimate Eq. (8) by OLS and obtain the residual €,,, which is
the consistent estimate of €,. Note that in this model (Q,,) includes similar sets of covariates
that were used in Eq. (4'). The instruments (V,,) in Eq. (8) are the same as those used for the
bivariate probit specification. Eq. (11) will now be applied with &, replaced by é,.
Estimation of Eqgs. (6) to (12) uses data on 14,437 individuals, who report positive working
hours. We dropped the observations for zero working hours because the logarithm of zero is
undefined. However, doing this may lead to sample selection bias, but we address this

estimation bias in subsequent section.

4.3 Instruments

The challenge inherent in implementing either the bivariate probit or the semi-parametric
methods requires the existence of at least one exogenous variable that is significant with the
determinants of child labour but that is not directly related to the probability of being injured
or ill. Some examples of identifying variables used in prior work to estimate the effect of
child labour on child health are household land holdings, indicators of the commune economy
and the local labour market, such as the rice price and migrant ratio, or a proxy for school
quality (O’Donnell, Rosati, and Doorslaer 2005); local adult employment rate and the number
of school buildings (Wolff and Maliki 2008); dependency ratio of the household, household
possessions, such as, agricultural land and cattle, and the number of cattle per herd (Kana,
Phoumin, and Seiichi 2010), commune-level rice price and natural disasters (Beegle, Dehejia,

and Gatti 2009). These identifying variables are subject to concern because of both



conceptual and empirical reasons. For example, in the case of agricultural land holdings and
the number of cattle, it is not clear how household land holdings and numbers of cattle are
valid instruments in the present context as we do not confine our analysis to the rural working
children. Ideally, possession of productive assets, such as agricultural land, livestock and
other farm animals, is an important determinant of child labour in rural areas of developing
countries where child labour increases the returns of these assets relatively inexpensively
(Cockburn and Dostie 2007). Among the remaining instruments, we use a dependency ratio
constructed on the basis of household-level information. Interestingly, we do not find any

relevance of this imputed variable to the determination of child work.

We consider first a dummy variable indicating the migration status of the household if
the household leaves the usual place of residence to find work. The migration status of the
household has often been used as an instrument for child work based on the argument that
living standards and child work will be influenced by the condition of the economy and the
labour market where the household lives (O’Donnell, Rosati, and Doorslaer 2005). It is,
therefore, necessary to construct an interaction term between the migration status and the
location (rural or urban areas) of the household. This is a second instrument. We assume that
migration choice of the household is exogenous as long as it is not correlated with
unobserved determinants of the child health status. Although one could argue that it is
endogenous to the extent that households migrate to areas with availability of health services
or job opportunities which would improve child health through a higher level of household
income. This suggests that there are some weaknesses for the two instrumental variables
outlined above; therefore, we decided to conduct a sensitivity analysis to assess the sensitivity
of results of identifying assumptions (see Section 6.1 for details). The other instrument is a
proxy for school quality. The quality of schooling is a potentially important determinant of
child labour (O’Donnell, Rosati, and Doorslaer 2005). For the school quality measure, we
generate a binary variable, which is equal to 1 if the child reports that his source of education
is an informal school, and O otherwise. The informal school refers to informal education
activities (e.g., family education and others) as indicated in NCLS 2002. In the case of school
education in an informal school, it is reasonable to assume that it may not directly affect the
intensity of injury or illness. This informal schooling could be used as a good predictor of
child labour, as it is well-known in Bangladesh that this kind of education is of lower quality
compared to public schools. The relevance of these instruments is verified in the following

section.



4.3.1 Checking the Validity of the Instruments

We consider several specification tests that examine the statistical performance of the
instruments for the work equation in the bivariate probit specification. As with bivariate
probit model, the over-identification is checked by following the procedure proposed by
Chatterji et al. (2007). At first, we run bivariate probit models for the health outcome that
include the three identifying variables (the migration status of the household, an interaction
term between the migration status and the household location and the school quality) in both
the health status and labour market equations. Interestingly, all three variables were
statistically significant predictors of health outcomes (at the 5 percent level), which reduces
confidence in our identification strategy in all the health models. However, the exclusion
restriction is not rejected if we use only the school quality variable to identify the model and
include the migration status and an interaction term between the migration status and the
household location in the health outcome equation (except for reporting any injury or illness,
body injuries and backache). The estimates for the work coefficient are fairly robust to

variations on the identification strategy (results not reported).

In partial linear regression models, we estimate treating working hours as endogenous
and include the migration status of the household and the school quality in the instrument set,
but we drop an interaction term between the migration status and the household location as
these are not significant determinants of working hours. The relevance of the remaining
instruments is verified with empirical tests. The relevant test lends strong credence to our use
of two identifying variables.'* In addition, the Hansen test for over-identification indicates
that the instruments are valid in the sense that their influence works only through the
endogenous variable but not for all of the health conditions that we considered."® Instead, we
focus on the partial linear model estimates for the main results of the paper and provide
specification test results for the parametric against the partial linear model as a reference (see

footnote 21).

' We perform an F-test such that the coefficients on the instruments are jointly zero. The first stage F-statistics
is 4.53 with a negligible p-value of 0.0108. The value of R-squared is 0.27, indicating that the instruments add
significantly to the prediction of the (log) of the number of working hours.

>The Hansen test for over-identifying restrictions gives a y2(2) test statistic of 5.49 (p-value = 0.0191) for
reporting any injury or illness; 1.08 (p-value = 0.2983) for tiredness/exhaustion; 0.3009 (p-value = 0.5833) for
body injuries; 0.1039 (p-value of 0.7472) for backache; 4.48 (p-value of 0.0394) for other health problems.



5. Empirical Results

Table 4 presents the results of the recursive bivariate probit model. As a benchmark, we have
also provided the estimates gained from the univariate probit model. It is clearly evidenced
that the exogeneity of child work is rejected in the univariate probit model at any reasonable
levels of significance in all health conditions except for body injuries and other health
problems, suggesting that there is no advantage of the univariate probit model over the
bivariate probit model in this analysis. This is confirmed by a Smith-Blundell test in the

univariate probit model.

The univariate probit estimates indicate a positive and significant relationship
between current injury or illness and child work. This relationship indicates that labour force
participation is associated with poor health. The result persists when we turn to different
injury or illness symptoms. For example, for children who work, the probability of
experiencing tiredness/exhaustion is approximately 71 percent, while the probability of
suffering from other health problems is approximately 26 percent. The relationship increases
substantially in magnitude when moving to the bivariate probit model, with the exception of
backache, suggesting a more robust effect of child labour on health (see Appendix Table A2
for full estimates).'® The Wald specification test of the correlation coefficient of errors
suggests that child work 1s endogenous in all health conditions except for
tiredness/exhaustion and backache (see Table 5, bottom). In addition, the coefficient of
correlation between the residuals of the health outcomes and the child work equation is
always significantly negative in three out of the five health conditions, implying that

considering child work as exogenous leads to biased estimates.'”

Turning next to the effects of other covariates on the probability of reporting injury or
illness provides some interesting results (see Appendix Table A2). Consistent with our

descriptive analysis, girls are less likely to report injury or illness, suggesting that the nature

"®We further investigate our analysis by including dummy variables for regions (Chittagong, Rajshahi, Khulna,
Barisal, Sylhet, and Noakhali. The reference category is Dhaka) in our baseline model to capture the unobserved
factors (e.g., climate, hospital facilities and public hygiene) that may affect the causal relationship between
health and labour supply. Of course, there are still other unobserved factors driving the correlation between
child work and subjective child health. In general, we find (not shown) a strong positive effect of work on the
probability of reporting injury or illness, which reiterates our findings from the Appendix Table A2. These
results suggest that the effect of work on health seems to be mediated through regional dummies and, hence,
these factors perhaps are important determinants.

0’ Donnell, Rosati, and Doorslaer (2005, p-454) obtained a similar negative value of the correlation coefficient
of errors in rural Vietnam and interpreted this result as ‘selection into work on the basis of unobserved health
determinants’.



of work undertaken by girls may be less onerous.'® Interestingly, protection (use of working
dress) at the workplace does not reduce injury or illness except for tiredness/exhaustion and
body injuries.19’20 These findings are similar to those reported by Guarcello, Lyon, and Rosati
(2004) for Cambodia. Along with Guarcello, Lyon, and Rosati (2004), our results indicate
that the use of protective clothing is not sufficient to fully compensate for the additional risks
related to the work. As expected, children are more likely to report backache if they work in
agriculture, though the effect is not statistically different from zero at conventional levels of
significance. Clearly, construction and manufacturing jobs appear to endanger child health as
the coefficients for poor health conditions are greater in magnitude than they are in other
sectors, although the estimated coefficients for tiredness/exhaustion, backache and other
health problems in the construction sector and tiredness/exhaustion in manufacturing sector
are not statistically significant. This result supports the global consensus that construction
jobs are more hazardous in nature and thus raise health risks for children. When turning to the
parental characteristics, we find that a mother’s higher education (secondary education)
relates negatively with all health outcomes. A similar result was found by O’Donnell, Rosati,
and Doorslaer (2005) for rural Vietnam. The results most likely suggest that highly educated
women may be more aware of the adverse impact of child work through access to
information (i.e. exposure to media) and, consequently, adopt necessary steps (e.g., to use
preventive and curative medicines and to treat illness) to reduce child health problems.
However, the father’s higher education (secondary education) has the reverse effect on health

conditions, such as, body injuries. One possible explanation could be that child labour does

"®The findings may be under-reported because NCLS 2002 does not report injury or illness attributed to
domestic work, and this is the type of work that female children most often do. Thus, some caution should be
given to this result.

' At this point it should be noted that these strange results do not disappear when controlling for the interaction
between protection and sectors of employment and regressing health outcomes on protection, sectors of
employment and an interaction between protection and sectors of employment at the same time. However, we
do find the expected sign for the coefficient on the interaction between protection and sectors of employment.
This indicates that safety levels reduce the risk of injury or illness across sectors of employment.

% It is important to note that protection at the workplace may be a potentially endogenous variable due to the
possibility of reverse causality. A greater protection can be adopted in more hazardous jobs. We test the
exogeneity of protection at the workplace by a Smith-Blundell test in the univariate probit. The instruments are
as defined for the bivariate probit. Exogeneity of this variable is not rejected at any reasonable level of
significance in all health conditions with the exception of backache (y%(1)= 6.36, p =0.0117). Further, given it
is the work effect that is of central interest; we simply verify whether the estimate of this parameter appears to
be contaminated by any endogeneity of protection at the workplace variable. As we treated child labour as
endogenous, we excluded the variable protection at the workplace and re-estimated the bivariate probit model
for all health conditions. The estimates generated from these models are very similar to those presented in the
Appendix Table A2. In particular, the bivariate probit work coefficient is robust to dropping to protection at the
workplace variable, varying between 0.6803 and 1.7201 and remaining significant at the 1 percent level. These
sensitivity tests suggest that the estimated parameters including the child work variable are not contaminated by
endogeneity bias, deriving from protection at the workplace.



not necessarily substitute for adult labour income and, hence, yields negative effects on
health due to work. Safe drinking water, satisfactory sanitation and the number of rooms in
the household significantly reduce the probability of injury or illness. Since the focus of this
paper is on the impact of child labour on health status, the apparent impact of these household

characteristics will not be discussed further.

Next, we turn to the results of partial linear models when children’s working hours are
taken into account and when controlling for similar sets of covariates as in the bivariate
probit model (Table 5).2! The estimate of residual is significant for all health conditions
(except for other health problems), implying that exogeneity of hours worked is rejected in a
partial linear regression model at conventional levels of significance. Regarding the effect of
the (log) of the number of hours worked, the significance test of the hour variable indicates
that the number of hours worked significantly influences the probability of injury or illness
(in every case, the p-value is 0.000). To show how occurrence of injury or illness varies with
working hours, we show the non-parametrically estimated relationship between the (log) of
the number of hours worked and health conditions in Figure 2. Reporting any injury or illness
clearly decreases with the number of working hours as do other health problems, but it then
increases with the number of working hours after a certain threshold. The nonlinearity that
we find may be attributed to the fact that a certain number of working hours is associated
with a particular age and gender composition or other characteristics (e.g., task performed),
which strengthen the occurrence of injury or illness after a certain threshold. While body
injury and backache are generally constant with the number of hours worked,

tiredness/exhaustion steadily increases with the number of hours worked.

The results of the parametric aspect (see the Appendix Table A3 for full estimates)
suggest that partial linear model estimates are qualitatively similar to the bivariate probit
specifications, although the magnitude of the impact of covariates is considerably smaller
than that of the bivariate probit estimates. It is worth noting that jobs in agriculture and in
wholesale and retail are found to be detrimental to child’s health. For example, children are
more likely to report any injury or illness or backache when they work in agriculture and

wholesale and retail, implying that work participation itself does not appear to endanger

I'The bottom panel of Table 5 presents a one-sided specification test result for the parametric against the partial
linear model. For the different health outcomes, both the linear model (i.e. the health outcomes depend linearly
on the log of the number of hours worked) and quadratic specifications are rejected.



health for those children who work in these sectors (as we see in the bivariate probit
specification in the Appendix Table A2). However, the risk of poor health conditions

increases the longer the children are exposed to health hazards in these sectors.

6. Robustness Checks and Extensions

6.1 A Sensitivity Analysis

While the bivariate probit model and partial linear regressions are formally identified with
exclusion restrictions in the main analysis, doubts remain about the validity of the identifying
instruments and the inferences that are based on them. Some factors that influence migration
decision of the household, such as job opportunities, are likely to improve household living
standard, and hence child health through a higher level of household income. In this
circumstance, we explore sensitivity of our estimates that may be more informative when
exclusion based restrictions are hard to justify. In doing so, we re-ran Eqgs. (3-4), but
constraining p (the correlation between unobservables that determine child labour and the
various outcomes of child’s health) to the specified value (e.g., from 0.1 to 0.5). This is
similar to that of Altonji, Elder, and Taber (AET, 2005), who analyse the effect of Catholic
high school attendance on educational attainment and test scores. Similar to the AET
approach, we conduct our exercise without exclusion restrictions (i.e. the same set of
covariates 1s included in both equations). Identification comes from both the restriction on p
as well as from functional form (Altonji, Elder, and Taber 2005). The approach demonstrates
a robustness check to determine whether the effect of child labour on health outcomes is
sensitive to various levels of imposed correlation between the unobserved determinants of
both outcomes.” We apply the AET approach only to a binary labour market outcome.”
Table 6 shows the results from the empirical strategy proposed by Altonji, Elder, and Taber
(2005), which does not rely on identifying assumptions. The first column reproduces the
standard univariate probit findings from Table 4, which is based on the assumption of no
selection along unobserved factors. The columns to the right of Column 1 show estimates of
the effect of child labour on health outcomes from bivariate probit models without any
identifying exclusion restrictions. We see that when p = 0.1 the work coefficient for reporting

any injury/illness is 0.5261, the figure declines to 0.3234 when p = 0.2 and to 0.1105 when p

2 This is the first part of the AET (2005) approach while the second part of the method uses the degree of
selection on observed characteristics to set the degree of selection on unobserved characteristics at a level that
could be considered to be conservative. Because the latter assumption is unlikely to hold in reality, we do not
explore the estimated correlation coefficient derived from the second approach.

* The AET (2005) approach can be applied in the setting of a continuous dependent variable, but we did not
explore this in our case.



= (.3 (though not significant at conventional levels). Given the strong effect of child labour
when p = 0, the effect is considerably weaker when constraining p to the specified value.
These findings are similar to the results for symptoms of injury or illness, such as
tiredness/exhaustion, and body injuries. Overall, the sensitivity analysis suggests that in spite
of different degrees of selection on unobservables, we find a strong positive effect of child

labour of reporting any injury/illness, tiredness/exhaustion, and body injuries.

6.2 Controlling for Omitted Variable Bias

As outlined above, we interpreted our coefficient on child labour as causal effect. Of course,
this interpretation is only valid if there are no omitted variables which are correlated with the
error term and child labour. Parental preference is an example of such an unobserved omitted
variable. A standard approach of dealing with omitted variable is the use of panel data.
Unfortunately, we do not have access to panel data. The other possibility is pursued in this
paper, which is to use a sub-sample of two or more children aged 5-17 from the same
household who may work to estimate household fixed effects health equations. The true
causal effect of child labour on child health can be identified by exploiting variation across
children within a given household. We have performed regressions using the fixed effect logit
models with the number of hours worked by the child. Insights from the fixed effect logit
model based on the select sample of households with only two working children indicate that
controlling for unobserved heterogeneity does not affect our previous conclusion: we obtain a
significantly positive coefficient of child labour hours on the probability of reporting injury
or illness. The (unreported) results are similar to those in Table 5. For example, the point
estimates for reporting any injury or illness are 2.337 (z = 30.79); the corresponding values
are 1.302 (z =13.92) for tiredness/exhaustion; 1.478 (z = 15.81) for body injuries; 1.092 (z =
9.66) for backache; 2.340 (z = 18.51) for other health problems.

6.3 Sample Selection Issues

It 1s possible that persons for whom the number of hours worked is positive may not be a
random draw from the population, but a self-selected group. As a simple check on the
possibility of sample selection into the sample of children with positive working hours, we

adopt the Heckman (1979) two-step approach.24 We included two additional variables in

*The Tobit procedure has been used in the literature to model censored dependent variables but it is a restrictive
solution, modelling simultaneously the decision to participate in the labour force and the decision of the number
of hours worked. A more appropriate approach is to treat the decision to participate in the labour force as
essentially separate from decisions of the number of hours worked.



regression models for this exercise, such as the number of children between O and 4 years,
and the number of school children between 5 and 17 years in the household, but excluded the
number of children for each child in the household. The other variables are the same as those

used for the main analysis.

As is well known, the sample selection model requires an exclusion restriction, in the
form of one or more variables that appear in the participation equation but not in the outcome
equation (the log of the number of hours worked). Given the lack of credible exclusion
restriction, we followed two alternative approaches to achieve identification of the selectivity
term, the inverse Mill’s ratio, though neither may not be ideal. First, identification through
functional form and, secondly, using variables that are significant in the participation
equation (the selection equation) but insignificant in the outcome equation (the log of the

number of hours worked).25

The selectivity corrected equations of the (log) of the number of hours worked,
conditional on participation, are presented in Table 7, using both methods of identification of
the inverse Mill’s ratio. Both approaches show that selectivity into participation is
unimportant. The sign of the inverse Mill’s ratio (though insignificant) is as expected, that is,
those who are likely to participate in the labour force are those who work more hours of work
than do children in general. One possible explanation is that children who participate must be
those with higher ambition and/or motivation. Given the imperfect selectivity correction
strategy and, more importantly, given the inverse Mill’s ratio is not statistically significant,

we suggest that the censoring effect appears to be trivial in our analysis.26

6.4 Isolating the Rural Sample

In this sub-section, we examine the robustness of our results when we restrict ourselves to the
sample of rural child workers aged between 5 and 17 years, given the fact that the majority of
child workers in Bangladesh are in rural areas. Focusing on the impact of child work
participation on child health outcomes, it is noted that bivariate probit estimates for rural
areas are quite similar to those for the full sample.”” The one notable change is that the work

coefficient for backache becomes statistically significant; it rises in magnitude but remains

»Using a similar procedure, Kingdon (2002) corrected sample selection bias due to selection of individuals with
positive years of schooling.

**These results are unchanged when we included dummy variables for regions.

“'The complete set of results corresponding to rural sample is available on request.



negative (i.e. m, =-2.4510; z = -17.76). These results have obtained by using only the
migration status of the household and the school quality variables as instruments.”® The
relevance of these instruments is checked by running bivariate probit models with and
without these instruments. The likelihood ratio (LR) test results suggest that adding these
instruments to the model significantly improve the fit of the model compared to a model

without these instruments.?’

Turning finally to the impact of child working hours, partial linear estimates show an
effect very similar to that of the full sample. Again, most estimates regarding the residual are
statistically significant, suggesting that working hours are endogenous. Analysing the child’s
working hours’, we find that the hour effect is significantly different from zero (in every case,
the p-value is 0.000). This is confirmed by a significance test on hour. The instruments are
the same as those used for the bivariate probit model for the rural sample. These instruments
perform better with respect to the over-identification test and are now even stronger.”” As in
the full sample, we find the non-linear relationship between the (log) of the number of

working hours and health outcomes.

6.5 Age Groups

Guarcello, Lyon, and Rosati (2004) find that work related injury or illness increases with age,
though they did not offer any consistent explanation for this. The findings could be
interpreted as support for the notion that older children work more hours than younger
children, and, hence their health condition worsens. Therefore, the health outcomes for
different age groups are not essentially parallel. In this sub-section, we investigate the

relationship between work and subjective child health according to age.

We consider three age groups (10-13, 14-17 and 10-17) and estimate bivariate probit
models for each age group using similar sets of covariates and instruments that were used in

the main analysis. We find some evidence that the probability of reporting injury or illness is

**In the rural sample, in the estimated bivariate model, we experimented with total household land holdings as a
possible determinant of child work. While the significance of this instrument is confirmed in the work equation,
the exclusion condition appears to be rejected in all health conditions.

*In the first health indicator (any injury/illness), the y2(2)= 4.65 with a p-value of 0.0977.In the case of
different health conditions (symptoms of injury/illness), the corresponding values are y2(2) = 5.52, with a p-
value of 0.0634 (tiredness/exhaustion); y2(2)= 6.42 with a p-value of 0.0403 (body injuries); x2(2)= 25.04
with a p-value of 0.000 (backache) and y2(2) = 5.89 with a p-value of 0.0526 (other health problems).

*The Hansen test for over-identifying restrictions yields a y2(2) test statistic of 9.80 (p-value = 0.0017) for
reporting any injury or illness; 0.9268 (p-value = 0.3357) for tiredness/exhaustion; 0.5788 (p-value = 0.4467)
for body injuries; 0.1232 (p-value of 0.7256) for backache; 5.20 (p-value of 0.0226) for other health problems.



! This holds particularly in the case of

somewhat larger in the oldest age group.’
tiredness/exhaustion. One possible explanation could be that older children are most likely
chosen for physically demanding activities that cause him/her to become tired/exhausted at
the end. The point estimates for tiredness/exhaustion are 1.0068 (z = 4.20) for age 10-13 and
2.0315 (z = 24.15) for age 14-17. For the other health outcomes, the results are mixed across
age groups. For example, we find weak evidence for reporting any injury or illness (except
for age group 10-17). Further, we find evidence that work increases the likelihood of
backache and other health problems but does so much more strongly for younger children

than for older children.”” The results may be associated with the view that some health

conditions are age related.

6.6 Heterogeneity of Work Effect on Injury or Illness

We also analyse the heterogeneity of the work effect on subjective child health.
Heterogeneity can take place among child workers who work in different sectors. We also
need to know how working hours affect the health of the child across different sectors. The
effect of working hours on health by sector is important as it should shed some light on
whether it is more appropriate to target activity by sector or by a combination of both sector
and working hours to identify the overall risk of suffering from injury or illness due to work.
To explore the association between working hours and health conditions in different sectors,
we re-estimated the partial linear model, taking into account the endogeneity of child labour

hours in health status equations. This analysis relies on our three instruments.™

We investigate non-parametric estimates of the relationship between working hours
and health conditions in selected sectors (e.g., agriculture, manufacturing, wholesale and
retail and construction) in Bangladesh.”® The estimates of the residuals in all health
conditions across a sector of employment suggest that the exogeneity of hours worked is
rejected, though not for all health conditions that we considered. As before, there is evidence
of the effect of number of hours worked on the probability of injury or illness across a sector
of employment (in every case, the p-value is 0.000). This result is confirmed by specification

tests on hours for all health conditions.

*'The complete set of results is available on request.

2The points estimates for backache and other health problems are 1.7503 (z = 3.31) and 1.0855 (z = 6.22) for
age 10-13; the corresponding values for age 14-17 are 0.7048 (z = 1.52) and 0.5250 (z = 1.71), respectively.
PAll these instrumental variables have strong explanatory power in that they have a high F-statistic. Over-
identification is not rejected at the 5 percent level.

**The complete set of results is available on request.



In Figure 3, we show how the occurrence of any injury or illness varies with the (log)
of the number of hours worked in selected sectors in Bangladesh. In agriculture, injury or
illness increases steadily with the number of hours worked after a certain threshold. A more
or less similar pattern is obtained for manufacturing with different thresholds. Further, the
semi-parametric estimates of reporting any injury or illness in wholesale and retail declines
before it becomes almost constant with the number of hours worked. The construction sector
seems to have a different pattern, showing a sharp increase in injury or illness with the
number of hours worked. These results may be attributed to the characteristics of the different

sectors.

6.7 Severity of Injury or Illness

Before we conclude the paper, an important issue to emphasise is the severity of injury or
illness. While the NCLS 2002 does not collect direct information on whether a child is
seriously injured or ill, the survey collects information on whether children receive any
medical treatment or consult with the doctor following an injury or illness. Though the type
of treatment received is far from being a perfect measure for the severity of injury or illness,
we use the information available on the treatment as a proxy for the intensity of the injury.
We have determined that three possible events follow the occurrence of an injury or illness:
(1) The injury or illness did not require medical treatment; (ii) The injury or illness did require
medical treatment; (iii) The injury or illness did require other treatments, such as
hospitalisation. ‘The injury or illness did not require medical treatment’ is the reference
category. Given the nature of the dependent variable, we have estimated the model using an
ordered probit model. The analysis was restricted to children between the ages of 5 and 17
and focused on the impact of the number of hours worked. We also use the quadratic term for
working hours to capture the non-linear effects of the hours worked. The potential
endogeneity of the hour variable is confirmed through a Durbin-Wu-Hausman test. The chi-
square test rejects the joint exogeneity of hours worked and its square term (x*(2) = 6.13, p =
0.0467). Failure to reject the endogeneity of the hour variable in the ordered probit model
suggests that we need to instrument hours worked and its square term.” The instruments are
the same as that used in the main analysis. Their relevance to the determination of the number

of hours worked is confirmed by significant rejection of the exclusion restrictions on the

¥We follow the procedure proposed by Ravallion and Wodon (2000). That is, in the first stage we estimate
child labour hours and its square term by a Tobit model and obtain the residuals. The second stage is estimated
by an ordered probit model wherein the predicted residuals from the first-stage regressions are included as
additional regressors to obtain the consistent estimates of each parameter.



respective reduced form regressions.”® The assumed exogeneity of instruments is tested and

not rejected.”’

Without instrumentation, the number of hours worked is positively and significantly
associated with the seriousness of the health episode (i.e. 7y, = 0.0638; z =19.12).*® This
finding is consistent with the finding of Guarcello, Lyon, and Rosati (2004) in the case of
Cambodia. However, the impact of hours weakens as the labour hours increase (i.e.
Thoursq = -0.0004; z = -11.43). If child working hours are instrumented, the effect becomes
negative but remains statistically significant (i.e. myy, = -0.2457; z = -1.65). The negative
magnitude of the estimated coefficients of the hour variable suggests that work hours do not
influence intensity of injury or illness from the very first hour of work. However, the severity
of injury or illness truly increases as the labour hours increase but is no longer statistically
significant (i.e. Tpoyrsq = 0.0035; z=1.58). The results indicate that if children work more
than the threshold level (i.e. 35 hours a week), the intensity of injury or illness will eventually

increase.

With respect to the effect of other covariates, we find that among the sectoral
dummies’, manufacturing and construction are the two sectors where the intensity of injury or
illness 1is considerably larger compared to other sectors. For example, the estimated
coefficient for agriculture is 2.385 (z = 2.02), and for wholesale and retail it is 2.076 (z =
1.88); however the corresponding values for manufacture and construction are 2.863 (z =

2.44) and 2.99 (z = 2.36), respectively.”’

7. Concluding Comments and Policy Implications

In this paper, we find that once we allow for potential endogeneity in the bivariate probit
framework, there is a statistically significant positive association between child labour in
Bangladesh and the probability to report any injury or illness, tiredness/exhaustion, body
injury and other health problems. This result appears to be reasonably robust when we restrict

our analysis to rural children. We also find similar results when the analysis is extended to

*%In the case of the number of hours worked, the first-stage F-statistic is 1.72 (p = 0.0152). As with a child hours
squared, the first-stage F-statistic is 2.50 (p = 0.0517).

37Fo]lowing Kana, Phoumin, and Seiichi (2010), we apply the Wald test for instrumental variables. The null
hypothesis is that the coefficients for instruments are simultaneously equal to zero. We cannot reject this, and
instruments are exogenous for the health outcome (x*(3) = 3.56, p = 0.3125).

*The complete set of results is available on request.

¥However, conclusions from this analysis should be taken with care as reporting and treatment can be
influenced by individual and household characteristics, as well as by employment sector.



the relationship between the number of hours worked and the probability of reporting injury
and illness, applying the semi-parametric approach. Our semi-parametric estimates suggest
that the relationship between the number of hours worked and health status is non-linear,

particularly in the case of reporting any injury or illness and other health problems.

Conducting further analyses, we studied the effect of child labour without any
identifying exclusion restrictions and found that the negative effect of child labour on health
outcomes persist even when strong levels of positive selection are imposed on the bivariate
probit model. We also investigated the effect of child labour on child’s health by age groups
and found that younger children were more likely to suffer from backaches and other health
problems (infection, burns and lung diseases) than older children, while the probability of
reporting tiredness/exhaustion was greater in the oldest age group. In addition, we
investigated the effect of working hours on subjective child health by sector and found that
reporting any injury or illness increases with the number of hours worked but that they vary
significantly across employment sector. Further, we find evidence that the intensity of injury
or illness increases with the number of hours worked across different sectors after taking into
account the endogeneity of child labour hours. This result holds true more in construction and

manufacturing sectors than for other sectors.

Given that we have shown that child labour leads to substantial increases in the
probability of injury or illness, it is hoped that the results presented in this study will be
useful for policymakers when implementing laws directed towards minimising or eliminating
child labour. In a developing country such as Bangladesh, because it may be extremely
difficult to reduce or eliminate child labour, policies are needed to improve the safety of child
work in those sectors that are most damaging to health, especially construction and
manufacturing. Moreover, the sample statistics show that the ages of working children varied
significantly in these two sectors. Overall, younger children are more likely to be employed
in the manufacturing sector than in the construction sector. This strongly suggests that, while
Bangladesh labour laws implement a minimum age (18 years) for hazardous work, there is a
considerable lack of enforcement of this legislation. Thus, emphasis should be placed on a

more effective implementation of legislation, including adequate monitoring.

However, one clear limitation of this study is that the value of self-assessments alone
is often not clear from a policy perspective. It would be difficult to evaluate the benefits of a

public policy that may improve subjective health but leave more objective measures of health



unchanged (e.g., weight-for-age). Thus, more detailed data are required to analyse the issues
of child labour and both the subjective and objective measures of child health. Panel data may

also be useful for a further analysis of the long-term effects of child labour.
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Figure 1: Work Hours and Health Injury/Illness of Children Aged 5-17, by Gender
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Figure 2: Non-linear Relationship between Hours (in Logs) and Health Outcomes
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Table 1: Correlation between Different Forms of Injury/Illness

N=16,010 Injury/Illness  Tiredness/Exhaustion Body Backache Other health
injuries problems

Injury/Illness 1

Tiredness/Exhaustion 0.5289"™ 1

Body injuries 0.4655™" -0.0509"" 1

Backache 0.3204™" -0.0351"* -0.0309™" 1

Other health problems 0.5202" -0.0569"" -0.0501™"  -0.0345™" 1

Notes: Data are from NCLS 2002. *** p<0.01,** p<0.05, * p<0.1.

Table 2: The Percentage of Health Conditions of Children, by Gender and Work Status

Workers Non-workers
N Mean  Std. Dev. N Mean  Std. Dev. 1t -test

By work status

Injury/Tliness 14,437  0.1814  0.3854 1,573  0.0801 0.2715 10.15 ***
Tiredness/Exhaustion 14,437  0.0580  0.2337 1,573  0.0248 0.1555 5.50
Body injuries 14,437  0.0454  0.2083 1,573  0.0197 0.1390 4778
Backache 14,437  0.0221  0.1470 1,573 0.0089 0.0939 3.48 **
Other health problems 14,437 0.0559  0.2297 1,573 0.0267 0.1613 491 ***
Males Females

By gender N Mean  Std. Dev. N Mean  Std. Dev. t -test

Injury/Illness 11,401 02143  0.4104 3036 0.0575 0.2331 20.19 #**
Tiredness/Exhaustion 11,401 0.0650  0.2465 3036 0.0316 0.1750 7.00 ***
Body injuries 11,401  0.0552  0.2285 3036 0.0086 0.0922 11.02 ##*
Backache 11,401  0.0253  0.1572 3036 0.0099 0.0989 5.16 ***
Other health problems 11,401  0.0686  0.2531 3036 0.0076 0.0867 13.12 #x*

Notes: Data are from NCLS 2002. Std. Dev. is standard deviation. r-test for difference (Working-Non-working
children) and (Males-Females). *** p<0.01,** p<0.05, * p<0.1.



Table 3: Age and Health Conditions of Working Children by Sectors of Employment

Mean 5-9 years 10-13 years  14-17 years 5-17 years

By age
Agriculture 13.04 45.35 66.94 54.23 61.40
Manufacturing 12.98 22.25 12.66 10.96 12.23
Construction 14.02 1.13 1.29 4.60 2.59
Wholesale and Retail 13.42 26.76 17.87 24.53 20.72
Service 14.29 451 1.24 5.67 3.07
N 355 8,388 5,694 14,437

Injury/Tliness Tiredness/Exhaustion Body injuries Backache  Other health problems
By health conditions
Agriculture 48.84 60.93 20.1 47.02 58.74
Manufacturing 22.87 18.04 29.73 30.09 19.45
Construction 8.21 5.5 18.75 3.45 4.34
Wholesale and Retail 17.07 12.43 26.07 19.44 13.63
Service 3.02 3.11 3.35 0.00 3.84
N 2,619 837 656 317 807

Notes: Data are from NCLS 2002.

Table 4: Effect of Child Work on Injury/Illness, for Various Specifications

Symptoms of Injury/Illness

Injury/lllness ~ Tiredness/Exhaustion  Body injuries ~ Backache  Other health problems
(child work)" (child work)" (child work)®  (child work)" (child work)"

Univariate Probit 0.7195%#+ 0.7065%** 0.6056** 0.2116%* 0.2597*

(0.0948) (0.1202) (0.1472) (0.1043) (0.1332)
Smith-Blundell Test of exogeneity:y2(1) 245 30.14 0.1341 12.69 0.3719
Prob.>c2= (p=0.1172) (p=0.0000) (p=0.7143)  (p=0.0000) (p=0.5420)
Log-pseudolikelihood -5248.56 -2799.98 -2093.72 -1330.72 -2524.69
Pseudo-R’ 0.8 0.18 0.26 0.18 024
Bivariate Probit 1.3265%** 1.9037##* 0.7836%** -0.0697 0.6724%%+

(0.1308) (0.4078) (0.1534) (0.5943) (0.1645)
Correlation of errors (p) -0.3644+++ -1.0899 -0.0047%* 0.1478 -0.2358

(0.0551) (0.8570) (0.0415) (0.2871) (0.0664)
Wald test of p=10 4375 1.62 521 0.27 12.61

(p =0.0000) (p=0.2034) (p=0.0224)  (p=0.6066) (p=0.0004)

N 16,010 16,010 16,010 16,010 16,010

Notes: Data are from NCLS 2002.*Child work’ is a binary variable. Standard errors in parentheses and are computed
robustly to account for heteroskedasticity. ‘Body injury’ includes ‘loss of limbs’. Variables included but not reported
for different specifications are child’s age (in years) and its square term, sex of child, the interaction between child’s
age and sex, child’s vaccination, dummies for sector of employment, urban areas, age of parents, the number of
children for each child in the household, the number of adults over 17 years, dummies for parental education,
protection at the workplace, dummies for dwelling characteristics and facilities enjoyed by the household and the
number of rooms in the household. *** p<0.01,** p<0.05, * p<0.1.



Table 5: Effect of Working Hours on Injury/Illness - Partial Linear Model Estimates
Symptoms of Injury/Illness
Injury/Illness Tiredness/Exhaustion Body injuries Backache Other health problems

Semi-parametric model

Residual 0.7940%** 0.3491* 0.8677**%  -0.4932%** 0.0703
(0.2256) (0.1791) (0.1586) (0.1269) (0.1627)

Significance test on hour 671.46 550.89 526.03 441.80 600.03

(p = 0.0000) (p = 0.0000) (p =0.0000) (p=0.0000) (p = 0.0000)
Specific Tests: Against semi-parametric models
Linear model 670.38 550.80 525.52 441.09 598.84

(p = 0.0000) (p = 0.0000) (p =0.0000) (p=0.0000) (p = 0.0000)
Quadratic model 611.63 5374 521.86 441.09 574.51

(p = 0.0000) (p = 0.0000) (p =0.0000) (p=0.0000) (p = 0.0000)
N 14,436 14,436 14,436 14,436 14,436

Notes: Data are from NCLS 2002. ‘Hour’ is (log) of the number of hours worked by the child. Standard errors in
parentheses. Body injury’ includes ‘loss of limbs’. Variables included but not reported for different specifications are
child’s age (in years) and its square term, sex of child, the interaction between child’s age and sex, child’s vaccination,
dummies for sector of employment, urban areas, age of parents, the number of children for each child in the
household, the number of adults over 17 years, dummies for parental education, protection at the workplace, dummies
for dwelling characteristics and facilities enjoyed by the household and the number of rooms in the household. ***
p<0.01,** p<0.05, * p<0.1.

Table 6: Effect of Child work on Injury/Illness Given Different Assumptions on the Correlation of
Disturbances in Bivariate Probit Models

Correlation of Disturbances

p=0 p=0.1 p=0.2 p=03 p=04 p=0.5
Injury/Illness 0.7195%**  0.5261***  (.3234%** 0.1105 -0.1140 -0.3522%*%*
(0.0948) (0.0948) (0.0943) (0.0935) (0.0924) (0.0909)
Tiredness/Exhaustion 0.7065***  0.5170*%**  0.3167** 0.1044 -0.1212 -0.3620%**
(0.1202) (0.1198) (0.1187) (0.1170) (0.1146) (0.1116)
Body injuries 0.6056***  0.4072%* 0.1979 -0.0233 -0.2582%*  -0.5092%**
(0.1472) (0.1472) (0.1468) (0.1460) (0.1452) (0.1444)
Backache 0.2116%* 0.0216 -0.1772%  -0.3859**%*  -0.6062%**  -0.8405%**
(0.1043) (0.1055) (0.1065) (0.1074) (0.1084) (0.1099)
Other health problems 0.2597* 0.0670 -0.1357 -0.3496%*  -0.5769%**  -0.8204***
(0.1332) (0.1333) (0.1328) (0.1320) (0.1307) (0.1292)
N 16,010 16,010 16,010 16,010 16,010 16,010

Notes: Data are from NCLS 2002. Standard errors in parentheses and are computed robustly to account for
heteroskedasticity. ‘Body injury’ includes ‘loss of limbs’. Variables included but not reported for different
specifications are child’s age (in years) and its square term, sex of child, the interaction between child’s age and sex,
child’s vaccination, dummies for sector of employment, urban areas, age of parents, the number of children for each
child in the household, the number of adults over 17 years, dummies for parental education, protection at the
workplace, dummies for dwelling characteristics and facilities enjoyed by the household and the number of rooms in
the household. *** p<0.01,** p<0.05, * p<0.1.



Table 7: Heckman Sample Selection Model Estimates

Identification of inverse Mill’s

ratio by functional form

Identification of inverse Mill’s ratio based on
empirically justifiable exclusion restriction

—_—_— Probit model of ~ (Log) of the number of hours (Log) of the number of hours worked"
participation worked"
Child's age 0.8897++* -0.1830%#* -0.1818%**
(0.0601) (0.0271) (0.0271)
Child's age (squared) -0.0336%** 0.0112%%* 0.0111%#*
(0.0024) (0.0010) (0.0010)
Female 0.4467* 0.3904#** 0.39207%**
(0.2532) (0.1044) (0.1044)
Age*female -0.0374* -0.0432%#* -0.0433
(0.0201) (0.0081) (0.0080)
Agriculture 2.9849%#* -0.0818 -0.0693
(0.0546) (0.1135) (0.1126)
Manufacturing 2.7580%#* 0.2333** 0.2450%*
(0.0773) (0.1134) (0.1126)
Construction 2.5595%#* 0.4232%*+ 0.4345%**
(0.1245) (0.1135) (0.1127)
Wholesale and Retail 27907+ -0.0048 0.0067
(0.0738) (0.1120) (0.1113)
Number of children 0-4 0.2633%#* 0.0144%* 0.0133%**
(0.0296) (0.0062) (0.0060)
Number of school children 5-17 -0.0020 0.0227#* 0.0230%#*
(0.0177) (0.0036) (0.0036)
Number of adults over 17 years -0.0083 -0.0277#*% 0.0261%**
(0.0209) (0.0040) (0.0034)
Father's age 0.0146%** 0.0010
(0.0034) (0.0007)
Father has primary education -0.0348 -0.0387++* -0.0386%**
(0.0577) (0.0112) (0.0112)
Father has secondary education 0.4364%** 0.0383*** 0.0390%**
(0.0715) (0.0106) (0.0106)
Mother's age 0.0156%** -0.0006
(0.0046) (0.0010)
Mother has primary education 0.3964 %+ -0.0042%*% -0.0957#**
(0.0773) (0.0118) (0.0119)
Mother has secondary education -0.0319 -0.2743*+* -0.2758***
(0.0776) (0.0107) (0.0106)
Migration status 5.6314%* 0.4446
(0.3527) (0.6267)
Migration status x urban -2.9390%** 0.1585
(0.2448) (0.3195)
Electricity 0.2536%* -0.0817#** -0.0821%#*
(0.0507) (0.0095) (0.0095)
Urban -0.4246%+ -0.0459%#* -0.0468*++
(0.0545) (0.0104) (0.0104)
inverse Mill’s ratio 0.2116 0.2457
(0.3799) (0.3774)
Constant -5.6356%** 34779%* 3.4659%#*
(0.3842) (0.3448) (0.3440)
N 16,010 14,437 14,437

Notes: Data are from NCLS 2002. Standard errors in parentheses. “OLS estimates. The exclusion restrictions are as
follows: parental age, the migration status of the household, an interaction term between the migration status and the
location of the household.*** p<0.01,** p<0.05, * p<0.1.
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Table A1: Description of Key Variables used in Regression, by Child Work Status

Variables Definition of Variables Workers Non-workers

N Mean  Std. Dev. N Mean Std. Dev.  f-test
Child's age Age of the child measured in years 14437 13.1799  1.8093 1,573 12.3814 3.2704 15.03 ***
Child's age (squared) Age of the child squared 14437 176.9826 47.5771 1,573 163.9886 78.3740 9.52 ***
Female =1 if female 14437  0.2103 = 0.4075 1573 03884 04875 -16.1 ***
Child's vaccination =1 if the child is vaccinated 14,437  0.5248 0.4994 1,573 0.6796 0.4668 -11.8 ***
Hours Log of weekly hours worked by the child 14437  21.6545 14.6729 - - - -
Protection =1 if the child receives working dress 14437 = 0.0101 0.1001 - - - -
Number of children for each child in the household Number of children for each child in the household 14437  2.0449 1.3805 1,573 19784 13581 1.82 *
Number of adults over 17 years Number of adults over 17 years 14437 = 2.7842 1.1648 1,573 2.8252 1.2343 -1.31
Father's age Age of the father measured in years 14437  47.5804  9.7937 1,573 46.9288 10.6240 2.48 **
Father has no education = 1 if father has no education 14,437  0.5577 0.4967 1573 0.6421 04795 -6.42 ***
Father has primary education = 1 if father has completed Grade 5 14437  0.1633 0.3697 1,573 0.1093 0.3122 5.58 ***
Father has secondary education = 1 if father has completed Grade 10 or more 14437 = 0.2306 04212 1,573 0.1589  0.3657 6.49 ***
Mother's age Age of the mother measured in years 14437 385372 7.9360 1,573 37.8265 8.7369  3.34 ***
Mother has no education = 1 if mother has no education 14437  0.6955 = 0.4602 1,573 0.7667 0.4231 -5.87 ***
Mother has primary education =1 if mother has completed Grade 5 14437  0.1516 0.3586 1,573 0.1113  0.3145 4.28 ***
Mother has secondary education = 1 if mother has completed Grade 10 or more 14437 = 0.1454 0.3525 1,573 0.1017 0.3024 4.73 ***
Sanitation OK =1 if the household has a sanitary toilet 14437  0.0197 0.1391 1,573 0.0006 0.0252 5.44 ***
Safe drinking water = 1 if the main source of household drinking water is tape water/tube well 14437 0.9483 02214 1573 05142 0.2802 565 ***
Electricity = 1 if the main source of household lighting is electricity 14437 03440 04751 1573 0.4650 0.4650 223 **
Number of rooms in the household Number of rooms in the household 14437  2.3412 1.2178 1,573 2.3560 1.3073 -0.45
Urban = 1 if the child lives in urban areas 14437 03028  0.4595 1573 0.2543 0.4356 4.00 ***
Informal school =1 if the child's source of education is an informal school 14437  0.8818 03228 1,573 0.7699 0.4211 190 *
Migration status = 1 if the household leaves the usual place of residence to find work 14437 0.0012  0.0353 1,573 0.0089 0.0939 -6.46 ***

Notes: Data are from NCLS 2002. Std. Dev. is standard deviation. ¢-test for difference (Working-Non-working children). *** p<0.01,** p<0.05, * p<0.1.



Table A2: Bivariate Probit Estimates of Injury/Illness and Child Work

Variables Injury/Illness ~ Work  Tiredness/Exhaustion =~ Work  Body injuries =~ Work Backache Work  Other health problems =~ Work
Child's age -1.2218%#%  1.2462%%* -1.2840%** 1.2306%#*  -0.2505%*  1.2284%***  -0.3364*  1.2273%** -0.8033##* 1.2323%#%**
(0.0548) (0.0506) (0.0874) (0.0547) (0.1140) (0.0502) (0.1860) (0.0503) (0.0641) (0.0504)
Child's age (squared) 0.0530%**  -0.0477*** 0.0510%*%* -0.0470%#*  0.0144*** -0.0469*** 0.0151**  -0.0469*** 0.0369%%** -0.04717#**
(0.0020) (0.0019) (0.0029) (0.0021) (0.0041) (0.0019) (0.0069) (0.0019) (0.0024) (0.0019)
Female -1.4696%**  0.0757 -0.9129%** 0.1191 -0.7234 0.0662  -2.5770%**  0.0577 -1.9526%** 0.0534
(0.2286) (0.2014) (0.4031) (0.2190) (0.5230) (0.2018) (0.3949) (0.2043) (0.7244) (0.2020)
Age*female 0.0436**  -0.0386** 0.0473%%* -0.0428%** -0.0088  -0.0372%*  0.1575%*%*% -0.0364** 0.0724 -0.0362**
(0.0174) (0.0155) (0.0194) (0.0175) (0.0377) (0.0155) (0.0303) (0.0157) (0.0506) (0.0155)
Child's vaccination -0.2100%*** -0.1503%** -0.1111%* -0.1414%** -0.0676*
(0.0286) (0.0751) (0.0432) (0.0557) (0.0405)
Agriculture -0.1911+* -0.1336 -0.6999*** 0.1308 0.0825
(0.0844) (0.1365) (0.1260) (0.1116) (0.1198)
Manufacturing 0.6678*** 0.1039 0.4454+** 0.6890%** 0.5067***
(0.0878) (0.1394) (0.1254) (0.1242) (0.1262)
Construction 0.8561#** 0.1750 0.9042%** 0.0865 0.1416
(0.1070) (0.1438) (0.1350) (0.1804) (0.1487)
Wholesale and Retail -0.1865%* -0.4240%** -0.1196 0.2663** 0.0316
(0.0902) (0.0909) (0.1242) (0.1172) (0.1334)
Child's work 1.3265%** 1.9037#** 0.7836%*** -0.0697 0.6724%%*%*
(0.1308) (0.4078) (0.1534) (0.5943) (0.1645)
Number of children for each child in the household 0.0124  0.0334%** 0.0608** 0.0403***  0.0654***  0.0332*%**  0.0094  0.0338*** -0.1082#** 0.0332%**
(0.0105) (0.0111) (0.0285) (0.0135) (0.0147) (0.0111) (0.0209) (0.0112) (0.0176) (0.0110)
Number of adults over 17 years -0.0693*** -0.0569%** -0.1554%#* -0.0578***  0.0302  -0.0586*** -0.0623** -0.0591%** 0.0624*** -0.0596%***
(0.0158) (0.0137) (0.0725) (0.0137) (0.0220) (0.0137) (0.0276) (0.0137) (0.0209) (0.0137)
Father's age -0.0098***  -0.0013 0.0053 -0.0015 0.0015 -0.0017  -0.0368***  -0.0018 -0.0127#** -0.0017
(0.0028) (0.0029) (0.0034) (0.0028) (0.0045) (0.0029) (0.0049) (0.0029) (0.0042) (0.0030)
Father has primary education -0.2746%*%  0.1908%*** -0.1119* 0.1980*** -0.5063*** (0.2005***  -0.1414*  0.2022%** -0.2460%** 0.1984##*
(0.0413) (0.0466) (0.0597) (0.0458) (0.0814) (0.0464) (0.0820) (0.0466) (0.0555) (0.0465)

Continued on next page



Table A2: Continued

Variables Injury/Illness ~ Work  Tiredness/Exhaustion =~ Work  Body injuries =~ Work Backache Work  Other health problems ~ Work
Father has secondary education -0.0612  0.1658*** -0.2486%** 0.1837#**  0.2172%**  (.1852%** 0.0952  0.1893*** -0.3149%** 0.1835%#*
(0.0411) (0.0436) (0.0470) (0.0435) (0.0535) (0.0436) (0.0728) (0.0431) (0.0633) (0.0431)
Mother's age 0.0151***  0.0091%%* 0.0019 0.0096** 0.0039 0.0096***  0.0417***  0.0096*** 0.0036 0.0096%**
(0.0034) (0.0037) (0.0046) (0.0038) (0.0054) (0.0037) (0.0054) (0.0037) (0.0051) (0.0037)
Mother has primary education -0.3416%**  0.1057** -0.1761 %% 0.0779  -0.4150***  0.0991**% -0.6181*** (0.0989** -0.0061 0.1076**
(0.0455) (0.0478) (0.0505) (0.0523) (0.0721) (0.0484) (0.1242) (0.0485) (0.0609) (0.0486)
Mother has secondary education -1.0300%**  0.1161%* -0.3064##* 0.1167**  -1.1086***  0.1041** -1.2290*** 0.1017** -0.9539%%* 0.1088%*
(0.0741) (0.0506) (0.1090) (0.0588) (0.1198) (0.0504) (0.2305) (0.0503) (0.1283) (0.0506)
Protection 0.5688** -0.7933#s#:* -1.0397#%* 0.5547#** 1.2916%%*
(0.1252) (0.2593) (0.2597) (0.1489) (0.1128)
Urban -0.0476  -0.1591%#* -0.0463 -0.1444%%%  0.0490  -0.1658*** -0.3915%** -0.1655%** 0.4883##:* -0.1636%***
(0.0353) (0.0346) (0.1129) (0.0448) (0.0470) (0.0349) (0.0593) (0.0349) (0.0541) (0.0348)
Safe drinking water -0.5063*** -0.6897%** 0.5330%** 0.3517** -0.2121 %%
(0.0611) (0.1687) (0.1572) (0.1374) (0.0806)
Electricity -0.3504 %% -(.0935%#:* -0.0483 -0.0897#*  -0.2285%** -0.0984*** -0.5710%** -0.0997*** -0.1160%** -0.0986%**
(0.0364) (0.0331) (0.0640) (0.0366) (0.0495) (0.0331) (0.0712) (0.0331) (0.0498) (0.0330)
Number of rooms in the household -0.0867*** -0.0972%** -0.0627*** 0.0807%** -0.1136%**
(0.0135) (0.0364) (0.0206) (0.0221) (0.0201)
Sanitation OK -1.1004%* -0.5521%#%* -5.0658%%* -4.4522%%* -5.2457#%*
(0.1682) (0.2009) (0.1163) (0.0993) (0.1190)
Migration status 9.4177%%* -0.524 1 #%#* 9.1034%##* 9.5335%#:* 9.7429%#*
(0.3523) (0.1987) (0.3764) (0.3304) (0.3745)
Migration status x urban -4.9654 % -4.4817 -4.8381%%* -5.0717#%* -5.1468%**
(0.2540) -0.2672 (0.2717) (0.3061) (0.3045)
Informal school 4.0714%* 3.4670%* 41485 4.2962% 4.203]%***
(0.0896) (2.0886) (0.0487) (0.0482) (0.0652)
Constant 5.8036%**  -6.4459%#* 5.9117#%** -6.4003%#%  -1.9209%** -6.3398***  (0.2823 = -6.3202%%* 1.9460%** -6.3556%**
(0.3387) (0.3248) (0.3152) (0.3177) (0.7115) (0.3254) (0.7530) (0.3271) (0.4236) (0.3254)
N 16,010 16,010 16,010 16,010 16,010 16,010 16,010 16,010 16,010 16,010

Notes: Data are from NCLS 2002. Robust standard errors are in parentheses. The omitted categories are male child, no vaccination, service sector, no schooling, no working dress,
rural, source of drinking water is ponds/rivers, no electricity, no sanitary latrine, if the household does not leave their place of residence during the last 12 months and the formal
public schools and/or the NGO schools. *** p<0.01,** p<0.05. * p<0.1.



Table A3: Partial Linear Model Estimates of Injury/Illness

Variables Injury/lllness ~ Tiredness/Exhaustion  Body injuries Backache  Other health problems
Child's age -0.2193*** 0.1157%** 0.1819%** 0.1503%** <0.0720%**
(0.0502) (0.0399) (0.0353) (0.0283) (0.0362)
Child's age (squared) 0.0120%+* 0.0056** 0.0112%+* -0.00817##* 0.0033
(0.0028) (0.0023) (0.0020) (0.0016) (0.0020)
Female 0.0059 0.0259 0.2318%+* -0.1974%** -0.0026
(0.1008) (0.0800) (0.0709) (0.0567) 0.0727)
Age*female -0.0137 -0.0019 -0.0327#** 0.02217##* -0.0012
(0.0104) (0.0083) (0.0073) (0.0059) (0.0075)
Child's vaccination 0.1022%** 0.0522%** 0.0570%** -0.0158*** 0.0228***
(0.0106) (0.0084) (0.0075) (0.0060) 0.0077)
Agriculture 0.0712* 0.0351 0.0757#** (.13357##* 0.0218
(0.0395) (0.0313) (0.0278) (0.0222) (0.0285)
Manufacturing 0.3336%+* 0.1197#** 0.2496%+* -0.0127 -0.0230
(0.0423) (0.0336) (0.0298) (0.0238) (0.0305)
Construction 0.5794%++ 0.1896%+* 0.4503 %+ -0.0740 0.0135
(0.0837) (0.0664) (0.0588) 0.0471) (0.0604)
Wholesale and Retail 0.0559** 0.0173 <0.0070 0.0927++* 0.0470%**
(0.0257) (0.0204) (0.0181) (0.0145) (0.0185)
Number of children for each child in the household 0.0196*** 0.0182%*+* 0.0190%** -0.0126%** -0.0050
(0.0051) (0.0040) (0.0036) (0.0029) (0.0037)
Number of adults over 17 years -0.0337*** 0.0320%** 0.0190%** 0.0147++* 0.0026
(0.0070) (0.0056) (0.0049) (0.0040) (0.0051)
Father's age -0.0028*** 0.0015%** 0.0012%** -0.0024%** -0.0001
(0.0006) (0.0005) (0.0004) (0.0003) (0.0004)
Father has primary education -0.0407*** 0.0143 0.0240%** 0.0286*+* -0.0310%**
0.0114) (0.0091) (0.0080) (0.0064) (0.0082)
Father has secondary education 0.0005 -0.0219** 0.0521 %+ -0.0037 -0.0260***
(0.0122) (0.0097) (0.0085) (0.0068) (0.0088)
Mother's age 0.0047#+* 0.0019%** <0.0003 0.00207#+* 0.0010*
(0.0007) (0.0006) (0.0005) (0.0004) (0.0005)
Mother has primary education -0.0994#3 -0.0431%* -0.0867+# 0.0273%* 0.0031
(0.0236) (0.0187) (0.0166) (0.0133) (0.0170)
Mother has secondary education -0.2403##* -0.0920* -0.2517##* 0.1238*** -0.0204
(0.0631) (0.0501) (0.0444) (0.0355) (0.0455)
Protection 0.1376%*++ 0.0399 -0.0049 0.1066*+* -0.0040
(0.0342) 0.0272) (0.0240) (0.0192) (0.0247)
Urban -0.0593*** 0.0353#** 0.0504#** 0.0128* 0.0135
0.0122) (0.0097) (0.0086) (0.0069) (0.0088)
Safe drinking water -0.0229* 0.08807#** 0.0472%+* 0.0063 0.0116
(0.0130) (0.0103) (0.0091) (0.0073) (0.0094)
Electricity -0.0927*** 0.0147 0.08527%** 0.0310%#* -0.0237*
(0.0198) (0.0157) (0.0139) 0.0112) (0.0143)
Number of rooms in the household -0.0020 -0.0026 0.0005 0.0039** -0.0039**
(0.0027) (0.0022) (0.0019) (0.0015) (0.0020)
Sanitation OK -0.0283 0.0049 <0.0110 0.0175 -0.0048
(0.0247) (0.0196) (0.0174) (0.0139) 0.0178)
Residual 0.7940%++ 0.3491* 0.8677%** -0.4932%** 0.0703
(0.2256) 0.1791) (0.1586) (0.1269) (0.1627)
N 14,436 14,436 14,436 14,436 14,436

Notes: Data are from NCLS 2002. Standard errors in parentheses. The omitted categories are male child, no
vaccination, service sector, no schooling, no working dress, rural, source of drinking water is ponds/rivers, no
electricity and no sanitary latrine. The model is fitted by first order differencing. Thus, the sample size is reduced to
14,436 instead of 14,437 (see Lokshin 2006 for more discussion on this issue).*** p<0.01,** p<0.05, * p<0.1.



