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Abstract

Child labor may impose positive and negative, direct and indirect effects on the
long-term development of an individual. This study employs the Brazil Living Stan-
dards Measurement Study Survey to examine the long-run consequences of child labor
on an adult’s income, health and educational attainment. When possible, the estimated
models take into account of possible endogeneity and measurement error problems.
The results suggest that early working has a negative and substantial income impact
on rural residents and no impact on urban residents when controlling for schooling and
health conditions. Child labor is associated with a worse self-assessed health index for
rural adults and higher probability of getting health problems for both urban and rural
adults. As for the schooling effect, the later one enters the labor market, the more years
of schooling he obtains. While both the income and health impacts of child labor on
rural residents are greater than those on urban residents, urban residents suffer greater
adverse schooling impacts than their rural peers. My findings make a strong call to
reduce child labor in Brazil and other developing countries. Moreover, the different
effects of early working on urban and rural adults should be taken into account when
child labor policies are proposed.
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1 DMotivation

Child labor is one of the most controversial issues in recent years. According to Interna-
tional Labor Organization (ILO)’s estimation (ILO, 2010), in 2008, there were about 215
million children aged 5 to 17 years old working worldwide, with approximately 115 million
engaged in hazardous work. Such alarming figures have attracted substantial attention,
leading to calls for actions to be taken to deal with child labor. Two of the most promi-
nent international conventions concerning child labor are ILO Convention No. 138 which
establishes the minimum age for children to enter the labor market and ILO Convention
No. 182 which calls for the elimination of the worst forms of child laborfl

Although sometimes child labor is an ethical issue seeming beyond discussion, identi-
fying the long-run health and socioeconomic consequences of child labor is essential, since
early entry into the labor force may affect an individual’s income, health and education
in his adulthood. However, much of the research on the consequences of early working
emphasizes the short-run effects (see Graitcer and Lerer, 2000; Ray and Lancaster, 2005;
Milcent, Huguenin and Carusi-Machado, 2005, for example), and the interactions between
child work and adult health and socioeconomic status have not been widely explored. This
is due to the limited data linking child work experience and adult outcomes.

Theoretically, one cannot determine the direction and magnitude of long-run effects
of child labor, since the relationships between early working and an adult’s health and
socioeconomic conditions are complicated. On the one hand, early exposure to dangerous
machinery, chemicals and heavy lifting during working may not only bring hazards to a
child’s body today but also retard her development in the long term; stress and negative
emotions facing a young working child may lead to psychological problems which need
time to manifest themselves. This illustrates the adverse impacts of early working on
health. As for the schooling effects, early entry into the labor force may not only lower

a child’s schooling achievement (Psacharopoulos,1997; Heady, 2003; Gunnarsson, Orazem

'For the purpose of the convention, "child" refers to all persons under the age of 18. The term "the
worst forms of child labor" comprises:

(a) all forms of slavery or practices similar to slavery, such as the sale and trafficking of children, debt
bondage and serfdom and forced or compulsory labor, including forced or compulsory recruitment of children
for use in armed conflict; (b) the use, procuring or offering of a child for prostitution, for the production
of pornography or for pornographic performances; (c¢) the use, procuring or offering of a child for illicit
activities, in particular for the production and trafficking of drugs as defined in the relevant international
treaties; (d) work which, by its nature or the circumstances in which it is carried out, is likely to harm the
health, safety or morals of children (ILO, 1999).



and Sénchez, 2006;), but also affect her decision to attend or drop school (Assaad, Levison
and Zibani, 2001; Ray and Lancaster, 2005). On the other hand, however, child labor may
positively affect adult health. It is well known that child labor is closely related to poverty,
and usually child work is an important source of income for a poor household which could
improve the living standard of the whole household including the child herself. This could
lead to an improvement in the child’s nutritional status and consequently help benefit her
health in the long run. In addition, child labor could be an important way to finance
education, either for the child herself or her siblings. Moreover, a young laborer could
acquire work experience which could positively affect her future income. Therefore, how
child labor decision affects an adult’s education, health and income cannot be determined
by theory and needs to be addressed empirically.

The objective of this study is to analyze the interactions between participation into the
labor market during childhood and an adult’s income, health and education level in Brazil.
Data from Brazil Living Standards Measurement Study Survey (Pesquisa Sobre Padrées
De Vida, PPV—1996/97) are employed. The key feature of this survey is that it asked each
respondent at which age he started to work for the first time. This enables me to correlate
early working to an adult’s current health and socioeconomic conditions. However, instead
of employing a dummy variable indicating whether the respondent was ever a child laborer,
I include the age at which the individual started the first job in the model. This is because
there’s no agreement upon the definition of child labor, i.e., under which age we define a
worker as a child laborer, and the results are sensitive to the definition of child labor if I
include the dummy indicating whether the person ever worked in childhood. By including
the variable age started to work, I can explore the long-run effects of one year earlier of
entry into the labor market, and thus provide an implication about the effects of child
labor.

I study the impacts of child labor on three dimensions of an adult’s status: income,
health and schooling. To my knowledge, few studies have ever looked at the multidimen-
sional long-term consequences of child labor before. Researchers explore either just the
linkages between early working and adult income (see Ilahi, Orazem and Sedlacek, 2001;
Emerson and Souza, 2007), or the relationships between child labor and adult health (e.g.,
Kassouf, Mckee and Mossialos, 2001; Lee and Orazem, 2009). Beegle, Dehejia, and Gatti
(2005) examine the income, health and schooling effects of child labor in Vietnam, but
their findings are limited to examining the outcomes only 5 years after child working and

thus cannot provide the consequences of early working in the long-term view. Few existing



literature provide a full picture of the long-run impacts of child labor, because most of the
analyses to date pertain to different samples, different data sets and even different coun-
tries. However, this paper complements the existing literature by studying the long-term
income, health and schooling effects of child labor simultaneously with the same data set
from Brazil. This enables the analysis to be done in the same framework and provides a co-
herent story about the possible long-term consequences if one enters the labor market early
in her childhood. This is useful for policy discussion, when the policy makers determine
whether and the extent to which we should reduce the incidence of child labor in Brazil,
this study provides a good reference about the multidimensional long-term effects of early
working. In addition, I try to deal with the possible endogeneity problem by applying the
instrumental variable method which helps to explore the causal effects of early working.
Furthermore, as will be shown below, while most of the previous studies analyzing child
labor in Brazil pool the urban and rural samples, I find great distinctions of child labor
effects on urban and rural residents, which suggests the care needed for implementing child
labor policies in different areas.

The present study finds that one year later entry into the labor market is associated with
higher incomes, better self-assessed health indexes for rural adults and lower probabilities
of getting health problems for both urban and rural adults. As for the schooling effect, the
later one enters the labor market, the more years of schooling he obtains. While both the
income and health impacts of child labor on urban residents are smaller than those on rural
residents, urban residents suffer greater adverse schooling impacts than their rural peers.
The main findings for the health and schooling impacts of early working are consistent
when either the working sample (including workers with valid income information) or the
full sample (including all individuals with valid, missing or zero income data) is employed
for estimation.

The rest of this paper is organized as follows. Section 2 takes a brief survey of recent
literature about the linkages between child labor and schooling, health and income. Section
3 provides information about the data and some descriptive statistics. Section 4 describes
the empirical strategy employed in this study. Section 5 presents the main results. Section

6 provides robustness checks. Section 7 provides conclusions and policy implications.



2 Child Labor in Literature

My research is built upon a growing literature about the short-term and long-term conse-
quences of child labor. A selective review of literature would help to identify which have

been analyzed by scholars and which remain to be explored.

2.1 Child Labor and Schooling

Most of the current literature on child labor and schooling focuses on the relationships
between early working and the contemporaneous schooling attendance and educational
achievement.

Some evidence suggests that early entry into the labor force is negatively correlated to
school attendance. Psacharopoulos (1997) observes that child labor makes working children
receive 2 fewer years of schooling than their non-working peers in Venezuela. Based on data
from Ghana in the late 1980’s, Boozer and Suri (2001) conclude that there is a significant
trade-off between working and attending school: one more hour of child work is associated
with 0.38 fewer hour of school attendance. Assaad, Levison and Zibani (2001) also find a
strong association between early working and dropping out of school in Egypt.

But some other researchers argue that working and schooling can be compatible rather
than exclusive to each other (Ravallion and Wodon, 2000). One possible explanation is,
within an extremely poor household, parents may not be able to afford the schooling fees,
but if the child can work part time to support part of her tuition then her likelihood of
attending school would be higher. As a matter of fact, a child’s working may even help to
support her siblings’ education (Weiling, 2003).

The weight of evidence suggests that cognitive attainment from schooling is lower for
working children, probably because working takes up part of the children’s time and leaves
children tired and less able to study effectively. Heady (2003) explores the linkages between
early working and children’s learning achievement with GLSS2 data set from Ghana. He
suggests that working outside the household adversely affects children’s results on reading
and mathematics tests. Gunnarsson, Orazem and Sénchez (2006) estimate that child labor
reduces math and language scores by 7.5% and 7% respectively, on 3th and 4rd graders in

11 Latin American Countries.



2.2 Child Labor and Adult Health

The long-run interactions between child labor and health are likely to be dynamic, in
the sense that health status is more likely to be correlated to working history, rather
than current work activity, since many health risks caused by early working need time to
manifest themselves. For example, children exposed to dangerous materials like asbestos
or molten glass may not suffer adverse health effects today, but they may get cancer or
other serious health problems twenty years later. The stress or negative emotions facing
young laborers today may not have an immediate impact, but lead to depression or other
psychological problems in their later life. On the other hand, however, the long-run health
consequences of early working can be positive as well, because child work may be crucial
to an extremely poor household, and children’s income contributions to the family may
improve their living standards and nutritional status, and hence impose a positive impact
on the long-run health development.

Previous research has examined the long-term health consequences of child labor. Kas-
souf, Mckee and Mossialos (2001) using a Brazilian data set find that the likelihood an
individual reports less than good health in adulthood rises as the age of entry the labor
market falls. Based on an analysis of the Brazil PNAD data set, Lee and Orazem (2009)
argue that early entry into labor market and decreasing schooling time jointly increase the

probability of reporting physical ailments in adulthood.

2.3 Child Labor and Adult Income

Early exposure to work may affect a child worker’s future income through human capital
investment. Education provides skills that raise an individual’s productivity and in turn
raise his earnings. Therefore, how early working affects a child’s education will have a
link with his future income. Also, if child work leads to physical injury or psychological
stress which may survive through adulthood, or if there is any health benefit arising from
the improved nutritional status or living standard owing to young worker’s income, such a
health effect will affect future earnings in adulthood. In addition, when a child works early
in his life, he is able to accumulate working experience which may have pecuniary benefits.

The linkages between child labor and subsequent labor market outcomes have been
examined empirically but still many questions remain. Ilahi, Orazem and Sedlacek (2001)
explore a national survey in Brazil (PNAD) and find that early exposure to child labor

significantly reduces adult earnings and gives rise to an increase in the probability of



being in poverty. However, their study doesn’t take into account the possible endogeneity
problem: there may exist some unobservable factors like an individual’s ability that affect
both the child labor decision and income. Hence, Ilahi, Orazem and Sedlacek’s work only
provides suggestive results. Also based upon the PNAD data set from Brazil, Emerson and
Souza (2007) examine whether child labor is harmful to an individual in terms of adult
earnings. They employ the GMM IV method to address possible endogeneity and provide
a disturbing result: child labor significantly reduce adult earnings for males even after
controlling for schooling. However, Emerson and Souza do not control for the individual’s
health which may affect her income, and it would be of interest to consider whether early
working could affect an adult’s income when controlling for both schooling and health
status, i.e., whether child labor has an income impact other than through its impacts on
education and health. In addition, Emerson and Souza only focus on the income impact
and omit other impacts of child labor. As will be shown below, my work complements their

study by analyzing multidimensional consequences of early entry into the labor market.

2.4 Child Labor in Brazil

There is a long tradition of child labor in Brazil. The first registered child labor dates back
to the 16th century, when children helped adults extract pau-brasil (the native Brazilian
tree) (Ferreira, 2001). Along with the industrialization in the 20th century, there existed
a great demand for child labor, and child employment became very serious through the
whole century. According to Moura (1982), in 1912, 30% of the labor force in the four
major textile factories was made up of children and adolescents, and this proportion even
increased to 40% by 1919.

Although a sharp decrease of child labor occurred in the second half of 1990s, owing
to the government’s efforts to reduce child labor (such as "Bolsa Escola" which is a cash
transfer program conditional on school attendance), there are still a large number of chil-
dren involved in working. According to the estimation of Instituto Brasileiro de Geografia e
Estatistica (IBGE, 2007), there are about 5.4 million children aged between 5 and 17 years
old in the labor market, of whom 40.7% are under 14 years old despite of the prohibition of
child laborer younger than 14 years old from Federal Constitution of Brazil. Among those
working children between 5 and 17 years old, one third work 40 hours or more per week.
To be more specific, 13.6% of the 10-14 age group and almost one half of the 15-17 age
group work more than 40 hours per week (ICFTU, 2004).



3 Data and Descriptive Analysis

The main data used for analysis come from the Living Standards Measurement Study Sur-
vey (Pesquisa Sobre Padrées De Vida, PPV—1996/97) of Brazil. The PPV was undertaken
by the Instituto Brasileiro de Geografia e Estatistica (IBGE) and the World Bank jointly
from March 1996 to March 1997.

The PPV covered information from urban and rural areas in Northeast and Southeast
of Brazil. The living standards in the Northeast Region are the lowest, while the Southeast
is the richest region in Brazil. Hence the PPV provided two typical regions with respect to
living standards and employment in Brazil. Although the PPV was restricted in geographic
coverage, it was representative of about 70% of the national population in Brazil (Turra,
2000). The survey interviewed 4940 households in total, collecting detailed information
about household composition, migration, education, health, economic activity, fertility,
etc. The key feature of the data set is that it asked each respondent about the age at
which he started Workingﬂ and the working sector of his first jobﬂ The PPV provided
detailed information about an individual’s health and socioeconomic status as well as his
first job, meeting the requirement for my research question. It is noteworthy that the
PPV has been little explored in this direction. While most studies on child labor in Brazil
employ the Pesquisa Nacional por Amostra de Domicilios (PNAD) (e.g., Ilahi, Orazem and
Sedlacek, 2001; Emerson and Souza, 2007; Lee and Orazem, 2009) data set, my analysis
using the PPV could supplement the literature.

However, one potential weakness is that the information about a person’s first job
comes from a recall question and may be subjected to recall errors. I would prefer to
have a longitudinal survey in which the same persons are followed from their childhood to
adulthood, as well as more detailed information about their first jobs are interviewed, like
the working hours, working conditions, working and schooling, etc. But such data are rare,
especially in the developing economies where child labor is prevalent.

The sample is composed of individuals aged between 18 and 55 years old with valid

2 A person who has worked previously is understood as someone who:

(1) has exercised an economic activity paid in money, merchandise, products or only in benefits (housing,
food, clothing, etc.);

(2) has exercised an economic activity with no payment for at least 1 hour per week for the purpose of
helping a member of the household unit who has an economic activity, or as an apprentice, trainee, etc.
(IBGE, 1997).

3The main working sectors include: agriculture, services, manufacturing, construction, textile, trans-
portation and some other industries.



information on earnings, health and education. I restrict the analysis to individuals old
than 18 years since I want to analyze the impacts of early working on adults, and also to
individuals younger than 55 years old, since 55 is the retirement age in Brazil and most
people older than 55 don’t have regular monthly earnings. I restrict the sample to people
with valid information on earnings, schooling and health conditions. Furthermore, my
sample is selected to include people who entered the labor market between 5 and 31 years
old, those people who started to work younger than 5 years old or older than 31 years old
are treated as outliers. This does not greatly reduce the number of observations compared
to the original survey data, since 98.91% of people started to work at this age rangeﬂ The
sample size is 3901 after this selection proces Owing to the distinct differences in urban
and rural areas, all analyses are conducted separately for these two areas, with 3235 and
666 individuals respectively.

The summary information for the variables is presented in Table 1 with the definitions
of variables shown in Table A.1 at the appendix. Urban people typically have higher
monthly earnings than rural residentﬂ As for the self-assessed health index, it equals 1
if the individual rates his own health condition as "poor" or "average", equals 2 if the
individual rates health as "good" and equals 3 if the individual rates health as "very good"
or "excellent "ﬂ From the summary statistics, urban and rural residents report very close
and high health index: about 2.3, implying people evaluate their health conditions as more
than good on average. In both urban and rural areas about two out of ten adults report to
have health problems. Noticeably, there is a big gap of education levels between the urban
and rural sample. While the average years of schooling in the urban sample is 8.33 years,
implying people in urban areas complete upper primary educationﬂ rural adults receive

less than 5 years of education. On average, urban residents entered the labor market at 15

*My results are robust to modest changes in the range of age started to work.

>The sample size is also reduced due to the unavailability of data for instrumental variables in some
years.

SWhile rural residents earn about 281 Reais each month on average, the average income of urban residents
is 658 Reais, more than twice of that of rural adults.

"The categories "poor" and "average" are combined because few individuals report poor health. The
categories "very good" and "excellent" are combined because few rural individuals report excellent health.

8Brazilian education system: primary education (1st grau) consists of 1st-8th grade; high school ed-
ucation (2nd grau) consists of 9th-11th grade; undergraduate education typically consists of 4 years of
schooling; graduate education differs according to degrees and fields. In this paper, I split the primary
education into lower primary (1st-4th grade) and upper primary (5th-8th grade) education as Emerson and
Souza (2007) do.



years old, almost 3 years later than rural residents did. The composition of race for the
urban and rural samples are quite similar. As for parental education levels, individuals in
rural areas typically have less educated parents than those in urban areas.

Figure 1 presents the distribution of age started to work for the urban and rural sam-
ples. Note that rural individuals typically entered the labor market earlier than urban
individuals. The most common ages of labor market entry for urban individuals are 10,
12, 14, 15 and 18 years old, while the common ages to start working for rural persons are
7,8, 10, 12 and 15 years old.

Figure 2 and 3 show the average of log-earnings and the average of the self-assessed
health indexes by the age of labor market entry for urban and rural individuals respectively.
In these figures, I collapse the individuals who started to work before 7 years old into one
group and after 20 years old into another group, since from Figure 1, it is noteworthy that
there are very few individuals starting their first jobs before 7 or after 20 years old, 91%
of my sample entered the labor market between 7 and 20 years old. Figure 2 and 3 exhibit
roughly linear relationships between log-earnings and starting age, and between the health
index and starting age respectively.

The averages of years of schooling by age started to work are presented in Figure 4a.
Again, the individuals who started working before 7 or after 20 years old are collapsed into
two groups separately. The increase in the years of schooling associated with the increasing
starting age is notable. However, this trend becomes complicated when I consider different
quantiles of years of schooling. From Figure 4b, it is clear that the distributions of years of
schooling differ conditional on different starting ages, for both urban and rural residents.

This suggests that quantile regression is necessary for analysis.

4 Methodology

I examine the impacts of child labor on adult income, health and schooling separately.

4.1 Child Labor and Adult Income

The model to be used for analyzing the long-run effect of child labor on adult income is:
mlnine; = w1+ ay * startage; + B * schi +71, * ehealth; + 1, * ghealth; +x,;61 +e1; (1)
where mlninc is the log of monthly income, startage is the age at which the person

10



started the first jobﬂ sch is years of schooling, ehealth and ghealth are the dummies for
reporting "excellent health" and "good health" respectively, and x; is a vector of exogenous
variables, including age, age-squared, gender, race, GDP per capita of the individual’s
residence state at the interviewing year, and parental education levels which are a proxy
of the individual’s family background.

It is likely that a person’s decision to work, years of schooling and current health status
are correlated to the unobserved components of income in model (1). For instance, an
individual with higher ability tends to achieve higher level of education and earn higher
income (biasing [5; upward); an individual’s unobserved health endowment is not only
correlated to her current health status, but also affects her earnings and in turn biases the
health coefficient. As for the coefficient on the age started to work, higher ability may lead
to later entry into the labor market for an individual since she has the capacity to acquire
higher levels of schooling (biasing a; upward). A higher unobserved health endowment,
nonetheless, makes the child more likely to be sent into the labor market early and thus
biases a; downward. Meanwhile, measurement error is another source of potential bias,
making the directions of biases for the coefficients unpredictable. My data on people’s
age started to work come from a recall question, and thus would probably be subjected
to recall bias. The possible measurement error in the self-reported health status will be
discussed in the next section.

One way to address the possible endogeneity and measurement error is to employ
instrumental variable technique. Variables qualified to be instruments must be sufficiently
correlated to people’s decisions to enter the labor market and schooling and current health
conditions, but not correlated to the unexplained components of income.

One possible set of instruments for the age of labor market entry and years of schooling
include parental occupations, the availability and quality of local education systems and
the economic conditions in local labor markets when the individual was a child. Parikh
and Sadoulet (2005) argue that children of employers or self-employed persons are more
likely to work than children of employees. Thus parental occupations could affect people’s
decisions to work in his childhood. The weight of evidence suggests that school quality
is an important determinant of an individual’s schooling decision (Alderman, Orazem and
Paterno, 2001; Bedi and Edwards, 2002), and the conditions in local labor markets will

°T include the linear specification of age started to work because the relationship between log-earnings
and age started to work is roughly linear from the raw data. I also tried the model including startage and
startage-squared, and got qualitatively similar results.

11



affect the supply of and demand for child laborers directly. Therefore, the instruments I
use for age started to work and schooling are the parental occupations when the individual
was 15 years old (denoted by z;), the number of teachers per school for the state where the
individual lived when he was 7 and 11 years old, since age 7 and 11 are the typical ages
for a child to enter the lower primary and upper primary school in Brazi]m and the GDP
per capita of the state where the individual lived when he was 12 years old (denoted by
29), since age 12 is the legal minimum employment age in Brazil until 198@ The choice
of instruments about the state-level schooling and labor market conditions is guided by
Emerson and Souza (2007) and Lee and Orazem (QOOQ)E But they all apply the birth

state’s information for instruments, while in the present study, I take advantage of both

10Here, "typical" means the individual enters school at 7 years old and there’s no delaying or repeating
of grades.

1185.41% of my sample consist of individuals whose current state of residence is the birth state. I assume
that these individuals were not migrants and thus the birth state’s figures of teachers and GDP per capita
are used as instruments.

For an individual whose current residence state is not the birth state, I can identify the last state he lived
before moving to the current state. If the last state the individual lived before he moved to current state
was the birth state, then I assume that he just migrated from the birth state to the current state directly
and migrated once in total; if the last state the individual lived was not the birth state, then he migrated
at least twice in total.

I can identify how long an individual lived in the birth state. If the individual lived in the birth state for
longer than 11 years, then no matter how many times he migrated, all the instruments use the birth state’s
information.

For those people who migrated from the birth state to the state of current residence directly, if he lived in
the birth state for 11 years, then the state GDP per capita when the individual was 12 years old employs the
figure from the current state and all the other instruments use figures from the birth state; if the individual
lived in the birth state for longer than 6 years but shorter than 11 years, then the number of teachers per
school when the individual was 11 years old and the state GDP per capita when the individual was 12
years old use figures from the current state while the rest instruments use figures of the birth state; if the
individual lived in the birth state for shorter than 7 years, then all the instruments employ figures of the
state of current residence.

For those people who migrated at least twice and lived in the birth states for shorter than 12 years, I
cannot determine in which states they lived before coming to the current state and when they came to the
current state, so information from the birth state are used as instruments for simplicity. However, there
are only 33 individuals (0.85% of the whole sample) migrating at least twice and living in the birth states
for shorter than 12 years, such a small portion of the sample should not affect my main results. I run a
robustness check in which I give these persons current states’ information as instruments, the results are
quantitatively and qualitatively similar.

2For the instruments of child labor and schooling decisions, Emerson and Souza (2007) employ the
number of schools per 1000 children and the number of teachers per school in the birth state when the
individual was 7, 11 and 15 years old, and the birth state’s GDP per capita when the individual was 12
years old; and Lee and Orazem (2009) employ the number of schools per 1000 children and the number
of teachers per 1000 children in the birth state when the individual was 7 years old, and the state-specific
average wage rates for low-skilled workers in the year when the individual was 12 years old.

12



the birth state’s and the current living state’s data to construct the instruments which
makes my instruments more informative. It is a challenge to find instruments which are
exogenous to the unexplained components of incomﬂ Once controlling for the family
background and the current labor market conditions, parental occupations, the variations
of schooling quality and local labor market conditions when the individual was a child
should be uncorrelated to the error term and satisfy the exclusion restriction.
Considering the instruments for health condition, I use the availability and quality of
local health systems when the individual was a child which are represented by the numbers
of hospitals, beds and doctors per 1000 inhabitants of the state where the individual lived
when she was 7 years old (denoted by z3). Controlling for all regressors, including the
family background and current local labor market conditions, the availability and qual-
ity of local health systems when the individual was a child should not have independent
influence on adult earnings. Furthermore, as I will demonstrate below, the relevance of
the instruments for child labor and schooling decisions as well as the health conditions are
checked through the tests of excluded instruments in the first-stage regressions, and the
validity of instruments are checked through overidentification tests in the second stage.
Here, data on the parental occupations come from the PPV survey directly. Data on
the number of schools and teachers, the number of hospitals, beds and doctors by state and
year come from the IBGE online resource "Statistics of the 20th Century"lzl And data on
the GDP and population by state and year are taken from the IPEA historical serie
To estimate the income model (1), I first run OLS regressions, and then employ 2SLS
technique to rule out the possible endogeneity and measurement error. Comparing coeffi-
cients from OLS and 2SLS tells us the direction and magnitude of bias in the coefficients

due to the endogeneity problem and measurement error, if anym

3Some people may argue that there may exist a persistency of occupation across generations and this
causes parental occupations to be correlated to the unexplained components of income. However, I think
that such intergenerational persistency of occupation mainly comes from the effect of parental education
upon kids, and after controlling for parental education and other covariates in the model, parental occupa-
tions should satisfy the exclusion restriction.

"“These series are available on line at http://www.ibge.gov.br/seculoxx/default.shtm (accessed on
09/11/2010).

> These series are available on line at http://www.ipeadata.gov.br/ipeaweb.dll/ipeadata?65370046 (ac-
cessed on 09/11/2010).

16 All models in this paper allow for clustering on the birth year and state.

13



4.2 Child Labor and Adult Health

I employ two health models with two health indicators: one is the self-assessed health
index and the other is the incidence of health problems. Self-reported health status has been
shown to be a good proxy for a person’s true health condition. Kalpan and Camacho (1983)
and Mcgee et al. (1999) find persistent associations between self-reported health ratings
(like poor, fair, good, excellent, etc.) and mortality, and self-reported health status is a
strong prognostic indicator for subsequent mortality. Miilunpalo et al. (1997) reinforce this
view and further show that the perceived health is inversely associated with the number of
physician contacts per year. However, measurement error may exist in the studies employing
self-reported health measures, since how people evaluate his health may depend on his
education level, working status, etc. An individual with a higher education level is more
likely to take care of himself and may have more information on his health condition. By
examining the relationship between a self-reported health measure and a simulated clinical
measure with the tetrachoric correlation coefficient, Butler et al. (1987) find the existence
of biased reporting. In particular, non-working persons are more likely to report incorrect
health conditions, probably due to the need of justification of unemployment.

The purpose for employing two health indicators is to mitigate the possible measure-
ment error in the self-assessed health index since the incidence of health problems is rela-
tively more accurate and objective than the health index. However, the incidence of health
problems may not reflect the overall health condition as the health index does. Further-
more, I could check the consistency of results across models with two health measures.

The first health measure is an individual’s self-reported health index. This ordered
measure comes from the individual’s self-assessed health status, that is, respectively, poor
or average (chealth=1), good (chealth=2) and very good or excellent (chealth=3). 1 use
the following ordered probit model to capture how the child labor decision affects an
individual’s health in her adulthood:

1 if health*< (;
chealth = { 2 (< health*< ¢,
3 health*> (,

health] = au, * startage; + By, * sch; + a;lliéga + Z;;mga + €244 (2a)
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When the latent health status variable health® crosses a cutoff point, the observed
category of the health index changes. x1 and z3 consist of the same variables as in the
income model (1).

The incidence of health problems is used as the second health measure. Formally,
the health problems reported in this survey include flu/cold/pneumonia, infection, acci-
dent/injury, digestive problem, pain, infarction and some other problems. Child labor
may adversely (or positively) affect the incidence of health problems by affecting a young
laborer’s health capital and making him more (or less) likely to get a health problem in
adulthood. And a probit model is employed to estimate the effect of child labor on the

incidence of health problems here:

1 if hproblem*>0
hproblem =

0 otherwise

hproblem] = mwop + gy x startage; + Bop * sch; + CCll,i(sz + zém% + E9p; (2b)

where hproblem implies the incidence of health problems and hproblem* is the latent
variable. 1 and z3 are the same sets of variables as in the income model (1).

However, I am still faced with an endogeneity problem caused by unobservable health
endowments. Only healthy children are qualified for employment which induces a positive
relationship between health endowment and early working. Additionally, measurement
error still remains a problem and makes the direction of bias on the coefficient estimates
unpredictable. As a result, an IV ordered probit specification for model (2a) and an IV
probit specification for model (2b) are employed to rule out potential bias and investigate
the causal health effects of early working. The instruments for age started to work and
years of schooling consist of parental occupations when the individual was 15 years old (z1),
the number of teachers per school for the state where the individual lived when she was
7 and 11 years old and the GDP per capita for the state where the individual lived when
she was 12 years old (ZQ)E These instruments should be correlated to a person’s child
labor and schooling decisions, but uncorrelated to her unobservable health endowments,
once her demographic characteristics, family background and the current labor market

economic conditions are controlled for. Again, I will test the relevance and validity of

1 . .
"The procedure to construct instruments and the data source of instruments here are the same as
described in the previous section.
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instruments via tests of excluded instruments in the first stage and overidentification tests

in the second stage respectively.

4.3 Child Labor and Adult Schooling

In this study, an adult’s education level is captured by the years of schooling he obtained.
We already notice from Figure 4b that the effects of the child labor decision on achieved
education level are quite different for different quantiles of years of schooling. Therefore,
I estimate quantile regression. The standard linear conditional quantile regression model
treats the conditional distribution of the response variable as a linear function of covariates.
To be more specific, let Qq(sch|z) denote the qth standard linear conditional quantile
function of the response variable years of schooling given covariates x (including age started

to work, x1, zo and z3). Then for the qth quantile (0<q<1), the model can be written as:
Qq(schilz;) = m3q + azq * startage; + xlliégq + z;iagq + 23734 = :U;Qq (3)

Note that the parameters 0, (including 73, a3q, 03¢, 03¢s 773q) are allowed to vary across

quantiles. The qth quantile regression estimator @q minimizes over 6, the objective function

N N
S dlschi — @0y + Y (1 q)lschi — z;0,
i yizxge [N yi<z;9

where 0<q<1. In this study, I estimate the schooling equation (3) at quantiles 0.1, 0.2,
0.3, 0.4, 0.5, 0.6, 0.7, 0.8 and 0.9.

Although one’s early working decision may be correlated to the unexplained components
of schooling, I don’t have valid instruments for age started to work, hence I will just report

results from OLS and quantile regressiond™]

187 tried the parental occupations when the individual was 15 years old as instruments for the child labor
decision in the schooling model, but they cannot pass the overidentification test, indicating the invalidity
of these instruments.
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5 Empirical Results

5.1 Child Labor and Adult Income

Classical analyses of income models estimate separate models for men and women, since
usually there exist substantial gender differences on the wage effects. However, in this
study, I test and can not reject the null hypothesis of the equality of all coefficients (except
the intercepts) in the male and female models under the 5% significance level, in either
the urban or the rural sample. Hence, I pool the men and women samples and include a
gender dummy in the income model (1).

In order to estimate the effects of early labor market entry on current adult earnings,
I begin by treating the child labor decision, education and health as exogenouﬂ Table 2
reports the OLS coefficient estimates of the income model (1). The control variables are
age started to work, years of schooling, self-reported health status, demographic factors
including age, age-squared, gender and race, parental education levels and the GDP per
capita of individual’s current residence state at the interviewing year. When I treat the
individual’s child labor decision, education and health conditions as exogenous, whether
an individual worked during childhood does not affect her current income, holding other
factors constant. This is true for both the urban and rural adults. The more educated the
person, the more income she earns. And an urban resident’s health condition is positively
correlated to her earnings.

As described above, the 2SLS method is employed to deal with the possible issues of
endogeneity and measurement error. I use parental occupations when the individual was
15 years old, the number of teachers per school of the state where the individual lived when
he was 7 and 11 years old and the GDP per capita of the state where the individual lived
when he was 12 years old, as well as the number of hospitals, beds and doctors per 1000
inhabitants of the state where the individual lived when he was 7 years old as instruments.
The first-stage regression results for the urban and rural samples are presented in Table 3a
and 3b. For the age started to work, years of schooling and dummies for health condition,
the F test of excluded instruments all indicate the joint significance of instruments. Males

enter the labor market about two years earlier, receive one year less of schooling and have

T firstly estimate the income equation by quantile regression method with and without considering the
endogeneity problem for quantiles 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8 and 0.9. I cannot reject the null
hypothesis that the coefficients of age started to work across quantiles are equal to each other. Therefore,
OLS and 2SLS coeflicient estimates are reported as the final estimates of the income equation (1).
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higher probability to report excellent health. Compared to white people, urban black and
other-raced individuals start working earlier and receive less education, and report almost
the same health status. Parental occupations do affect child labor decision: compared
to individuals whose parents were employees, individuals with fathers who did not work
or were self-employed or mothers who worked without a payment when the individual
was 15 years old, enter the labor market at younger ages. This is consistent with our
expectation. When father doesn’t work or mother is unsalaried, the household may face a
credit constraint and need the child to work to supplement the household income. Besides,
when father is self-employed, such as working on the own farm or factory, the child may
need to enter the labor market early to help his father.

Table 4 presents the second-stage regression results of the income equation. I cannot
reject the null hypothesis of overidentification test of all instruments, indicating the validity
of my instruments for child labor decision, years of schooling and health condition, for both
the urban and rural samples. Early entry into the labor market has no significant impact
on adult earnings for urban residents, but has a negative and substantial income impact
for rural residents, after controlling for the schooling level and health condition. Entering
the labor market one year later increases monthly earnings by 16.7% for a rural resident,
which is indeed a sizable effect. An early rural labor market entrant suffers a lower income
during adulthood since early working may adversely affect the schooling quality which will
in turn impose a negative impact on adult income.

The comparison between the OLS and 2SLS estimates is also of interest. While in
neither the OLS or 2SLS models is the estimated income impact of child labor significantly
different from zero for the urban sample, the OLS estimate of starting age lies below
the 2SLS estimate for the rural sample. This implies that the possible endogeneity and
measurement error bias the effect of early working on adult earnings downward.

The coefficients other than age started to work have the expected signs. For an urban
individual, the higher of education level, the more income he earns, and excellent health
brings in higher income than poor health. Income rises as he ages, probably owing to the
accumulation of working experience, but the return to aging falls. There is a gender gap
in earnings: males typically get higher earnings than female workers. And when the GDP
per capita of the residence state increases indicating a better macroeconomic environment,

individuals get higher earnings.
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5.2 Child Labor and Adult Health

I use model (2a) and (2b) to estimate the long-term impacts of early entry into the labor
force on adult health. The self-assessed health index and the incidence of health problems
are the dependent variables, and the controls include the individual’s age, age-squared,
gender, race, parental education levels, the GDP per capita of the residence state at the
interviewing year, the number of health facilities per 1000 inhabitants of the state where
the individual lived when she was 7 years oldlﬂ

I start by estimating the ordered probit model (2a) without considering the possible
endogeneity problem. The marginal effects rather than the coefficient estimates of the
model (2a) are reported in Table 5. Column 1, 2, and 3 correspond to the marginal effects
on the probability that the health index equals 1, 2 and 3 for the urban residents, while
column 4, 5 and 6 correspond to the marginal effects for the rural residents. From Table
5, there is no significant effect of child labor on adult health for the urban sample, but in
the rural areas, an early labor market entrant is less likely to report very good or excellent
health, and more likely to report poor, average or good health.

When I take the endogeneity and measurement error issues into account, an IV ordered
probit specification of the health model (2a) is estimated, with the parental occupations
when the individual was 15 years old (z1), the availability and quality of local education
system and the fluctuations of local labor market represented by 2z being employed to
identify the child labor decision and years of schooling. Table 6 presents the first-stage
regression results. The first two columns of Table 6 correspond to the starting age and
schooling equations for the urban sample, while the last two columns are the first-stage
estimates for the rural sample. From those results, we can find that the instruments are
correlated to the age of entry into the labor market and schooling decision and jointly
significant.

The second-stage estimates of the relationship between the health index and child work

activity are presented in Table 7. Column 1, 2 and 3 correspond to the marginal effects on

20T separate the health models into men and women and test the equality of all coefficients (except the
intercepts) of the male and female models, for the urban and rural samples respectively. I cannot reject the
null hypothesis of the equality of all coefficients (except the intercepts) of male and female models for the
urban sample under the 5% significance level, indicating that that it’s not necessary to separate the urban
health model into men and women. And I reject the null for the rural sample. But this is not a strong
indication of different models for men and women, since there are only 464 and 202 observations for the
rural male and female samples respectively, the rural male and female models are poorly estimated. Hence,
I pool men and women for the rural health model for simplicity.

19



the probability that the health index equals 1, 2 and 3 for the urban residents, and column
4, 5 and 6 correspond to the marginal effects for the rural residents. The comparison
between the ordered probit and IV ordered probit estimates indicate that the endogeneity
causes the estimated effect of child labor to be smaller than it really is. Results from
Table 7 suggest that there is no significant health consequence for an urban early labor
market entrant, but there exists a significant negative effect of early working on rural adult
health: the probability of reporting very good or excellent health falls and the probability
of reporting poor or average health rises as one enters the labor force earlier.

One thing worthy of notice is the opposite effects of schooling on the health status of
urban and rural adults. An increase in the schooling years benefits urban adult health
but harms rural adult health, due to the twofold impacts of education. On the one hand,
as one achieves higher level of education, she would gain access to more knowledge about
health care, and usually would take care of herself more carefully, which is expected to
have a positive impact on health condition. On the other hand, the more educated of an
individual, the more likely she would pay attention to her own health condition and to
recognize and report health problems, which suggests the negative effect of schooling on
reported health condition. Back to my sample, from the descriptive analysis in Section 3,
urban residents receive 3.5 more years of schooling than rural residents on average. Hence,
when rural residents are relatively low educated on average, one additional year of schooling
may be more effective on recognizing and reporting health problems leading to a negative
effect of schooling on reported health condition, while the average urban residents finish
the upper primary education, the impact of schooling may focus more on getting access
to knowledge about health care and consequently has a positive effect on reported health.
Additionally, the probability to report very good or excellent health decreases as persons
age and urban men report being healthier than women.

An additional probit model with the incidence of health problems as the dependent
variable is estimated. The probit estimates, the first-stage and second-stage regression
results of the IV probit specification of model (2b) are presented in Table 8, 9 and 10
respectively. The main results from health model (2b) are consistent with those derived
from model (2a): child labor is associated with worse adult health. However, although
Table 7 shows child labor only affects future health in the rural sample, Table 10 exhibits
significant negative linkages between early working and adult health for both the urban
and rural samples. One year earlier of entry into the labor force leads to an increase of

2.1% and 9.1% in the probability of getting health problems in adulthood, for an urban and
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rural resident respectively. The probit estimates of child labor are centered over zero for
both urban and rural samples, compared to the IV estimates, again, implying the existence
of endogeneity. Urban males are about 9% less likely to get health problems than females.

While it’s clear that an early labor market entrant suffers worse health outcomes, I find
big area differences of child labor effects: whether an individual worked as a child laborer
does not affect how he evaluates his health condition in urban areas but does in rural areas;
meanwhile, as one enters the labor market one year earlier, the probability of getting health
problems increases by 2.1% and 9.1% for an urban and rural resident respectively.

These substantial area differences in the health impacts of early exposure to work may
be due to the different working environments and conditions for the first job in the urban
and rural samples. In the sample, among those rural residents who started to work before
18 years old, more than 70% were employed in the agriculture sector, while among those
urban residents who entered the labor market as a child, most of them worked in the
service (24%), retailing (15%), manufacturing and construction industry (19%). As one
may notice that the agriculture sector is ranked as one of the most hazardous sectors in
terms of morbidity and mortality (Fassa, 2000). Fassa (2000) points out that children
employed in the agriculture sector are easily injured by dangerous machinery, exposure to
strenuous labor, chemicals and adverse weather (e.g. heat). Also, agriculture is among the
less regulated sectors where the laws protecting children are very difficult to enforce. In
contrast, child workers in the urban sample who are involved in manufacturing, retailing,
services and other industries may not suffer from as adverse working conditions and poorly

regulated working environments as do their rural peers.

5.3 Child Labor and Adult Schooling

From Figure 4b, the distributions of years of schooling conditional on starting ages are quite
different. Consequently, for both the urban and rural samples, I use the quantile regression
approach to capture the associations between early working and schooling. Model (3) is

employed to explore the relationship between child labor and adult schoolingia I report

21T separate the schooling quantile regression models into men and women for the urban and rural samples,
and test the equality of all coefficients (except for the intercepts) of the male and female models. In most
(except for the 30th quantile in the urban sample) quantile regressions for either the urban or the rural
sample, I cannot reject the null hypothesis of the equality of all coefficients (except the intercepts) of the
male and female models.

I then estimate the urban schooling model for the 30th quantile, with the sample being separated into
men and women. The schooling effects of early working from the male and female models are quite close
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OLS estimates first, followed by quantile regression results. A major difference between
OLS and quantile regression is that OLS characterizes the mean of the distribution whereas
the quantile regression explores the full shape of the conditional distribution of the depen-
dent variable. Relatively speaking, quantile regression provides a more precise estimation
and a more complete picture of the conditional distribution of years of schooling.

As explained above, although there may exist some unobservable factors affecting both
child labor decision and educational attainment, I do not have suitable instruments that are
sufficiently correlated to the child labor decision but not correlated to the unexplained com-
ponents of schooling, hence my estimates of the impacts of child labor on adult schooling
are suggestive but not causal.

Table 11a and 11b exhibit the OLS estimates first, followed by the quantile regression
estimates of the schooling model at the 10th, 20th, 30th, 40th, 50th, 60th, 70th, 80th and
90th conditional percentiles, for the urban and rural samples respectively. Of great interest
are the coefficients on the age an individual started to work. These parameters estimate
the changes in specific conditional percentiles of years of schooling caused by one unit
change in the starting age. The child labor decision imposes significant negative effects on
an adult’s educational attainment for almost all the quantiles. The later one enters the
labor market, the more years of schooling she attains. The marginal changes associated
with one year later of entry into the work force in the median conditional quantile of years
of schooling are an increase of 0.284 years and 0.178 years, for the urban and rural samples
respectively. The coefficients of age started to work vary considerably across quantiles.
For instance, there is an 80 percent difference between the starting age coefficients for the
0.5 quantile and 0.1 quantile in the urban sample, while in the rural sample the starting
age coefficient for the 0.7 quantile is close to 134 percent above that of the 0.2 quantile.
I also test and reject the equality of coefficients of age started to work across quantiles.
Most noticeably, starting age has much greater impacts at the middle conditional quantile
of schooling for the urban sample and at 0.7 quantile of schooling for the rural sample
than those in tails of the schooling distribution. As a matter of fact, quantile regression
estimates exhibit an inverse U-shaped trend which rises over the percentiles until around
middle quantile and then falls for the urban sample, suggesting that the schooling effect
of early working is greater for an individual with middle level of education than one in

the tails of the schooling distribution. A similar trend can be found in the rural sample

to each other. Hence, I pool men and women for the schooling model for simplicity, for both the urban and
rural samples.
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estimates.

Another thing worthy of notice is that child labor imposes greater effects on schooling
for urban residents than rural residents (except for the 90th percentile). For some quantiles
of years of schooling (e.g., the 10th and 20th quantiles), the impact of child labor on urban
residents is twice or even more than twice that on rural residents. Similar to the health
model, this large area difference may be due to the different working environment and
conditions for the first job in the urban and rural samples. Most rural residents were
involved in agricultural work in the first job, and agricultural work is often seasonal work
and may be more compatible with schooling than working in urban areas.

Clearly, the quantile regression estimates are different from the OLS estimates. Ac-
cording to the linear regression model, an urban individual’s schooling level would increase
by 0.227 years if he started working one year later. However, the quantile regression results
indicate larger impacts of child labor on the 30th, 40th, 50th, 60th and 70th quantiles of
schooling years for the urban sample. For instance, entering the labor market one year
later causes the 50th conditional quantile of schooling to increase about 0.284 years for
a urban resident. Similar results can be found in the rural sample: the linear regression
model underestimates the effects of child labor at the 40th, 50th, 60th, 70th, 80th and 90th
quantiles of years of schooling.

Male workers typically receive less schooling than female workers. Urban black and
other-raced residents’ educational attainments are lower than those of white people. Parental
education levels impose positive effects on the individual’s schooling level, the more edu-

cated of parents, the higher schooling level the individual gets.

6 Robustness Check

All the above results indicate the adverse long-term consequences of early working on adult
earnings, health and educational attainment. However, all the analyses are based on the
working sample with valid income information, and therefore may be potentially biased. In
this section, I re-estimate the health model and the schooling model using the full sample
including all individuals with valid and non-valid (missing or zero) income data to work as
a robustness check?Z

Look at the health model (2a) first. The ordered probit estimates and the first-stage

22 My income model is probably subjected to the sample selection bias. However, sample selection is not
the main research problem of interest in the present study, so I do not correct for it here.
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regression estimates for the IV ordered probit specification with the full sample can be
found in Appendix Table A.2 and Table A.3. My instruments are jointly significant in
the first-stage regressions. I report the second-stage regression results for the IV ordered
probit specification in Table 12. Age started to work cannot be statistically differentiated
from zero in the urban full sample. And in the rural case, one year later of entering the
labor market reduces the probability for an individual to assess her health as "good" at
a very small magnitude but increases her probability to report "very good or excellent"
health significantly. This is consistent with our main finding from Table 7: early working
does not affect an urban resident’s health but imposes an adverse health effect on a rural
resident.

Table 13 presents the second-stage regression results from the full sample for the IV
probit specification of the health model (Qb)ﬁ My instruments are jointly significant in
the first stage and pass overidentification tests in the second stage. Again, early working
exhibits great adverse health effects: as one enters the labor market one year earlier, the
probability of reporting health problems in adulthood rises by 1.9% and 5.7% for an urban
and rural individual respectively. A great difference of child labor effects between the urban
and the rural sample shows up again: while early working does not affect how one evaluates
his health condition in urban areas but does in rural areas, one year earlier entry into the
labor market increases the probability of reporting health problems much more greatly for
a rural resident than an urban resident.

Table 14a and 14b exhibit the OLS and quantile regression results from the full sample
for the schooling model. A comparison between Table 11 and 14 shows that the coefficients
of age started to work estimated from the full urban sample are close to those estimated
from the working urban sample, and the coefficients of age started to work have the same
signs for the working and full sample in the rural case, though there exist some differences
in magnitudes. The fact that the adverse schooling impacts of child labor are greater on
urban adults than their rural peers is true for most quantiles of schooling (except for the
90th percentile) in both the working and the full samples.

In either the health model or the schooling model, most coefficients other than age
started to work have the same signs for the working sample and the full sample, and for
those estimates which have opposite signs, most of them are insignificant, although there

exist some differences in the magnitudes of the coefficients of the working and full samples,

2 The probit estimates and the first-stage regression results for the IV probit specification of the health
model are shown in Appendix Table A.4 and Table A.5.
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especially in the rural case.
In sum, the story we get from the full sample is consistent with the one from the working
sample: child labor negatively affect adult health and schooling, and early entry into the

labor market imposes different effects on the urban and rural residents.

7 Discussion and Policy Implication

This study investigates in great detail the long-run effects of working as a child laborer on
an individual’s health and socioeconomic conditions. It explores the Brazilian PPV data
set and analyzes the long-term income, health and schooling effects of early working for
the urban and rural samples separately. In order to deal with the possible endogeneity
and measurement error problems, I employ instruments to estimate the income model (1)
and the health model (2a) and (2b), with the 2SLS method used for the income model,
the IV ordered probit method used for the health model (2a) and the IV probit method
used for the health model (2b). However, due to the fact that it is too difficult to find a
suitable instrument which can decompose the effect of child labor decision from schooling
decision, my work does not take into account of the endogeneity problem in the schooling
model. The quantile regression technology is used to capture the different effects of early
working on schooling across quantiles. It would be informative to find a valid instrument
for child labor decision in the schooling model, to examine the causal relationship between
early working and adult schooling.

The results presented in this study suggest that early exposure to work for a rural
resident leads to lower earnings when controlling for schooling and health conditions, and
a worse self-assessed health index when controlling for schooling. Also, an urban/rural
adult has a higher probability to get health problems if she worked during childhood. As
for schooling, the later one enters the labor market, the more years of schooling she obtains.
While both the income and health effects of child labor on rural residents are greater than
those on urban residents, urban residents suffer greater adverse schooling impacts than
their rural peers. Although early working may help young laborers to accumulate working
experience and finance the household or schooling, the combined final effects of child labor
on a person’s future development are negative, i.e., a child who starts to work early suffers
adverse health and socioeconomic consequences in the long run. The findings for the health
and schooling models are robust when the full sample including all individuals with valid

and non-valid (missing or zero) income information are used for estimation.
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My findings have important implications: all the aforementioned negative effects of
child labor on adult outcomes make a strong call to reduce child labor in Brazil and other
developing countries. In addition, the different effects of early working on urban and rural
adults should be taken into account when child labor policies are proposed. Given that
rural children are more vulnerable to the adverse consequences of early working at many

aspects, we should pay special attention to tackle the issue of child labor in the rural area.
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Table 1. Summary Statistics

Urban (N=3235)

Rural (N=666)

Variables Mean Std. Dev Min Max Mean Std. Dev Min Max
mlninc 5.910 0.993 2.303 10.003 5.178 0.831 2.708 9.297
chealth 2.368 0.693 1.000 3.000 2.224 0.702 1.000 3.000
ehealth 0.491 0.500 0.000 1.000 0.383 0.486 0.000 1.000
ghealth 0.385 0.487 0.000 1.000 0.458 0.499 0.000 1.000
phealth 0.124 0.329 0.000 1.000 0.159 0.366 0.000 1.000
hproblem 0.194 0.396 0.000 1.000 0.194 0.395 0.000 1.000
sch 8.325 4.132 0.000 21.000 4.856 3.581 0.000 17.000
startage 15.001 4.376 5.000 31.000 12.285 4.337 5.000 31.000
age 32.511 9.585 18.000 55.000 30.937 9.241 18.000 55.000
agesq 1148.805 662.261 324.000 3025.000 | 1042.369 628.206 324.000  3025.000
male 0.571 0.495 0.000 1.000 0.697 0.460 0.000 1.000
white 0.486 0.500 0.000 1.000 0.434 0.496 0.000 1.000
black 0.068 0.252 0.000 1.000 0.071 0.256 0.000 1.000
otherrace 0.446 0.497 0.000 1.000 0.495 0.500 0.000 1.000
currgdp 5.908 2.871 1.670 10.649 5.469 2.745 1.670 10.649
fschmiss 0.289 0.453 0.000 1.000 0.458 0.499 0.000 1.000
filliterate 0.029 0.168 0.000 1.000 0.063 0.243 0.000 1.000
flowprimary 0.466 0.499 0.000 1.000 0.414 0.493 0.000 1.000
fupprimary 0.098 0.297 0.000 1.000 0.029 0.167 0.000 1.000
fhighschool 0.072 0.258 0.000 1.000 0.023 0.148 0.000 1.000
fcollege 0.047 0.212 0.000 1.000 0.014 0.116 0.000 1.000
mschmiss 0.324 0.468 0.000 1.000 0.514 0.500 0.000 1.000
milliterate 0.030 0.171 0.000 1.000 0.062 0.241 0.000 1.000
mlowprimary 0.437 0.496 0.000 1.000 0.353 0.478 0.000 1.000
mupprimary 0.099 0.298 0.000 1.000 0.036 0.187 0.000 1.000
mhighschool 0.086 0.280 0.000 1.000 0.030 0.171 0.000 1.000
mcollege 0.024 0.153 0.000 1.000 0.006 0.077 0.000 1.000
fnwork 0.114 0.318 0.000 1.000 0.059 0.235 0.000 1.000
femployee 0.508 0.500 0.000 1.000 0.535 0.499 0.000 1.000
fselfemploy 0.274 0.446 0.000 1.000 0.357 0.480 0.000 1.000
femployer 0.054 0.227 0.000 1.000 0.020 0.138 0.000 1.000
focumiss 0.050 0.218 0.000 1.000 0.030 0.171 0.000 1.000
mnwork 0.564 0.496 0.000 1.000 0.506 0.500 0.000 1.000
memployee 0.249 0.433 0.000 1.000 0.224 0.417 0.000 1.000
mselfemploy 0.122 0.327 0.000 1.000 0.117 0.322 0.000 1.000
memployer 0.010 0.099 0.000 1.000 0.002 0.039 0.000 1.000
munsalary 0.043 0.204 0.000 1.000 0.135 0.342 0.000 1.000
mocumiss 0.011 0.106 0.000 1.000 0.017 0.128 0.000 1.000
agel2 gdp 4.099 3.204 0.333 12.983 4.042 2.967 0.440 12.983
age7 teacher 5.271 4.235 1.543 27.243 5.327 3.923 1.543 23.968
agell teacher 6.060 4.636 1.566 27.390 6.088 4.339 1.566 23.968
age7 hospital 0.039 0.014 0.007 0.121 0.042 0.015 0.007 0.121
age7_bed 3.378 1.733 0.107 7.868 3.407 1.677 0.335 7.295
age7 doctor 0.809 0.616 0.050 3.006 0.796 0.565 0.050 2.934

Notes: There are only 2 individuals reporting father’s occupation type as "unsalaried", thus

I collapse the type "unsalaried" and "self-employed" for father’s occupation.
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Table 2: OLS of Income Model

Variables mlninc_u mlninc_r
startage -0.002 0.008
(0.004) (0.007)
sch 0.097*** 0.093%**
(0.004) (0.012)
ehealth 0.189%%** 0.094
(0.042) (0.077)
ghealth 0.087** 0.120
(0.042) (0.084)
age 0.096*** 0.074%**
(0.010) (0.021)
agesq -0.001%** -0.001%**
(0.000) (0.000)
male 0.617*** 0.662%**
(0.026) (0.062)
black -0.131%%* -0.014
(0.050) (0.123)
otherrace -0.066** 0.041
(0.028) (0.060)
currgdp 0.061%** 0.035%**
(0.005) (0.011)
fschmiss -0.069* 0.014
(0.036) (0.071)
filliterate -0.071 -0.156
(0.066) (0.118)
fupprimary 0.021 0.151
(0.048) (0.135)
fhighschool 0.193%** 0.120
(0.060) (0.258)
fcollege 0.330%** 0.639*
(0.077) (0.369)
mschmiss 0.008 -0.070
(0.033) (0.065)
milliterate 0.066 0.052
(0.067) (0.119)
mupprimary 0.056 -0.121
(0.045) (0.140)
mhighschool 0.105* -0.087
(0.054) (0.281)
mcollege 0.041 -0.014
(0.092) (0.543)
Constant 2.227T*%% 2.430%**
(0.179) (0.386)
Observations 3,235 666
R-squared 0.479 0.318

Notes: Clustered robust standard errors are reported in parentheses.
**% Significant at 1% level** Significant at 5% level, * Significant at 10% level.
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Table 3a: IV Estimates - First-stage Regression of Income Model (1) for Urban Sample

Variables startage u sch u ehealth u ghealth u
age 0.337*%* 0.505*** -0.012 0.021**
(0.085) (0.060) (0.011) (0.010)
agesq -0.005*** -0.006*** 0.000 -0.000*
(0.001) (0.001) (0.000) (0.000)
male -1.986*** -0.877*** 0.057*** -0.028*
(0.152) (0.116) (0.017) (0.017)
black -0.619** -1.128%*** -0.053 0.054
(0.248) (0.240) (0.036) (0.038)
otherrace -0.433%%* -1.071%%* -0.029 0.032
(0.156) (0.129) (0.021) (0.022)
currgdp -0.215%** -0.223%** 0.008 -0.002
(0.046) (0.040) (0.005) (0.005)
fschmiss -1.025%** -1.183%%** -0.075%** 0.051**
(0.202) (0.174) (0.023) (0.024)
filliterate -1.254%%* -2.232%%* -0.052 0.049
(0.455) (0.390) (0.051) (0.052)
fupprimary 0.396 0.903*** 0.021 -0.002
(0.249) (0.208) (0.032) (0.031)
fhighschool 1.089%*** 1.528*** 0.043 -0.031
(0.272) (0.251) (0.039) (0.036)
fcollege 1.695%** 2.572%%* 0.077 -0.014
(0.343) (0.278) (0.048) (0.046)
mschmiss -0.783%** -2.049%** -0.030 0.004
(0.179) (0.158) (0.022) (0.021)
milliterate -1.136%** -1.596%** -0.103* 0.037
(0.437) (0.356) (0.053) (0.055)
mupprimary  0.905%** 1.040%*** 0.021 -0.006
(0.231) (0.208) (0.028) (0.029)
mhighschool — 1.487*** 1.962%** 0.055 -0.017
(0.288) (0.198) (0.035) (0.033)
mcollege 1.593%** 2.955%** 0.150** -0.122%*
(0.515) (0.388) (0.060) (0.060)
focumiss -0.178 0.082 0.053 -0.053
(0.343) (0.287) (0.043) (0.042)
fnwork -0.710%** 0.273 0.050* -0.036
(0.219) (0.204) (0.029) (0.028)
fselfemploy -0.399%* 0.016 0.020 -0.027
(0.181) (0.154) (0.021) (0.021)
femployer -0.190 0.850%*** 0.019 -0.019
(0.347) (0.260) (0.040) (0.039)
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(Continued) Table 3a: IV Estimates - First-stage Regression of Income Model (1) for Urban Sample

Variables startage u sch u chealth u ghealth u
mocumiss 0.617 0.599 0.131 -0.121
(0.609) (0.509) (0.088) (0.086)
mnwork 0.689%** 0.649%** 0.042%* -0.010
(0.161) (0.140) (0.020) (0.021)
mselfemploy 0.063 0.504** 0.066** -0.063**
(0.256) (0.205) (0.030) (0.030)
memployer -0.348 0.479 0.161** -0.070
(0.803) (0.543) (0.081) (0.073)
munsalary -1.651%** -0.453 0.033 -0.046
(0.448) (0.341) (0.046) (0.047)
agel2 gdp 0.079 0.284*** 0.010 -0.012
(0.063) (0.048) (0.008) (0.007)
age7 teacher -0.049 -0.042 -0.001 0.001
(0.051) (0.039) (0.008) (0.007)
agell teacher -0.017 -0.075* 0.003 -0.004
(0.047) (0.040) (0.005) (0.005)
age7 hospital 8.895 7.492 -1.301 2.300%*
(9.075) (6.350) (1.103) (1.064)
age7 bed -0.148 -0.053 0.026* -0.016
(0.138) (0.107) (0.015) (0.015)
age7 _doctor 1.267*%* 0.641%* -0.173%%* 0.149%**
(0.441) (0.279) (0.047) (0.042)
Constant 11.146%** -0.075 0.792%%* -0.066
(1.660) (1.133) (0.205) (0.194)
Observations 3,235 3,235 3,235 3,235
R-squared 0.208 0.378 0.058 0.023
Test of excluded  F( 15, 457) F( 15, 457) F( 15, 457) F( 15, 457)
instruments 7.42 5.82 3.12 3.48
P-value 0.000 0.000 0.000 0.000

Notes: Clustered robust standard errors are reported in parentheses. *** Significant at
1% level, ** Significant at 5% level, * Significant at 10% level.
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Table 3b: IV Estimates - First-stage Regression of Income Model for Rural Sample

Variables startage r sch r ehealth r ghealth r
age 0.224 -0.157 0.005 -0.012
(0.176) (0.133) (0.023) (0.023)
agesq -0.003 0.002 -0.000 0.000
(0.002) (0.002) (0.000) (0.000)
male -2.439%%* -0.989%** 0.104%** -0.082%*
(0.359) (0.259) (0.040) (0.046)
black -0.898 -0.152 -0.035 -0.017
(0.577) (0.434) (0.075) (0.091)
otherrace -0.607* -0.337 -0.163*** 0.106**
(0.356) (0.269) (0.042) (0.043)
currgdp -0.257 0.039 0.024 -0.009
(0.157) (0.124) (0.019) (0.020)
fschmiss -0.530 -0.934%%* -0.133%%* 0.119%**
(0.367) (0.285) (0.044) (0.044)
filliterate 0.534 -1.446%** -0.211%* 0.224%**
(0.752) (0.451) (0.084) (0.082)
fupprimary 1.670%* 1.750%%* -0.041 -0.011
(0.780) (0.644) (0.127) (0.116)
fhighschool 2.369%* 3.574%** -0.131 0.195
(1.167) (0.579) (0.107) (0.142)
fcollege 3.361%* 4.864%** 0.127 0.033
(1.537) (1.055) (0.170) (0.189)
mschmiss S1111%F* -1.907%** 0.025 -0.057
(0.385) (0.276) (0.048) (0.050)
milliterate -1.415%* -2.263%%* 0.088 -0.267FF*
(0.686) (0.489) (0.097) (0.092)
mupprimary  2.003** 1.304* 0.016 -0.017
(0.841) (0.705) (0.110) (0.117)
mhighschool — 2.777%* 1.632%* 0.192%* -0.2971%%*
(1.168) (0.808) (0.113) (0.092)
mecollege -1.614 0.313 0.207 -0.101
(2.441) (1.665) (0.245) (0.260)
focumiss -0.194 -0.287 0.095 -0.034
(1.032) (0.786) (0.115) (0.128)
fnwork -0.252 0.352 0.072 -0.072
(0.574) (0.472) (0.076) (0.080)
fselfemploy -0.030 0.380 -0.065 0.029
(0.358) (0.257) (0.050) (0.050)
femployer -0.106 0.957 -0.025 -0.029
(0.897) (1.054) (0.138) (0.152)
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(Continued) Table 3b: IV Estimates - First-stage Regression of Income Model for Rural Sample

Variables startage r sch r chealth r ghealth r
mocumiss -0.263 0.437 -0.043 -0.183
(0.892) (0.745) (0.126) (0.155)
mnwork 0.138 0.631** 0.090* -0.082
(0.427) (0.311) (0.050) (0.053)
mselfemploy 0.285 0.922%** -0.036 -0.084
(0.535) (0.461) (0.069) (0.072)
memployer -0.196 -0.942%* -0.242%** 0.392%%*
(0.606) (0.398) (0.078) (0.079)
munsalary -1.535%* -0.422 -0.048 0.002
(0.607) (0.372) (0.066) (0.072)
agel2 gdp 0.175 0.072 -0.017 0.003
(0.144) (0.129) (0.020) (0.022)
age7 teacher 0.123 -0.058 0.012 0.001
(0.096) (0.066) (0.012) (0.012)
agell teacher -0.010 0.029 -0.028%** 0.023**
(0.098) (0.066) (0.011) (0.010)
age7 hospital 4.582 -37.066** -1.813 0.446
(17.658) (15.121) (2.274) (2.220)
age7 bed -0.446 -0.242 0.002 0.019
(0.318) (0.232) (0.039) (0.039)
age7 _doctor 0.445 0.192 0.134 -0.207%*
(0.726) (0.575) (0.105) (0.105)
Constant 12.076%** 11.198%** 0.469 0.713
(3.384) (2.655) (0.441) (0.438)
Observations 666 666 666 666
R-squared 0.276 0.413 0.117 0.065
Test of excluded  F( 15, 269) F( 15, 269) F( 15, 269) F( 15, 269)
instruments 1.77 4.26 5.24 8.23
P-value 0.039 0.000 0.000 0.000

Notes: Clustered robust standard errors are reported in parentheses. *** Significant
at 1% level, ** Significant at 5% level, * Significant at 10% level.
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Table 4: IV Estimates - Second-stage Regression of Income Model

Variables mlninc_u mlninc_r
startage 0.018 0.167**
(0.041) (0.071)
sch 0.083* 0.111%*
(0.049) (0.064)
ehealth 1.640%* 0.591
(0.812) (0.659)
ghealth 0.219 0.895
(0.839) (0.737)
age 0.084*** 0.046
(0.017) (0.033)
agesq -0.001** -0.000
(0.000) (0.000)
male 0.567*** 1.089%***
(0.078) (0.183)
black -0.033 0.169
(0.082) (0.151)
otherrace -0.018 0.134
(0.057) (0.103)
currgdp 0.051%** 0.050%*
(0.010) (0.020)
fschmiss 0.025 0.118
(0.065) (0.124)
filliterate -0.004 -0.246
(0.123) (0.254)
fupprimary 0.010 -0.130
(0.071) (0.222)
fhighschool 0.150 -0.476
(0.105) (0.387)
fcollege 0.231%* -0.074
(0.126) (0.544)
mschmiss 0.034 0.167
(0.089) (0.145)
milliterate 0.213* 0.478%
(0.112) (0.272)
mupprimary 0.037 -0.490%**
(0.070) (0.234)
mhighschool 0.045 -0.475
(0.093) (0.405)
mcollege -0.118 0.173
(0.145) (0.684)
Constant 1.325%* -0.391
(0.698) (1.046)
Observations 3,235 666
R-squared 0.033 -
Overidentification test of all instruments
Hansen J-statistic 6.703 15.300
P-value 0.823 0.169

Notes: Clustered robust standard errors are reported in parentheses. ***

Significant at 1% level, ** Significant at 5% level, * Significant at 10% level.
R2 is not reported for the rural sample since it’s negative.
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Table 5: Ordered Probit Estimates of Health Model (2a)

Variables Urban 1  Urban 2  Urban 3 Rural 1 Rural 2 Rural 3
startage -0.001 -0.002 0.003 -0.005%* -0.003* 0.008*
(0.001) (0.001) (0.002) (0.003) (0.002) (0.004)
sch -0.007*F%  -0.008%**  (.015%** -0.005 -0.004 0.009
(0.001) (0.001) (0.003) (0.003) (0.002) (0.006)
age 0.006 0.007 -0.013 -0.000 -0.000 0.000
(0.004) (0.005) (0.009) (0.011) (0.008) (0.019)
agesq -0.000 -0.000 0.000 0.000 0.000 -0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
male -0.038%**%  _0.041*F%*  0.079%**  -0.080%**  -0.044%** 0.124%%*
(0.008) (0.009) (0.017) (0.024) (0.012) (0.034)
black 0.010 0.010 -0.020 0.031 0.018 -0.049
(0.016) (0.016) (0.031) (0.051) (0.023) (0.074)
otherrace 0.003 0.003 -0.005 0.07T7*** 0.053%*** -0.131%**
(0.009) (0.010) (0.020) (0.024) (0.018) (0.040)
currgdp -0.007*%%%  -0.008***  0.015%** -0.004 -0.003 0.007
(0.002) (0.003) (0.005) (0.007) (0.005) (0.012)
fschmiss 0.020* 0.021* -0.040* 0.052%** 0.035%* -0.087**
(0.011) (0.011) (0.022) (0.025) (0.016) (0.040)
filliterate 0.002 0.002 -0.003 0.076 0.031%** -0.107
(0.023) (0.025) (0.049) (0.057) (0.012) (0.067)
fupprimary -0.005 -0.005 0.010 0.041 0.021 -0.062
(0.014) (0.017) (0.031) (0.077) (0.027) (0.104)
thighschool -0.006 -0.007 0.014 0.061 0.027 -0.088
(0.018) (0.021) (0.039) (0.088) (0.021) (0.108)
fcollege -0.028 -0.036 0.064 -0.068 -0.079 0.147
(0.019) (0.029) (0.047) (0.060) (0.111) (0.171)
mschmiss 0.001 0.001 -0.002 -0.022 -0.015 0.037
(0.011) (0.012) (0.023) (0.027) (0.019) (0.046)
milliterate 0.046 0.039%* -0.085%* 0.013 0.008 -0.021
(0.029) (0.019) (0.048) (0.055) (0.032) (0.088)
mupprimary -0.002 -0.002 0.004 -0.023 -0.019 0.042
(0.013) (0.015) (0.028) (0.051) (0.049) (0.101)
mhighschool -0.014 -0.016 0.030 -0.020 -0.016 0.035
(0.016) (0.020) (0.035) (0.065) (0.060) (0.124)
mcollege -0.036 -0.051 0.087 -0.085 -0.116 0.200
(0.023) (0.041) (0.064) (0.075) (0.181) (0.255)
age7 _hospital 0.389 0.432 -0.821 0.420 0.294 -0.714
(0.422) (0.472) (0.894) (1.197) (0.836) (2.031)
age7 _bed -0.015%* -0.016%* 0.031%* -0.019 -0.013 0.032
(0.006) (0.007) (0.013) (0.021) (0.014) (0.035)
age7_doctor 0.068%** 0.075%**  -(.142%** 0.020 0.014 -0.033
(0.015) (0.018) (0.033) (0.047) (0.032) (0.079)
Observations 3,235 3,235 3,235 666 666 666

Notes: Marginal effects rather than ordered probit estimates are reported. Clustered robust
standard errors are reported in parentheses. *** Significant at 1% level, ** Significant at
5% level, * Significant at 10% level. Column 1, 2 and 3 correspond to the marginal effects
on the probability that the health index equals 1, 2, and 3 for urban residents, column 4, 5
and 6 correspond to the marginal effects for rural residents.
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Table 6: IV Ordered Probit Estimates - First-stage Regression of Health Model (2a)

Variables startage u sch u startage r sch r
age 0.341%%* 0.495%** 0.235 -0.159
(0.086) (0.060) (0.180) (0.134)
agesq -0.005*** -0.006*** -0.003 0.002
(0.001) (0.001) (0.002) (0.002)
male -1.986*** -0.876*** -2.461%%* -0.974%%%
(0.151) (0.115) (0.350) (0.252)
black -0.619%* -1.127%F -0.840 -0.193
(0.247) (0.239) (0.567) (0.430)
otherrace -0.433%%* -1.070%** -0.597* -0.343
(0.156) (0.129) (0.348) (0.265)
currgdp -0.216%** -0.219%** -0.199 -0.002
(0.046) (0.040) (0.154) (0.111)
fschmiss -1.021%%* -1.194%%%* -0.551 -0.920%**
(0.202) (0.172) (0.363) (0.276)
filliterate -1.255%** -2.229%** 0.517 -1.433%**
(0.453) (0.388) (0.730) (0.443)
fupprimary 0.396 0.904%** 1.716%* 1.722%%%*
(0.248) (0.207) (0.760) (0.624)
fhighschool 1.089*** 1.529%** 2.453** 3.512%%*
(0.271) (0.250) (1.129) (0.565)
fcollege 1.695%%* 2.572%%* 3.581%* 4.708***
(0.341) (0.277) (1.499) (1.027)
mschmiss -0.781%%* -2.054%** -1.061%** -1.942%**
(0.177) (0.156) (0.377) (0.271)
milliterate -1.135%** -1.600%** -1.403** S2.271%¥*
(0.434) (0.355) (0.671) (0.473)
mupprimary 0.903*** 1.046*** 1.938** 1.349*
(0.230) (0.207) (0.806) (0.690)
mhighschool 1.483%%* 1.973%%* 2.988%* 1.482%
(0.288) (0.196) (1.174) (0.777)
mcollege 1.586G*** 2.972%%* -1.513 0.247
(0.513) (0.383) (2.283) (1.695)
age7_hospital 8.983 7.298 -1.957 -31.567**
(9.036) (6.296) (18.744) (14.792)
age7 bed -0.149 -0.050 -0.368 -0.307
(0.137) (0.107) (0.332) (0.236)
age7 doctor 1.289%** 0.581%** 0.920 -0.131
(0.446) (0.287) (0.709) (0.543)
focumiss -0.200 0.141 -0.106 -0.347
(0.341) (0.287) (0.888) (0.658)
fnwork -0.721%%* 0.304 0.159 0.065
(0.219) (0.193) (0.519) (0.418)
fselfemploy -0.400** 0.021 0.098 0.290
(0.178) (0.150) (0.326) (0.247)
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(Continued) Table 6: IV Ordered Probit Estimates - First-stage Regression of Health Model (2a)

Variables startage u sch u startage r sch r
femployer -0.161 0.775%** 0.459 0.563
(0.354) (0.263) (0.980) (0.916)
mocumiss 0.565 0.737 -0.153 0.363
(0.608) (0.518) (0.923) (0.637)
mnwork 0.673%%* 0.694%%* 0.557%* 0.340
(0.169) (0.130) (0.334) (0.335)
mselfemploy 0.049 0.541*** 0.538 0.748
(0.254) (0.194) (0.508) (0.478)
memployer -0.458 0.772 -0.743% -0.554
(0.823) (0.558) (0.447) (0.431)
munsalary -1.659%** -0.430 -1.131% -0.703**
(0.444) (0.336) (0.671) (0.335)
agel2 gdp 0.085 0.268%** 0.101 0.125
(0.066) (0.053) (0.147) (0.095)
age7 _teacher -0.049 -0.041 0.056 -0.011
(0.051) (0.043) (0.105) (0.065)
agell teacher -0.022 -0.063 -0.023 0.039
(0.049) (0.041) (0.078) (0.050)
Constant 11.082%** 0.089 11.750%%* 11.306%**
(1.668) (1.136) (3.491) (2.704)
Observations 3,235 3,235 666 666
Test of excluded instruments
x2(12) 78.48 79.77 35.47 26.38
P-value 0.000 0.000 0.000 0.010

Notes: Clustered robust standard errors are reported in parentheses. *** Significant at 1% level,
** Significant at 5% level, * Significant at 10% level. The first two columns correspond to the first-
stage estimates of the starting age and schooling equations for the urban sample, and the last two
columns correspond to the rural sample.
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Table 7: IV Ordered Probit Estimates - Second-stage Regression of Health Model (2a)

Variables Urban 1  Urban 2  Urban 3 Rural 1 Rural 2 Rural 3
startage 0.010 0.009 -0.018 -0.082%%** -0.003 0.085%%*
(0.011) (0.008) (0.019) (0.021) (0.007) (0.018)
sch -0.032%* -0.028%**%  (.060%** 0.100%** 0.004 -0.105%**
(0.013) (0.006) (0.018) (0.033) (0.009) (0.029)
age 0.013%* 0.011%* -0.024** 0.035 0.001 -0.037*
(0.006) (0.005) (0.011) (0.022) (0.003) (0.022)
agesq -0.000 -0.000 0.000 -0.000 -0.000 0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
male -0.039%* -0.033* 0.073%* -0.129 -0.002 0.131
(0.019) (0.018) (0.036) (0.083) (0.008) (0.084)
black -0.013 -0.012 0.026 -0.032 -0.002 0.034
(0.019) (0.018) (0.037) (0.067) (0.005) (0.071)
otherrace -0.021 -0.019* 0.040 0.027 0.001 -0.028
(0.015) (0.012) (0.027) (0.056) (0.004) (0.061)
currgdp -0.009***  -0.008***  0.017*** -0.022% -0.001 0.023*
(0.003) (0.003) (0.006) (0.012) (0.002) (0.013)
fschmiss 0.002 0.002 -0.004 0.075 0.003 -0.078
(0.017) (0.015) (0.033) (0.052) (0.007) (0.056)
filliterate -0.037 -0.041 0.078 0.229%** -0.013 -0.217%%*
(0.028) (0.034) (0.062) (0.072) (0.013) (0.061)
fupprimary 0.013 0.011 -0.023 -0.013 -0.001 0.014
(0.019) (0.014) (0.033) (0.106) (0.006) (0.111)
thighschool 0.021 0.017 -0.038 -0.129 -0.015 0.144
(0.028) (0.019) (0.046) (0.156) (0.032) (0.179)
fcollege 0.016 0.013 -0.029 -0.205 -0.034 0.239
(0.041) (0.029) (0.070) (0.145) (0.068) (0.192)
mschmiss -0.039%* -0.038%* 0.077* 0.109 0.005 -0.114
(0.023) (0.019) (0.041) (0.081) (0.010) (0.083)
milliterate 0.014 0.012 -0.026 0.133 -0.002 -0.131
(0.034) (0.027) (0.062) (0.097) (0.008) (0.090)
mupprimary 0.014 0.012 -0.026 0.019 0.001 -0.020
(0.020) (0.015) (0.034) (0.105) (0.003) (0.107)
mhighschool 0.017 0.014 -0.030 0.083 0.000 -0.083
(0.027) (0.019) (0.046) (0.133) (0.007) (0.128)
mcollege 0.006 0.005 -0.012 -0.184 -0.029 0.212
(0.041) (0.033) (0.074) (0.143) (0.063) (0.191)
age7 _hospital 0.258 0.229 -0.487 3.461 0.147 -3.608
(0.482) (0.441) (0.921) (2.432) (0.320) (2.486)
age7 _bed -0.012%* -0.011 0.023* -0.002 -0.000 0.002
(0.007) (0.007) (0.014) (0.033) (0.001) (0.034)
age7_doctor 0.065%** 0.058***  -(.124%** 0.084 0.004 -0.088
(0.019) (0.023) (0.040) (0.072) (0.008) (0.076)
Observations 3,235 3,235 3,235 666 666 666

Notes: Marginal effects are reported rather than probit coefficients. Clustered robust
standard errors are reported in parentheses. *** Significant at 1% level, ** Significant
at 5% level, * Significant at 10% level. Column 1, 2 and 3 correspond to the marginal
effects on the probability that the health index equals 1, 2 and 3 for the urban residents,
and the column 4, 5 and 6 correspond to the marginal effects for the rural residents.
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Table 8: Probit Estimates of Health Model(2b)

Variables Urban Rural
startage -0.005*** -0.010%**
(0.002) (0.004)
sch 0.001 0.003
(0.002) (0.006)
age -0.003 0.010
(0.007) (0.016)
agesq 0.000 -0.000
(0.000) (0.000)
male -0.039%** -0.016
(0.014) (0.036)
black 0.016 -0.024
(0.029) (0.050)
otherrace 0.030* -0.012
(0.017) (0.036)
currgdp -0.017%** 0.002
(0.004) (0.010)
fschmiss -0.007 0.090**
(0.017) (0.039)
filliterate 0.087* 0.127
(0.050) (0.097)
fupprimary -0.037* 0.141
(0.023) (0.141)
thighschool -0.011 0.026
(0.030) (0.118)
fcollege -0.037 -0.077
(0.038) (0.106)
mschmiss -0.029 0.001
(0.018) (0.041)
milliterate 0.027 -0.017
(0.042) (0.069)
mupprimary 0.028 -0.064
(0.028) (0.084)
mhighschool -0.010 0.052
(0.031) (0.112)
mcollege 0.013 0.069
(0.057) (0.229)
age7 hospital -0.790 1.268
(0.900) (1.628)
age7 bed -0.004 -0.045
(0.012) (0.028)
age7 doctor 0.061** 0.015
(0.030) (0.068)
Observations 3,235 666

Notes: Marginal effects are reported rather than probit coefficients. Clustered robust
standard errors are reported in parentheses. *** Significant at 1% level, ** Significant
at 5% level, * Significant at 10% level.
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Table 9: IV Probit Estimates - First-stage Regression of Health Model (2b)

Variables startage u sch u startage r sch r
age 0.332%%* 0.501%%* 0.188 -0.138
(0.085) (0.060) (0.332) (0.145)
agesq -0.005*** -0.006*** -0.002 0.002
(0.001) (0.001) (0.003) (0.002)
male -1.985*** -0.876%** -2.4277F%* -0.995*
(0.151) (0.115) (0.511) (0.567)
black -0.617** -1.126%%* -0.873 -0.165
(0.248) (0.237) (1.881) (1.981)
otherrace -0.432%*%* -1.070%** -0.586* -0.348
(0.155) (0.128) (0.338) (0.442)
currgdp -0.215%** -0.223%%* -0.180 -0.002
(0.046) (0.040) (0.445) (0.126)
fschmiss -1.031%** S1.187%** -0.534 -0.932%**
(0.202) (0.173) (0.760) (0.281)
filliterate -1.255%** -2.232%** 0.518 -1.437
(0.449) (0.386) (1.749) (0.889)
fupprimary 0.397 0.903%** 1.639* 1.767+%*
(0.248) (0.207) (0.869) (0.545)
fthighschool 1.093%%* 1.531%%* 2.472%% 3.520%**
(0.272) (0.252) (1.100) (0.996)
fcollege 1.696*** 2.572%%* 3.436** 4.825%%*
(0.340) (0.277) (1.457) (0.864)
mschmiss -0.787H** -2.052%%* -1.084%* -1.921%%*
(0.179) (0.157) (0.601) (0.324)
milliterate -1.137%%* -1.597%** -1.404 -2.268%**
(0.433) (0.351) (1.689) (0.854)
mupprimary 0.910%** 1.044%** 1.983* 1.314
(0.230) (0.207) (1.167) (0.862)
mhighschool 1.502%%* 1.972%%* 2.870 1.584
(0.288) (0.196) (4.285) (2.096)
mcollege 1.609%** 2.966%** -1.634 0.323
(0.514) (0.381) (2.534) (2.068)
age7_hospital 9.169 7.687 -0.979 -34.170%
(8.900) (6.308) (55.783) (18.965)
age7 bed -0.152 -0.056 -0.407 -0.262
(0.135) (0.105) (0.352) (0.355)
age7 doctor 1.216%** 0.605** 0.512 0.157
(0.430) (0.284) (1.252) (0.496)
focumiss -0.145 0.106 -0.240 -0.264
(0.337) (0.282) (0.847) (0.932)
fnwork -0.705%*%* 0.277 0.256 0.088
(0.218) (0.204) (0.742) (0.843)
fselfemploy -0.390%** 0.022 0.141 0.291
(0.175) (0.150) (0.290) (0.226)
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(Continued) Table 9: IV Probit Estimates - First-stage Regression of Health Model (2b)

Variables startage u sch_u startage r sch r
femployer -0.225 0.825%** 0.270 0.762
(0.329) (0.254) (1.681) (1.329)
mocumiss 0.702 0.659 -0.456 0.537
(0.598) (0.494) (0.922) (1.950)
mnwork 0.721%%* 0.672%%* 0.183 0.608
(0.160) (0.137) (0.478) (0.491)
mselfemploy 0.100 0.530%*** 0.371 0.878*
(0.249) (0.198) (1.322) (0.468)
memployer -0.351 0.477 -2.356 0.182
(0.777) (0.575) (2.415) (1.007)
munsalary -1.597%** -0.415 -1.414 -0.485
(0.438) (0.338) (0.901) (1.011)
agel2 gdp 0.075 0.280*** 0.070 0.126
(0.061) (0.049) (0.380) (0.208)
age7 _teacher -0.050 -0.043 0.143* -0.069
(0.049) (0.040) (0.081) (0.148)
agell teacher -0.006 -0.067* -0.025 0.037
(0.046) (0.041) (0.092) (0.109)
Constant 11.212%%* -0.028 12.743 10.850%**
(1.642) (1.130) (8.587) (3.754)
Observations 3,235 3,235 666 666
Test of excluded instruments
x2(12) 80.32 77.10 91.63 33.47
P-value 0.000 0.000 0.000 0.010

Notes: Clustered robust standard errors are reported in parentheses. *** Significant
at 1% level, ** Significant at 5% level, * Significant at 10% level.
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Table 10: IV Probit Estimates - Second-stage Regression of Health Model (2b)

Variables Urban Rural
startage -0.021%** -0.091%**
(0.008) (0.018)
sch -0.014 0.094
(0.013) (0.069)
age 0.009 0.036
(0.009) (0.023)
agesq -0.000 -0.000
(0.000) (0.000)
male -0.085*** -0.128
(0.021) (0.112)
black -0.014 -0.061
(0.029) (0.065)
otherrace 0.004 -0.024
(0.020) (0.035)
currgdp -0.022%** -0.018
(0.004) (0.037)
fschmiss -0.043* 0.072%*
(0.022) (0.037)
filliterate 0.020 0.230
(0.052) (0.274)
fupprimary -0.016 0.042
(0.027) (0.158)
thighschool 0.035 -0.095
(0.038) (0.232)
fcollege 0.035 -0.151
(0.055) (0.331)
mschmiss -0.071%* 0.092
(0.028) (0.210)
milliterate -0.019 0.084
(0.042) (0.132)
mupprimary 0.059%* 0.034
(0.032) (0.149)
mhighschool 0.043 0.156
(0.043) (0.424)
mcollege 0.079 -0.120
(0.079) (0.110)
age7 hospital -0.601 3.212
(0.961) (6.224)
age7 bed -0.006 -0.017
(0.012) (0.050)
age7 doctor 0.082%** 0.072
(0.032) (0.073)
Observations 3,235 666
Overidentification test
x2(10) = 4.427 x2(9) = 4.9018
P-value 0.937 0.843

Notes: Marginal effects are reported rather than probit coeficients. Clustered robust standard errors
are reported in parentheses. *** Significant at 1% level, ** Significant at 5% level, * Significant at
10% level. The Amemiya-Lee-Newey statistics for overidentification test of instruments are reported.
The overidentification test statistic for the rural sample is distributed as x2(9) since the instrument
“memployer” predicts failure perfectly in the estimation process and is omitted.
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Table 12: IV Ordered Probit Estimates - Second-stage Regression of Health Model (2a) with Full Sample

Variables Urban 1  Urban 2  Urban 3 Rural 1 Rural 2 Rural 3
startage -0.005 -0.003 0.009 -0.032 -0.007%** 0.039*
(0.007) (0.004) (0.011) (0.020) (0.003) (0.023)
sch -0.028%**%  _0.018%*F*  (.046%** 0.017 0.004 -0.021
(0.010) (0.005) (0.015) (0.051) (0.010) (0.061)
age 0.013%** 0.009***  -(0.022%** -0.002 -0.000 0.002
(0.005) (0.003) (0.007) (0.009) (0.002) (0.011)
agesq -0.000 -0.000* 0.000 0.000 0.000 -0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
male -0.068%**%  -0.043%F*  Q.111%**  -0.144%%*  _0.025%** 0.169%**
(0.012) (0.009) (0.020) (0.028) (0.009) (0.028)
black -0.011 -0.007 0.018 0.043 0.006* -0.049
(0.015) (0.010) (0.025) (0.047) (0.003) (0.049)
otherrace 0.000 0.000 -0.001 0.049* 0.011%* -0.060**
(0.012) (0.008) (0.020) (0.025) (0.005) (0.029)
currgdp -0.008%**  -0.005%**  0.014***  -0.025%**  -0.006%** 0.031%**
(0.002) (0.001) (0.003) (0.008) (0.002) (0.009)
fschmiss -0.014 -0.009 0.023 0.040 0.009 -0.048
(0.015) (0.009) (0.024) (0.049) (0.009) (0.058)
filliterate -0.021 -0.015 0.035 0.054 0.007*** -0.061
(0.022) (0.017) (0.039) (0.086) (0.002) (0.088)
fupprimary 0.003 0.002 -0.005 -0.006 -0.001 0.008
(0.014) (0.008) (0.022) (0.080) (0.020) (0.100)
fhighschool 0.020 0.011 -0.031 0.021 0.004 -0.025
(0.024) (0.012) (0.036) (0.144) (0.020) (0.164)
fcollege 0.007 0.004 -0.012 -0.108 -0.061 0.170
(0.033) (0.019) (0.052) (0.137) (0.127) (0.264)
mschmiss -0.032%* -0.021%* 0.053* 0.034 0.008 -0.042
(0.017) (0.011) (0.028) (0.075) (0.015) (0.091)
milliterate -0.018 -0.013 0.031 -0.000 -0.000 0.000
(0.024) (0.018) (0.041) (0.075) (0.017) (0.092)
mupprimary 0.030%* 0.017%* -0.047* -0.028 -0.008 0.037
(0.018) (0.008) (0.026) (0.055) (0.020) (0.074)
mhighschool 0.046* 0.023%** -0.070%* 0.058 0.006** -0.064
(0.026) (0.009) (0.034) (0.112) (0.003) (0.112)
mcollege 0.021 0.012 -0.033 -0.116 -0.070 0.186
(0.036) (0.017) (0.054) (0.132) (0.132) (0.265)
age7 _hospital 0.374 0.238 -0.612 -1.575 -0.354 1.930
(0.331) (0.215) (0.545) (1.308) (0.372) (1.655)
age7 _bed -0.016%**  -0.010%**  0.026%** 0.019 0.004 -0.023
(0.005) (0.004) (0.009) (0.016) (0.003) (0.020)
age7_doctor 0.067*** 0.043***  -0.110%** -0.006 -0.001 0.008
(0.014) (0.011) (0.024) (0.034) (0.008) (0.042)
Observations 6,439 6,439 6,439 1,573 1,573 1,573

Notes: Marginal effects are reported rather than probit coefficients. Clustered robust standard errors are
reported in parentheses. *** Significant at 1% level, ** Significant at 5% level, * Significant at 10% level.
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Table 13: IV Probit estimates - Second-stage Regression of Health Model(2b) with Full Sample

Variables Urban Rural
startage -0.019%** -0.057***
(0.006) (0.006)
sch -0.019* 0.035%**
(0.011) (0.013)
age 0.015%* 0.011
(0.006) (0.011)
agesq -0.000* -0.000
(0.000) (0.000)
male -0.087*** -0.122%%%*
(0.014) (0.026)
black -0.021 0.012
(0.023) (0.041)
otherrace 0.017 -0.000
(0.016) (0.025)
currgdp -0.018%** -0.013
(0.003) (0.008)
fschmiss -0.032* 0.046
(0.018) (0.028)
filliterate -0.021 0.081
(0.034) (0.056)
fupprimary 0.020 0.038
(0.020) (0.093)
thighschool 0.033 -0.040
(0.032) (0.089)
fcollege 0.051 -0.028
(0.047) (0.129)
mschmiss -0.061%** 0.024
(0.020) (0.034)
milliterate -0.015 0.023
(0.031) (0.049)
mupprimary 0.063** -0.005
(0.025) (0.070)
mhighschool 0.096%** 0.121
(0.037) (0.090)
mcollege 0.155%* -0.085
(0.061) (0.110)
age7 hospital 0.502 0.731
(0.559) (1.167)
age7 bed -0.015* -0.021
(0.009) (0.017)
age7 doctor 0.075%** -0.014
(0.024) (0.045)
Observations 6,439 1,573
Overidentification test
x2(10) = 7.143 x2(10) = 13.690
P-value 0.712 0.188

Notes: Marginal effects are reported rather than probit coeficients. Clustered robust standard errors
are reported in parentheses. *** Significant at 1% level, ** Significant at 5% level, * Significant at
10% level. The Amemiya-Lee-Newey statistics for overidentification test of instruments are reported.
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Figure 1: Distribution of Age Started to Work (%)
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Figure 2: Log-earnings by Age Started to Work
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Note: The observations when startage<=6 or startage>=21 are collapsed into two separate groups.
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Figure 3: Health Score by Age Started to Work

Health index
2
|

15

7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23
Age started to work

o -

Urban —#&—— Rural

Note: The observations when startage<=6 or startage>=21 are collapsed into two separate groups.

Figure 4a: Years of Schooling by Age Started to Work
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Years of schooling

Figure 4b: Years of Schooling by Age Started to Work
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Appendix

Table A.1. Variable Definitions

Variable Definition

mininc Log of monthly income

chealth Self-assessed health index

ehealth 1 if report very good or excellent health, 0 otherwise

ghealth 1 if report good health, 0 otherwise

phealth 1 if report poor or average health, 0 otherwise (reference group)
hproblem 1 if report having health problems that require constant monitoring, 0 otherwise
sch Years of schooling

startage Age started to work

age Age

agesq Age-squared

male 1 if male, 0 otherwise

black 1 if black people, 0 otherwise

otherrace 1 if mixed-raced or Indian people, 0 otherwise

white 1 if white people, 0 otherwise (reference group)

currgdp GDP per capita of the state where the individual currently reside

Father’s education

fschmiss 1 if father’s schooling information is missing, 0 otherwise

filliterate 1 if father illiterate, 0 otherwise

flowprimary 1 if father some or completed lower primary, 0 otherwise (reference group)
fupprimary 1 if father some or completed upper primary, 0 otherwise

fhighschool 1 if father some or completed high school, 0 otherwise

feollege 1 if father some or completed college, 0 otherwise

Mother’s education

mschmiss 1 if mother’s schooling information is missing, 0 otherwise
milliterate 1 if mother illiterate, 0 otherwise

mlowprimary 1 if mother some or completed lower primary, 0 otherwise (reference group)
mupprimary 1 if mother some or completed upper primary, 0 otherwise
mhighschool 1 if mother some or completed high school, 0 otherwise
mcollege 1 if mother some or completed college, 0 otherwise
Father’s occupation

focumiss 1 if father’s occupation information is missing, 0 otherwise
fnwork 1 if father doesn’t work, 0 otherwise

fselfemploy 1 if father is self-employed, 0 otherwise

femployee 1 if father is an employee, 0 otherwise (reference group)
femployer 1 if father is an employer, 0 otherwise

Mother’s occupation

mocumiss 1 if mother’s occupation information is missing, 0 otherwise

mnwork 1 if mother doesn’t work, 0 otherwise

mselfemploy 1 if mother is self-employed, 0 otherwise

memployee 1 if mother is an employee, 0 otherwise (reference group)

memployer 1 if mother is an employer, 0 otherwise

munsalaried 1 if mother works without a salary, 0 otherwise

agel2 gdp GDP per capita of the state where the individual lived when 12 years old

age7_teacher
agell teacher
age7_hospital
age7 bed
age7_ doctor

# of teachers per school in the state where the individual lived when 7 years old

# of teachers per school in the state where the individual lived when 11 years old

# of hospitals per 1000 inhabitants in the state where the individual lived when 7 years old
# of beds per 1000 inhabitants in the state where the individual lived when 7 years old

# of doctors per 1000 inhabitants in the state where the individual lived when 7 years old
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Table A.2: Ordered Probit Estimates of Health Model (2a) with Full Sample

Variables Urban 1  Urban 2  Urban 3 Rural 1 Rural 2 Rural 3
startage -0.002%F%  -0.002%%*  0.004***  -0.006*%**  -0.002%** 0.008%**
(0.001) (0.001) (0.001) (0.002) (0.001) (0.003)
sch -0.008%**  -0.006*%**  0.014***  -0.009%**  -0.002%** 0.012%%*
(0.001) (0.001) (0.002) (0.003) (0.001) (0.004)
age 0.005 0.004 -0.009 -0.005 -0.001 0.007
(0.003) (0.002) (0.006) (0.008) (0.002) (0.011)
agesq 0.000 0.000 -0.000 0.000 0.000 -0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
male -0.056%*%*  -0.040%**  0.096***  -0.103%**  -0.023%** 0.125%%*
(0.007) (0.005) (0.011) (0.017) (0.005) (0.020)
black 0.011 0.007 -0.019 0.042 0.007** -0.050
(0.013) (0.008) (0.022) (0.038) (0.003) (0.041)
otherrace 0.021%** 0.015%**  -0.036*** 0.045** 0.012%* -0.056**
(0.008) (0.005) (0.013) (0.020) (0.006) (0.025)
currgdp -0.006%**  -0.004*%**  0.011%**  -0.020%**  -0.005%** 0.025%**
(0.002) (0.001) (0.003) (0.006) (0.002) (0.008)
fschmiss 0.016* 0.011* -0.027* 0.031 0.008 -0.040
(0.009) (0.006) (0.015) (0.019) (0.005) (0.024)
filliterate 0.018 0.011 -0.029 0.012 0.003 -0.015
(0.020) (0.012) (0.031) (0.035) (0.007) (0.043)
fupprimary -0.015 -0.012 0.027 0.003 0.001 -0.004
(0.011) (0.009) (0.021) (0.052) (0.013) (0.064)
thighschool -0.022 -0.017 0.039 0.035 0.006 -0.041
(0.014) (0.013) (0.027) (0.077) (0.007) (0.084)
fcollege -0.050%**%  -0.047** 0.097*** -0.088 -0.051 0.138
(0.015) (0.019) (0.034) (0.079) (0.078) (0.157)
mschmiss 0.008 0.006 -0.014 0.007 0.002 -0.009
(0.009) (0.006) (0.015) (0.021) (0.005) (0.026)
milliterate 0.018 0.012 -0.030 -0.014 -0.004 0.018
(0.022) (0.013) (0.035) (0.038) (0.013) (0.051)
mupprimary 0.006 0.004 -0.011 -0.040 -0.015 0.056
(0.013) (0.008) (0.021) (0.046) (0.024) (0.069)
mhighschool -0.003 -0.002 0.005 0.016 0.004 -0.020
(0.015) (0.011) (0.025) (0.073) (0.013) (0.087)
mcollege -0.036 -0.031 0.067 -0.062 -0.029 0.090
(0.022) (0.024) (0.046) (0.109) (0.077) (0.186)
age7 _hospital 0.392 0.279 -0.670 -1.421 -0.374 1.796
(0.312) (0.223) (0.535) (1.040) (0.289) (1.323)
age7 _bed -0.018%**%  .0.013%*%*  (.031%** 0.011 0.003 -0.014
(0.005) (0.003) (0.008) (0.015) (0.004) (0.019)
age7_doctor 0.065%** 0.046***  -0.112%** -0.010 -0.003 0.013
(0.012) (0.009) (0.020) (0.033) (0.009) (0.042)
Observations 6,439 6,439 6,439 1,573 1,673 1,673

Notes: Marginal effects rather than ordered probit estimates are reported. Clustered robust
standard errors are reported in parentheses. *** Significant at 1% level, ** Significant at
5% level, * Significant at 10% level.
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Table A.3: IV Ordered Probit Estimates - First-stage Regression of Health Model (2a) with Full Sample

Variables startage u sch u startage r sch r
age 0.247%%* 0.434%%* 0.164 0.031
(0.060) (0.040) (0.102) (0.074)
agesq -0.004*** -0.006*** -0.002* -0.001
(0.001) (0.001) (0.001) (0.001)
male -1.775%%* -0.351%%* -2.136%** -0.493%%*
(0.113) (0.082) (0.220) (0.128)
black -0.487** -0.953%%* -0.760* -0.538%*
(0.203) (0.171) (0.397) (0.275)
otherrace -0.253%* -0.931%%* -0.306 -0.352%*
(0.118) (0.093) (0.219) (0.177)
currgdp -0.167*** -0.131%*%*  _(0.259%** -0.014
(0.032) (0.025) (0.090) (0.070)
fschmiss -0.903%** -1.296%** -0.700%** -1.077%**
(0.146) (0.107) (0.234) (0.160)
filliterate -1.133%** -1.700%** 0.302 -1.324%%*
(0.319) (0.277) (0.360) (0.284)
fupprimary 0.439** 0.868%** 1.315%* 1.683%%*
(0.187) (0.145) (0.660) (0.562)
fthighschool 1.316%** 1.827%%* 2.459%** 3.023%**
(0.194) (0.182) (0.890) (0.586)
feollege 1.750%%* 2.753%%* 3.101%* 4.422%%*
(0.271) (0.215) (1.440) (0.967)
mschmiss -0.984%F*F ] 8TI¥FEF _0.61TF** -1.669%**
(0.129) (0.110) (0.228) (0.161)
milliterate -0.917*** -1.660*** -0.97T*** -1.642%%*
(0.290) (0.254) (0.361) (0.285)
mupprimary 0.648%** 1.073%** 1.210 0.997**
(0.182) (0.164) (0.749) (0.490)
mhighschool 1.570%** 2.208%** 3.733%%* 2.702%**
(0.204) (0.153) (0.890) (0.636)
mcollege 1.782%%* 3.163%** 0.067 3.590*
(0.377) (0.309) (1.669) (1.896)
age7_hospital 3.295 2.758 -15.228 -8.149
(6.290) (4.077) (11.207) (9.305)
age7 bed -0.087 0.035 0.009 -0.218%*
(0.101) (0.071) (0.189) (0.132)
age7 doctor 0.769** 0.193 -0.110 -0.307
(0.352) (0.214) (0.465) (0.351)
focumiss 0.072 0.215 0.046 -0.100
(0.270) (0.202) (0.760) (0.483)
fnwork -0.444%%% 0.125 -0.180 -0.196
(0.169) (0.137) (0.361) (0.256)
fselfemploy -0.717*** -0.040 -0.556%** 0.106
(0.139) (0.103) (0.257) (0.152)
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(Continued) Table A.3: IV Ordered Probit Estimates - First-stage Regression of Health Model (2a) with Full Sample

Variables startage u sch_u startage r sch r
femployer -0.416* 0.890*** 0.232 0.841%*
(0.250) (0.226) (0.733) (0.451)
mocumiss 0.383 0.827** -0.335 1.470%*
(0.532) (0.388) (0.884) (0.591)
mnwork 0.857*** 0.743%%* 0.437 0.687**
(0.109) (0.101) (0.349) (0.331)
mselfemploy -0.007 0.505*** 0.188 0.842%**
(0.167) (0.129) (0.400) (0.299)
memployer -0.067 1.135%** -0.185 3.604*
(0.495) (0.439) (1.021) (2.042)
munsalary -1.536%** -0.344 -1.453%** -0.173
(0.259) (0.220) (0.401) (0.317)
agel2 gdp -0.007 0.187*** 0.200%** 0.147**
(0.049) (0.035) (0.097) (0.074)
age7 teacher -0.022 -0.025 0.163%* 0.014
(0.037) (0.033) (0.077) (0.061)
agell teacher 0.018 -0.053 -0.147%%* 0.028
(0.038) (0.034) (0.055) (0.054)
Constant 12.492%%%* 0.659 12.790*** 6.146%**
(1.195) (0.759) (2.090) (1.533)
Observations 6,439 6,439 1,573 1,573
Test of excluded instruments
X2(12) 201.75 121.63 109.30 52.42
P-value 0.000 0.000 0.000 0.000

Notes: Clustered robust standard errors are reported in parentheses. *** Significant at 1% level, ** Significant at
5% level, * Significant at 10% level.
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Table A.4: Probit Estimates of Health Model(2b) with Full Sample

Variables Urban Rural
startage -0.005*** -0.005*
(0.001) (0.003)
sch -0.001 -0.008**
(0.002) (0.004)
age 0.005 0.006
(0.005) (0.011)
agesq -0.000 -0.000
(0.000) (0.000)
male -0.059%*** -0.034
(0.010) (0.021)
black 0.003 0.015
(0.022) (0.042)
otherrace 0.039%** -0.009
(0.012) (0.025)
currgdp -0.015%** -0.003
(0.003) (0.008)
fschmiss 0.004 0.047%*
(0.013) (0.026)
filliterate 0.028 0.013
(0.034) (0.044)
fupprimary -0.004 0.045
(0.018) (0.100)
thighschool -0.023 -0.053
(0.024) (0.081)
fcollege -0.031 -0.020
(0.031) (0.127)
mschmiss -0.016 -0.014
(0.013) (0.027)
milliterate 0.029 0.015
(0.031) (0.046)
mupprimary 0.035%* -0.051
(0.021) (0.065)
mhighschool 0.033 0.003
(0.026) (0.092)
mcollege 0.074 0.035
(0.046) (0.206)
age7 hospital 0.453 1.507
(0.547) (1.224)
age7 bed -0.017** -0.042%*
(0.008) (0.018)
age7 doctor 0.066*** -0.015
(0.023) (0.046)
Observations 6,439 1,573

Notes: Marginal effects are reported rather than probit coefficients. Clustered
robust standard errors are reported in parentheses. *** Significant at 1%
level, ** Significant at 5% level, * Significant at 10% level.
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Table A.5: IV Probit Estimates - first-stage Regression of Health Model(2b) with Full Sample

Variables startage u sch u sartage r sch r
age 0.250%** 0.439%** 0.146 0.036
(0.060) (0.040) (0.099) (0.073)
agesq -0.004*** -0.006*** -0.002 -0.001
(0.001) (0.001) (0.001) (0.001)
male -1.775%%* -0.350%**  _2.137F** -0.494%%*
(0.112) (0.082) (0.216) (0.125)
black -0.485** -0.953%%* -0.737* -0.543%*
(0.200) (0.170) (0.381) (0.263)
otherrace -0.253** -0.931%%* -0.291 -0.355%*
(0.117) (0.093) (0.211) (0.172)
currgdp -0.171%%* -0.135%*%*  .(.233%** -0.020
(0.032) (0.025) (0.085) (0.069)
fschmiss -0.898%** -1.289%*%*  _(0.691%** -1.078%**
(0.145) (0.107) (0.227) (0.154)
filliterate -1.132%%%* -1.698%** 0.314 -1.329%%*
(0.320) (0.279) (0.344) (0.279)
fupprimary 0.440** 0.868%** 1.273%* 1.696%**
(0.187) (0.145) (0.625) (0.590)
fthighschool 1.319%%* 1.828%%* 2.459%** 3.025%**
(0.193) (0.183) (0.869) (0.561)
feollege 1.752%%* 2.756%%* 3.013%* 4.452%%*
(0.267) (0.214) (1.375) (0.917)
mschmiss -0.985%%* -1.869%*F*  _0.627%** -1.666%***
(0.128) (0.110) (0.221) (0.160)
milliterate -0.913%%* -1.656%*%*  -(0.088%** -1.639%%*
(0.286) (0.254) (0.342) (0.275)
mupprimary 0.646%** 1.068*** 1.187 1.002**
(0.181) (0.164) (0.768) (0.488)
mhighschool 1.562%%* 2.192%%* 3.702%** 2.718%**
(0.199) (0.153) (0.889) (0.616)
mcollege 1.767%%* 3.140%** 0.009 3.616%*
(0.379) (0.309) (1.438) (1.740)
age7_hospital 3.537 3.071 -11.209 -9.498
(6.208) (4.069)  (10.933) (9.015)
age7 bed -0.090 0.030 -0.074 -0.193
(0.101) (0.071) (0.182) (0.130)
age7 doctor 0.766** 0.195 -0.426 -0.207
(0.341) (0.214) (0.455) (0.336)
focumiss 0.055 0.191 -0.040 -0.084
(0.259) (0.209) (0.647) (0.499)
fnwork -0.496*** 0.057 -0.024 -0.229
(0.162) (0.140) (0.362) (0.246)
fselfemploy -0.710%** -0.049 -0.356 0.053
(0.135) (0.103) (0.235) (0.155)
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Table A.5: IV Probit Estimates - first-stage Regression of Health Model(2b) with Full Sample

Variables startage u sch_u sartage 1 sch r
femployer -0.399 0.927%%* 0.409 0.800%*
(0.248) (0.225) (0.670) (0.439)
mocumiss 0.433 0.782%* -0.014 1.350%*
(0.502) (0.399) (0.707) (0.587)
mnwork 0.834%** 0.705%%* 0.236 0.766***
(0.105) (0.102) (0.266) (0.188)
mselfemploy -0.035 0.481*** 0.003 0.897***
(0.163) (0.134) (0.355) (0.284)
memployer -0.152 1.042%* -0.554 3.764%**
(0.471) (0.454) (0.819) (1.456)
munsalary S1.57TH** -0.401* -1.652%%* -0.099
(0.256) (0.220) (0.298) (0.212)
agel2 gdp 0.000 0.196%%*  0.146* 0.161%*
(0.049) (0.035) (0.089) (0.077)
age7 teacher -0.021 -0.022 0.235%%* -0.006
(0.036) (0.031) (0.070) (0.062)
agell teacher 0.016 -0.058* -0.115%* 0.015
(0.036) (0.033) (0.054) (0.046)
Constant 12.453%** 0.604 13.049%** 6.064%**
(1.191) (0.762) (2.001) (1.508)
Observations 6,439 6,439 1,573 1,573
Test of excluded instruments
X2(12) 206.06 120.52 142.27 56.36
P-value 0.000 0.000 0.000 0.000

Notes: Clustered robust standard errors are reported in parentheses. *** Significant at 1%
level, ** Significant at 5% level, * Significant at 10% level.
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