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Introduction

This volume deals with inequality. Isolating the roots of inequality in a region as
vast and diverse as Latin America requires an undertaking beyond the narrow
focus of the present volume. Most studies on Latin America point to the growing diversity in the region’s labor markets; the Mexico/Central American region
is characterized by informality, outmigration, and low productivity, while the
Southern region has benefitted from higher average levels of schooling and less
ethnic diversity, though overall, the region has very high levels of income inequality. Nonetheless, this volume demonstrates, both from a macroeconomic perspective of the entire region and via two country-level studies, that a few prominent
causes of inequality are pervasive and empirically evident. The evidence presented
here, while far from comprehensive, points to three specific causes of inequality
that are suggestive of shared features of inequality across Latin America.
First there are sectoral differences in productivity that are closely related to
declining shares of labor in agriculture and increases in the share of small firms
operating in the informal services sector. Second, the growth of the informal services sector is the result of the migration from rural areas to the urban informal
service sector because of a relative decline of manufacturing and deindustrialization. Third, compared to observations from East Asian economies, this trend has
prevented the services sector from playing a leading role in Latin American economic growth due to the size of the high-skilled services sector in Latin America being relatively small; that is, the region does not have the average levels of
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education and the skilled labor to support a dynamic services sector that is capable
of absorbing a high proportion of surplus labor. Hence, inequality as employed
in this volume either results in sectoral differences in earnings or, at least, has a
significant impact on labor market outcomes. The first chapter in this collection is
a macroeconomic examination of aspects of Latin American inequality in terms
of these factors. Using microdata, the second chapter, a country study, follows
with an examination of the causes of earnings inequality. The third chapter, also
a country study, focuses on child labor stemming from household shocks and
inequality in terms of household wealth, education, etc. While the country studies employ wider sets of explanatory variables, both chapters empirically demonstrate the significant impacts of informal labor, rural migration, and education
on labor market-related inequalities. While both country studies examine Peru
and, thus, admittedly narrow the diversity of data sources, it is notable that Peru
is also a country for which more extensive good quality data are available from
international bodies. For that reason, it is often chosen for research on inequality
and development change in Latin America. The longitudinal data from Peruvian
households that is employed in the final chapter reflects this assessment.
Latin America has suffered a decline in labor productivity during recent
decades. This has had significant consequences for the region’s economic growth
and income inequality. A major issue that is prominent in the field is the cause
of the region’s productivity decline. In many developing countries, productivity
declines in recent decades have corresponded with a major shift to services provision. This is due to their manufacturing sectors having been prematurely exposed
to international competition as a result of globalization. It is also in contrast to
developed economies that outsourced industrial production abroad and focused
on expanding their services sectors as a deliberate policy choice. The chapter by
Bezares Calderón investigates this premature deindustrialization hypothesis for
Latin America, explores the impact the shift has brought about in the sectoral
composition of Latin American economies, estimates the distributional consequences of this shift, and offers evidence of increased income inequality.
The evidence from the existing research that Bezares Calderón examines singles out bulging informal service sectors as the main problem for Latin America’s
economic development; over 1954–2011, the informal sector accounted for 53%
of the jobs in Latin America. The three factors listed above are closely related to
Latin America’s inequality. Rodrick (2013, 2015) sums up their relationship as
follows. Deindustrialization limits the capacity of the manufacturing sector to
absorb rural labor migration. One successful alternative, adopted by East Asian
economies, is to promote the services sector as the engine of growth. However,
for that to happen, the sector must be able to rely on highly skilled labor which
requires high levels of education. The Latin America services sector does not have
sufficient high-skilled labor to act as a leading engine of economic growth. As
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a result, rural migration has led to the rapid growth of a large informal sector
of self-employed/small firms with low levels of productivity. Due to outmigration, the share of agricultural labor in the region has declined, manufacturing has
absorbed less than 20% of these workers whereas the services sector has absorbed
most, mainly in informal services. This combination of (a) rural migration, (b) an
informal sector that is increasing in size, and (c) relatively low levels of skilled
labor and education have resulted in significant sectoral inequality in earnings
and incomes in Latin America. The author provides empirical evidence on the
contribution of these factors to the Latin American pattern of inequality and
development.
Bezares Calderón first spells out the econometric methods employed to test
for evidence of joint movement between the time-series of productivity and industrial growth. The chapter then explores premature deindustrialization in terms of
the growth rate of labor in manufacturing as a share of total employment of other
sectors, a particularly important step for capturing the overall effect of the informal service sector on lagging productivity. Finally, the paper explores the scope
of wage inequality by regressing the Gini Index of income inequality on employment for each of the main sectors defined by the population share employed. The
author applies this empirical strategy to nine Latin American countries (Argentina, Bolivia, Brazil, Chile, Colombia, Costa Rica, Mexico, Peru and Venezuela)
employing, among others, data from the Penn World Table and from the World
Income Inequality Database.
The co-
integration test suggests there is no long-
r un joint movement
between labor productivity and manufacturing growth. Moreover, separately
estimating a two-equation productivity-g rowth model of deindustrialization
for each country reveals that increases in imports reduced the size of the manufacturing sector in Latin America during the 1980s and 1990s. The paper then
moves to identify the distributional effects of deindustrialization, presenting
empirical evidence that while the shares of labor employed in the service sector
and in agriculture correspond with higher levels of sectoral income inequality,
with Gini measures of 0.34 and 0.11 respectively, and the Gini Index for the
share of labor in manufacturing recording a reduction of 0.4 points. This outcome highlights how Latin America’s inequality is generated by differences in
the sectoral shares of labor as outlined earlier. The author lists several caveats,
including the difficulty of obtaining accurate data on the size of the large informal sector in Latin America.
The next two chapters examine country-specific data and demonstrate the
perversive influences of informal migrant labor and education/skills on inequality. Thus, the chapters complement the initial macroeconomic-focused study by
providing further evidence on some related influences that are not easily ascertained from macro-level data. For example, the second chapter includes the effect
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of unionized labor, a feature of the formal sector, on wage inequality, while the
third chapter is devoted to child labor, an important type of informal labor.
The chapter by Koohi-Kamali investigates gender and ethnic wage discrimination for Peru. Measuring discrimination requires separate identification of the
bias in the labor market between otherwise similarly productive workers from
that which is related to differences in productively and generated outside the labor
market—for instance, the result of pre-labor market entry differences in school
quality. The author argues that many features required for that identification are
unobservable in the data. Evidence on the sources of discrimination in Peru’s
labor market suggest several factors that are potentially unobservable in a typical
survey—for example, productivity and the quality of education, or job discrimination by region of birth. This chapter focuses on correcting for estimation bias
that stems from unobservable influences on earning differentials by ethnicity and
gender.
The available research on Peru’s labor market emphasizes the importance
of such unobservable influences on pay discrimination, yet research on such
influences is surprisingly missing in the literature. One obvious approach is to
regress individual wages on observables such as age, education, gender, ethnicity, etc. (Nopo, 2009). The problem with this approach is that it fails to control
for unboservables that may cause correlation of the estimated error term with
the observable explanatory variables, rendering inconsistent estimates. Of course,
not all unobservables are related to labor market discrimination but if measurement of labor market discrimination is the primary research interest, then not
controlling for the unobservables may compound the endogeneity problem. The
author employs a Heckman (1976) two-step selectivity bias model with a labor
market entry equation and a separate wage equation to test and control for the
effects of unobservable influences on wage differentials between indigenous and
non-indigenous Peruvians and between Peruvian men and women. However, the
author warns that this method cannot separate the impact of discrimination on
pay from that of non-discrimination-related factors; for instance, differences in
the quality of education relating to observable years of education would vary from
ethnic discrimination. Moreover, the study points out that effective application
of this approach requires an exclusion restriction(s) with variables that appear in
the first stage, an indicator dependent variable to represent whether the individual
enters the labor market but is excluded from the wage equation. This approach is
then applied to two Living Standards Measurement Study surveys of Peru from
1985 to 1994 to estimate a baseline OLS model of wage determination and two
versions of the two-step selectivity model, with and without exclusion restrictions
in the wage equation. Furthermore, the chapter also employs instruments for
potential endogeneity of hours of labor supplied as a key explanatory variable in
the wage equation.
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The results reject the hypothesis of no selectivity bias with both versions of
the selectivity model employed. This implies that endogeneity problems are due to
the correlation of the unobeservables, as a part of the error term of the equation,
with the baseline model explanatory variables. Employing age and age-squared
for exclusion restrictions, the two-step model estimates are well-determined;
all variables are statistically significant and of the expected signs, in addition to
correction for hours of labor supply endogeneity instrumented by earning from
“payment-in-k ind”. In particular, both gender and indigenous status negatively
and significantly affect individuals’ earnings. The author computes the gender
differences between the earnings of individuals with otherwise identical characteristics (replacing a male worker with a female worker). Without controlling for
unobservable selectivity bias, the difference is -13.5% compared to less than -10%
with the selectivity control. Similarly, if an otherwise identical white worker is
replaced with an indigenous worker, the difference in earnings would be -20%
without the selectivity bias control and -16.5% with selectivity control using
exclusion restrictions.
It is notable that the evidence for the three fundamental influences on Latin
America’s inequality from the macro paper are also present in this study. All levels
of education are found to have significant positive effects. All different sectors
of the economy also have significant positive effects (relative to the agricultural
sector, which serves as a base of comparison). Finally, the migration dummy is
negative and significant, particularly in the wage equation models with or without
unobservable controls. The latter can be explained by the concentration of small
informal services in Lima. Hence, the micro evidence on the impact of these factors on the labor market have the expected direction displayed in the first macro
chapter, confirming the critical impacts of migration, education, and informal
labor on inequality. Whilst there is room for improving these measures of wage
discrimination by using more effective exclusion restrictions in a future study—
for instance, using spouse earnings or spouse education level—the differences
reported in this study are large and suggest that not controlling for unobservable
variables produces estimates of earnings discrimination that are inconsistent and
misleading.
The chapter by White and Rouleau examines an important form of informal
labor, namely child labor. This work focuses on explaining how household shocks
affect child labor incidence; not only in terms of the child characteristics but also
of household-level inequality. A prominently feature of this study is in highlighting the evidence that an increase in the level of child labor supply is affected,
in part, by inequality of household wealth and asset ownership, differences in
household quality, and the education level of the household head. The topic of
how economic shocks specifically affect child labor has received scant attention in
development economics research. However, a few papers have demonstrated how
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shocks lead to increases in the incidence of child labor due to agricultural losses in
Tanzania (Beegle et al., 2006) and Nigeria (Acheampong and Huang, 2018) and,
more notably, due to natural disasters in Guatemala (Vasquez and Bohara, 2010).
The chapter extends the literature by providing a broad empirical investigation
of this relatively neglected aspect of child welfare in Latin America, specifically
by addressing four critical questions affecting child labor in Peru. First, whether
children in households experiencing shocks are more likely to engage in child
labor; second, whether child labor incidence varies significantly by the number
of shocks experienced; third, whether incidence of child labor varies significantly
by the type of shocks (e.g., economic, environmental, etc.); and, finally, how the
incidence of child labor varies with specific observable characteristics of child,
parents and household.
White and Rouleau address these questions by estimating four binomial
logit models which are applied to data from five rounds of panel surveys for Peru
that have been conducted by International Study of Childhood Poverty over the
years 2002–2017. Child labor incidence is identified as having resulted from each
household shock experienced since the most recent survey date. The authors then
define a series of binary variables for the incidence of child labor that is based
on that definition. Indicators for whether the child’s family has experienced a
shock(s), indicators for the number of shocks (up to five), indicators for five different types of shock(s), and how the incidence of child labor is affected by the
characteristics of the child, her/his parents, and their household. The results of
this study indicate a consistent positive and statistically significant relationship
between household shocks and increased child labor incidence in Peru. Bearing
in mind that child labor is an important type of informal sector labor, it must
be noted that this study confirms the significant impacts of parental education,
rural/urban location, and household wealth inequality on the incidence of child
labor with both education and wealth highly significant in all models of child
labor examined. The coefficient identifying rural household location is also significant in the models where paid child labor and unpaid household tasks are
used as the dependent variable series. The effects are all in the expected directions
suggested by the earlier studies in this volume that highlight the key influences
on inequality.
The chapter reports a significantly positive log-odds coefficient of the number
of shocks on child labor of 0.0699 magnitude and a positive and significant coefficient estimate for the effects of differences in the number of shocks of 0.2358.
These findings are broadly in line with results reported in earlier studies. Second,
the study reports a positive and significant impact of the number of shocks on
child labor; for example, taking no shock as the base, a household experiencing
only one shock since the last survey round is estimated to realize an increase in
the probability of child labor by 2.12%, while two shocks increase that probability
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by 6.32%. Third, and most important, the authors report significant and positive
impacts of economic shocks and family shocks on child labor incidence that are
equal to 3.34% and 1.86%, respectively. Moreover, the authors present similar
effects for various types of child labor (i.e., paid labor, unpaid labor, domestic
care, etc.). Finally, the chapter also reports that 48% of child-specific, and 70% of
the parents-specific and household-specific variables are statistically significant
in all regressions. All in all, this is a welcome addition to the scant literature on a
predominantly informal form of labor in relation to unexpected economic shocks.
While it raises further questions that need to be addressed, it also provides a
guide for future research on an issue for which an understanding is critical to
designing public policy on child welfare in Latin America.
Summing up, this volume provides evidence that sectoral differences related
to informality, education, and low productivity have significant impacts on Latin
American inequality at a macroeconomic level and that they are also significantly
influence labor market earnings inequality and help to explain child labor incidence.
I would like to acknowledge the very helpful comments I received from the
two anonymous referees and to thank the authors in this volume for their contributions.
Feridoon Koohi-Kamali

CHAPTER ONE

Labor and
Deindustrialization
in Latin America: A
Look at Productivity,
Globalization and
Inequality
ALMA A. BEZARES CALDERÓN1

1.  
INTRODUCTION

Industrial activity has traditionally been considered an important determinant of
economic growth and productivity. The Industrial Revolution and the Asian miracle are just two examples of how manufacturing is related to fast economic growth.
This sector is supposed to provide the necessary elements for growth and unconditional convergence, such as generating economies of scale through technology, the
capacity to employ large shares of the population, the opportunities for capital accumulation, and the possibility of creating a comparative advantage (Solow, 1956).
According to the Dual-Sector Theory, the modernization process is characterized by a transfer of workers from the agricultural sector towards the manufacturing industry (Lewis, 1954). With this shift, labor surplus would be absorbed,
and there would be gains in productivity that would lead to economic growth.
Furthermore, Modernization Theory argues that the manufacturing sector would
be the pillar of development. Once productivity gains are high enough (allowing for firms to produce more with fewer workers) and consumers become more
affluent, the period of ’mass consumption’ would arrive, leading to a decrease in
1

abezares@whittier.edu.
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the size of the manufacturing sector (Rostow, 1959; Ramaswamy and Rowthorn,
1997; Krugman, 1996; Rodrik, 2015).
Yet, in recent times, countries that had not reached a high level of economic
development have already seen the participation of their manufacturing sector
shrank, as attested by Amirapu and Subramanian (2015) for the case of India,
and Hamid and Khan (2015) for the case of Pakistan. In this chapter, I focus
on the case of Latin America to verify how the evolution of total factor productivity (TFP) in the region, measured by the annual change of output that
is not accounted by the growth in inputs, is associated to changes in the de-
mand for labor in the manufacturing sector. If positive changes in productivity
are linked to changes in the manufacturing sector, then the modernization theory
would be explaining these changes. If however, as posited by authors such as
Rodrik (2015), the region has not shown increases in productivity and changes
in the participation in the agricultural sector have not been translated into a shift
towards industrial activity, then we may be attesting an early deindustrialization
process in which changes in productivity are not related to labor demand in the
manufacturing sector. Furthermore, I look into how the current global configuration has affected this process and the consequences this has on income inequality
across the region.
Previous research on productivity in Latin American countries has linked
issues related to the market structure, corruption, and weak property rights to
the lack of productivity (Cavalcanti Ferreira et al., 2013). However, little research
has focused on how deindustrialization and productivity might be associated, nor
has the potential link of this deindustrialization process on income inequality
received much attention.
This chapter explores the case of nine Latin American countries with different economic and political configurations2. The analysis focuses on the period
between 1954 and 2011. The data used comes from the Groningen Growth
Development Center, as well as from the Penn World Tables 9.1 and the World
Income Inequality Database (WIID). One of the main challenges of this study
is the large informal sector that these countries have, accounting for 53.1% of the
jobs in the continent, and 49.1% of the jobs in the industrial sector (Latina et al.,
2019). This means that there might be informal activities not accounted for in the
GDP that, if considered, would change the structural configuration of the economy. Besides, large informal sectors are correlated with low levels of productivity,
and the results may be downward biased.
The chapter broadly explores the patterns of productivity, economic growth,
and manufacturing activity in the Latin American countries examined. It also
examines the role of globalization as a potential cause of the deindustrialization
2

Argentina, Bolivia, Brazil, Chile, Colombia, Costa Rica, Mexico, Peru, and Venezuela.
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process by looking if the share of international trade. One of the main arguments
on deindustrialization posits that globalization may reduce the manufacturing
sector’s size, as this process is outsourced to coun tries with a comparative advantage in this sector (Rodrik, 2013; Froibel et al., 1980). Rodrik (2015) argues that
globalization exposed many low-and middle-income countries before they could
strengthen their comparative advantage in the manufacturing sector, inducing a
premature deindustrialization process. Globalization may also cause a shift in the
structure of the economy, leading to an increase in labor demand of other sectors,
such as the services industry. Still, Latin America is a region of small firms, both
in manufacturing sectors and in the other areas in the economy. Just as with
informality, this also leads to labor misallocation and low levels of productivity
that perpetuates across sectors (IADB, 2010).
The chapter follows different strategies. First, a cointegration analysis verifies
the relationship between deindustrialization and productivity. Then, a panel-data
analysis ex-amines how international trade affects changes in the share of the
manufacturing sector, and how changes in the value-added per worker in the
manufacturing and services sector explain the deindustrialization process, following Rodrik’s (2013, 2015) premise. Finally, a panel-data specification estimates the relationship between deindustrialization and income inequality.
The study finds no long-r un equilibrium relationship between the size of the
manufacturing sector3 and total factor productivity4. Contrary to what Modernization theory predicts, there is no close relationship between the evolution of
productivity and industrialization. This finding goes in line with the literature
that sustains that, for developing countries, deindustrialization was imported
from abroad.
When looking at the impact of globalization on deindustrialization, the share
of imports in GDP has a negative effect on changes in the manufacturing sector.
The effects are more pronounced during the decades of 1980 and 1990. There is
a clear relationship between deindustrialization and income inequality, particularly in a context of mix of low-and medium-level productivity firms. Whereas
areas with higher shares of labor working in the manufacturing sector show lower
levels of income inequality, increases in the share of labor in the services sector
are linked to higher levels of inequality. However, the results become less clear
once analyzed across time. Still, the results are intuitively sound and they provide
important information for public policy.
Learning more about the configuration of the economies in Latin America is
crucial for them to secure a path of extensive and sustainable growth. Although
the deindustrialization process does not immediately restrict economic growth,
3
4

Measured as the share of labor that it absorbs.
Measured in relative terms, with 2011=1.
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it does limit the unconditional convergence advantages that the manufacturing
sector provides (Solow, 1956; Rodrik, 2013). Therefore, finding other paths to
secure sustainable growth may be necessary (Amirapu and Subramanian, 2015;
Hausmann et al., 2007).
The rest of the chapter is structured as follows. The following section introduces a literature review on deindustrialization, emphasizing the research on
developing countries. Section 3 introduces the case of Latin America, showing
the patterns of productivity and industrialization in the countries analyzed. Section 4 introduces the empirical strategy of the chapter, and Section 5 analyzes the
results. Section 6 concludes.
2 .  
A N A LY T I C A L F R A M E W O R K

Traditionally, manufacturing has been the leading engine of growth. In 1928,
Young (1928) introduced the concept of macroeconomies of scale, referring to the
macro spillover effects of the manufacturing sector. These ideas influenced Kaldor
(1966, 1967) who indicated that manufacturing had to grow faster to absorb the
surplus labor from the agricultural sector, as Lewis theory on economic growth
predicted in 1954, and produce faster economic growth (Lewis, 1954).
Kaldor established that faster growth of manufacturing output could fasten
manufacturing productivity, creating dynamic economies of scale derived from
a ’learning by doing’ process’ (Arrow, 1962). This process, not usually seen in
the services sector or agriculture, could create incentives at the national level, as
manufacturing products have a higher in-come elasticity of demand (Dasgupta
and Singh, 2007).
In that vein, Rodrik (2013) examines the case of 118 countries and concludes
that manufacturing provides an unconditional convergence of productivity that
does not depend on geographic, economic, or political factors. In terms of the
neoclassical growth theory, this means that unconditional convergence even if not
present in the economy as a whole, will be present in the manufacturing sector
Solow (1956), and Rodrik (2013). Manufacturing activities are technologically
dynamic, provide unconditional labor productivity convergence, absorb unskilled
labor, and provide expansion opportunities given their tradeable characteristics
(Rodrik, 2015).
Considering the evidence, manufacturing seems to be the sector that is best
equipped to promote economic development and lead countries out of poverty.
This opportunity, however, may not be available to low-and middle-income
countries. Contrary to what Modernization Theory predicts, these countries are
showing a reduction of the share of the manufacturing sector before they have
reached a high-income level (Rostow, 1959). Thus, these countries do not seem to
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obtain the inverted-U shaped curve between industrial production and economic
development that exists in high-income countries (Rodrik, 2015).
Instead, this turning point on manufacturing activities is starting at lower
levels of eco-nomic development. While for developed countries, deindustrialization starts at per capita income levels of US$10,000, in some developing
countries, it starts at levels of US$3,000 (Dasgupta and Singh, 2007). In terms of
employment, the threshold is located around a share of 30% of total employment
(Amirapu and Subramanian, 2015). These results indicate that premature deindustrialization starts at levels of very low industrialization.
Rodrik (2015) argues that whereas deindustrialization in high-income countries represents a change linked to technological improvements, demographic
trends, and income, the case in low-and middle-income countries has a different
root. In this case, deindustrialization has to do with a premature exposure to
global markets. This is, developing countries became exposed to international
competition without developing a comparative advantage in the industrial sector.
As price takers, they were not ready to compete at low international prices. The
region that has struggled the most from this decline of the manufacturing sector
is Latin America, particularly in terms of manufacturing employment and value-
added.
Different authors have captured this phenomenon in the region. Be´ne´trix
et al. (2015) document that, while Latin America was the first region in the
periphery to catch up at the end of the 1800s and beginning of the 1900s, the
levels of manufacturing activity have decreased since the 1990s and approached
levels of activity similar to those of developed countries, risking the growth of
the region. Rodrik (2015) also notices the presence of deindustrialization in the
Latin American region. He argues that this is closely related to the liberalization
policies followed during the 1980s and 1990s.
However, even if there is a generalized agreement regarding the possibilities
of the manufacturing sector to be the most important engine for growth, scholars have recognized the possibilities for the services sector to provide growth
opportunities. Ghani and O’Connell (2014), for instance, argue that services can
also participate as a dynamic tool for growth, creating jobs, and increasing productivity. Indeed, for late developers, services can be the best option, provided
that manufacturing has become more technologically intensive and generates
fewer jobs.
To promote growth, services need to fulfill specific characteristics that have
similar effects to those of the manufacturing sector. Services need to be highly
productive to provide un-conditional productive convergence, be compatible with
the comparative advantage of the country, and have the capacity to expand, either
in the domestic market or through trade.
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Some authors argue that these features can only be accomplished by the manufacturing sector (Rodrik, 2013, 2015). In contrast, other scholars believe that
services can generate fast economic growth (Amirapu and Subramanian, 2015;
Ghani and O’Connell, 2014). In particular, Ghani and O’Connell (2014) indicate
that, nowadays, services have become more productive thanks to technology. For
instance, services are not limited by transportation costs so they can expand to
different markets. This also reduces the environmental footprint and generates
opportunities for a more inclusive type of development.
An important point from this literature is that services could appear as a
viable alternative to propel growth in developing countries where technology can
stimulate, and not hurt, employment creation. This will happen in areas that do
not have high automation rates and that require more specialized labor.
Nevertheless, not every service will be able to use technology as an advantage
to foster growth. Some sectors are, by their configuration, not very productive.
For instance, certain commercial activities are not very productive, and, according
to Amirapu and Subramanian (2015), neither are public administration activities.
Latin America is a region characterized by the presence of small firms, which
tend to have lower levels of productivity. According to the Inter-American Development Bank, in Mexico 97% of retail establishments and 94% in the services
sector employ fewer than ten employees, limiting the productive gains of this
sector and leading to labor misallocation (IADB, 2010).
Additionally, in many developing countries, and notably in Latin America,
the informal sector is substantial and often concentrated in services activities.
Informality can prevent services for becoming more productive, and thus, they
cannot be used as a tool to promote fast economic growth.

2.1 Deindustrialization and Income Inequality
Even if the services sector could provide the advantages of the manufacturing
sector and promote economic growth, a deindustrialization process combined
with a productivity di-vergence of the services sector could have important social
consequences and exacerbate the social disparities in the region.
First, a shrinkage of the manufacturing sector reduces the bargaining power
of a large share of workers in industries that are more exposed to international
competition and automation. Second, as the services sector becomes the motor for
economic development, there will be an increasing divergence among the different types of services provided. As mentioned before, Latin America has a large
informal sector that is concentrated in service activities that show low levels of
productivity and that remain small, since they are credit-constrained and because
of the lack of incentives for investing in new, better capital. This is also the case for
non-informal firms, remain smaller because of the lack of incentives and access to
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gain exposure and grow. At the same time, Latin American countries also host a
large share of highly productive firms and workers in the services sector. Therefore, even if the service sector has the potential to become a motor for economic
growth, there is a risk that this type of growth widens the income gap even more,
in the region that presents the largest income inequality in the world.
Although research on this topic is somewhat recent, for the United States,
Kollmeyer (2018) states that the interaction of trade union decline in a context of
deindustrialization exacerbates distributional effects. This finding is supported by
Doussard et al. (2009) who show that, for the case of Chicago, deindustrialization
has exacerbated the pattern of wage inequality.
Baymul and Sen (2020) look into the effects of deindustrialization on income
inequality for a range of low-, middle-and high-income countries between 1960
and 2012. The authors find that an increase in the share of workers in the services
sector increases income inequality, whereas an increase in the share of workers in
the agricultural or manufacturing sector leads to a decrease in income inequality,
measured by the Gini coefficient.
3 .  
T H E L AT I N A M E R I C A N C A S E

It has been long acknowledged that productivity in Latin America is stagnant
(Cavalcanti Ferreira et al., 2013; Latina et al., 2019). Furthermore, recent research
has shown that, although Latin American productivity was closer to that of the
United States until the mid-seventies, there has been an acute decrease in productivity since the 1980s (Latina et al., 2019).This section looks into the evolution
of productivity across different Latin American countries, to verify if there is any
correlation between this evolution and the configuration of the manufacturing
sector.

3.1 Productivity
Using a Cobb-Douglas production function of the form:


(1)

where Y represents the gross domestic product of country i during year t, K stands
for the capital stock, H is human capital and L is the aggregate labor. α represents
the capital share of income. A represents the productivity of a country. This is, the
increase in production that cannot be accounted from an increase in inputs.
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Using the Solow model’s residual to proxy for productivity, we can calculate
TFP and the TFP growth rate, as follows:
(2)
(3)



Graph 1 illustrates the evolution of TFP in a set of Latin American countries. The
graph on the left measures the relative productivity of country i with respect that
of the United States (k) computed by:
(4)



where Qijt represents the To¨ rnqvist quantity index of factor inputs (capital and
labor) at a given point in time and is calculated as:



(5)

The graph on the right uses data from the Penn World Tables 9.1 to calculate the
growth of TFP using the Solow residual method.
Although productivity across different countries in the continent varies, in
general, it is clear that there has been a decrease in productivity across most countries and that the gap in productivity between Latin American countries and the
U.S. has been widening across time5, with countries such as Mexico and Venezuela going from levels of productivity higher than those of the U.S. in the late
1970s to early 1980s to productivity that is much lower. Figure 1.2 shows the
cumulative growth between 1950 and 2011 in TFP in Latin America. Other than
Brazil and Colombia, most countries show a net decrease of TFP across time.
Also interesting is to see the evolution of TFP compared to that of the
U.S. across time. Graph 3 illustrates the average growth of TFP relative to that of
the U.S., whereas Table 1.1 shows the average TFP of Latin American countries
across decades relative to U.S. and the technological progress during that period.
Although Latin America’s productivity has been consistently lower than that of
the U.S., the gap has been widening across time for the whole region Araujo et al.
(2014), Bastos and Nasir (2004), and Kim and Loayza (2019).

5

The U.S. is considered as the technological frontier.
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Figure 1.1: Productivity Latin America, 1950–2017
Source: Feenstra et al., 2015

Figure 1.2: Cumulative TFP Growth, 1950–2017
Source: Feenstra et al., 2015
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Figure 1.3: Productivity Growth in Latin America, 1960–2017
Source: Feenstra et al., 2015

Table 1.1: TFP Evolution, 1950–2011
Decade

Proximity
(US=1)

Average Growth
TFP

1950–59
1960–69
1970–79
1980–89
1990–99
2000–11
Average

0.699
0.708
0.751
0.690
0.599
0.574
0.665

0.007
0.015
-0.004
-0.026
-0.006
0.008
-0.001

3.2 
Deindustrialization
In Latin America, the evolution of the industrial sector has been somewhat
inconsistent. As Bénétrix et al. (2015) show, from 1870 until the end of World
War II, the region experienced a movement of industrial convergence with
higher levels of industrial growth than the three major economies at that
time: the U.S., Germany and the U.K. During the period in which Import Substitution Industrialization was implemented, even if industrial growth did not
surpass that of more developed economies, it recorded growth rates of 5.28% in
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the largest economies in Latin America6 during the 1952–1972 period (Bénétrix et al., 2015).
After this, the oil boom and the debt crisis during the 1980s caused a structural transformation in most economies. The measures imposed by the Washington Consensus included the privatization of multiple sectors, and the openness
of the goods and financial sectors to trade and private investment, leading to a
decrease in the industrial activity in the region.
This pattern is visible in Graph 4, which fits a quadratic equation to show
that an inverted U-shape relationship exists between manufacturing productivity and income (GDP) in Latin America, signaling a deindustrialization process
in the region. This process, however, has not been consistent across decades, as
manufacturing productivity has decreased at different levels of development (see
Figure 1.5).

Figure 1.4: Manufacturing Productivity in Latin America, 1960–2016
Source: The World Bank, 2020

6

Argentina, Brazil, Chile, Mexico, and Uruguay.
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Figure 1.5: Manufacturing Productivity in Latin America across Decades
Source: The World Bank, 2020

As mentioned by Rodrik (2013, 2015) and Be´ne´trix et al. (2015), trade
openness and the globalization process accelerated deindustrialization in Latin
America. This process took place before the countries in the region generated a
comparative advantage in most manufacturing activities7. Table 1.2 shows a correlation analysis of the different sectors and trade.
Interestingly, whereas productivity in the manufacturing and agricultural
sectors is negatively correlated with trade, the services sector and trade are positively correlated.
Table 1.2: Trade and Value-Added in Economic Sectors
Variables
Agriculture (VA Share of GDP)
Industry (VA Share of GDP)
Services (VA Share of GDP)

Trade (Share of GDP)
-0.937***
-0.544***
0.838***

* p<0.05, ** p<0.01, *** p<0.00.
7

The automotive and electronics sectors are exceptions to this, with Brazil and Mexico having
strong industries.
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3.3 Dutch Disease
Globalization seems to be one of the driving mechanisms behind deindustrialization. Many countries in Latin America rely on the production and export of
commodities. Since it is safe to assume that, for the most part, these countries are
price takers in the international market, an increase in the exploitation of these
resources driven by an increase in international prices may lead to the appreciation of the local currency and to a Dutch disease that reduces the competitiveness
of the industrial sector, which in turn leads to a deindustrialization process.
Graph 6 shows the revealed comparative advantage of a subset of Latin
American countries for three sectors: agricultural commodities, ores and metals,
and manufacturing products. The revealed comparative advantage is calculated as:



(6)

where Xipt is the country i’s exports of product p at time t. (w denotes the world’s
exports of product p), and ∑jɛP represents country i’s total exports (of all products
j in P).
From the graph, it seems that, except for Mexico, Latin American countries
have a revealed comparative advantage in exporting agricultural commodities
and ores and metals. In the case of Mexico, Graph 7 shows, with more detail,
that the country has a comparative advantage in machinery and equipment, as
well as in the production of manufactured goods. In recent years, Costa Rica has
also increased its comparative advantage in the production of medical equipment.
Brazil has a comparative advantage in the production of certain manufactured
goods (UNCTAD, 2020).
This shows that, with a few exceptions, Latin American countries have not
developed a strong manufacturing sector and instead rely on the exploitation of
commodities that is linked to a Dutch disease.
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Figure 1.6: Revealed Comparative Advantage in Latin America
Source: UNCTAD, 2020

3.4 The Role of the Services Sector
The economic structure of Latin American countries has shifted during the
period examined in the study (see Figure 1.8). Whereas the share of the labor
force absorbed by the agricultural sector has decreased, there has been no transfer
towards the manufacturing sector, which absorbs less than 20% of the labor force
in the region. In the meantime, the services sector has become more relevant for
these economies, absorbing large shares of the formal labor force.
Although the services sector could become a motor for economic growth,
this depends on the activities that compose the sector, the structure of the
local market, and its tradeable characteristics. Hausmann et al. (2007) argue
that the sectors that are tradable provide most of the productivity benefits.
Although data is not available for many years, trade in services has seen a rapid
increase, even if, on average, the region still is a net importer of services (see
Figure 1.9).
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Figure 1.7: Manufacturing Comparative Advantage in Latin America
Source: UNCTAD, 2020

Figure 1.8: Employment by Sector in Latin America
Source: Timmer et al., 2015
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Figure 1.9: Average Trade in Services in Latin America, 2000–2015
Source: WTO, 2020

Supporting economic development through the services sector could have
important distributional effects, in a region where inequality is already high (see
Figure 1.10). The services sector in Latin America is composed by activities that
are very dissimilar in terms of productivity. On one side, the region has a large
informal sector and small businesses that focus on the provision of services that
have low levels of productivity, and limited innovation. On the other side, there
are activities that are completed by highly skilled workers, that are highly productive and have the potential to promote innovation and sustained economic
growth. As the manufacturing sector declines, people will have to move to a
different sector.
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Figure 1.10: Gini Coefficients in Latin American Countries, 1950–2011
Source: WIID, 2020

As seen in Figure 1.8, most people are transferring towards the services sector. The type of specific activity will largely depend on the skills and knowledge
of different workers. This will increase the income differential among the population, provided that the skills that are needed to work in a highly productive service activity are higher than those required to work in the manufacturing sector
(i.e. doctor vs. worker in a car manufacturing plant). Figure 1.11 shows the labor
force distribution by level of productivity. Low-productivity sectors consider agriculture, commerce and low-productivity services. Medium-productivity sectors
comprehend construction, manufactures and transportation. High-productivity
sectors include finance, mining, and electricity (ECLAC, 2021).
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Figure 1.11: Labor Force by Productivity Level, Selected Countries in Latin America, 2018
Source: ECLAC, 2021

However, it is also important to acknowledge that the levels of income
inequality in Latin America have been persistently high across the years and have
been linked to the distribution of wealth across the society since the colonization period Daron Acemoglu Simon Johnson and Robinson (2002). Therefore,
unless the restructuring of the economy exacerbates some of these relations, a
shift towards the services sector may only contribute to the status quo in terms of
the socioeconomic configuration across the continent.
The following section empirically looks into the evolution of the manufacturing sector, searching if changes in productivity are linked to it. Then, the study
analyzes if globalization, measured by trade openness has impacted the size of
the manufacturing sector in Latin American countries. After looking at this,
the chapter examines if increases in the share of the services sector are linked to
increases in income inequality, measured by the Gini coefficient.
4 .  
E M P I R I C A L S T R AT E G Y

4.1 Deindustrialization and Productivity
To verify how deindustrialization and productivity may be related and considering
that different countries have different structural configurations, it is important
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to look if these two series are co-integrated. To do this, the nine countries are
separately examined over the period between 1954 and 2011. Two I(1) series are
co-integrated if their linear combination is stationary. In that case, the two series
are said to have a long-r un relationship.
To verify this, the Engle-Granger procedure is followed, in which the long-
run equation is estimated:



(7)

and then, ∈t is tested for stationarity using the Augmented Dickey-Fuller test8.
After verifying if the series are co-integrated, the study proceeds to look if the
evolution of productivity can predict (Granger-cause) deindustrialization.
Granger causality is used in multivariate time series data and, although it
does not determine causality, it verifies if, after controlling for the history of the
dependent variable, the history of the variable of interest helps predict the dependent variable. Causality is not determined since there might be omitted variables
that could be driving the effect, but it explores the predictive power of one time
series on another one.
The procedure requires to run a restricted regression of the form:
(8)


and then run an unrestricted regression:



(9)

Variable x is said to predict y t if the inclusion of xs reduces the variance of the
prediction error, which is evaluated using a F-test. It is important to indicate that
this analysis assumes that all the series used in the analysis are endogenous, and
therefore, each variable has an equation modeling its evolution across time.

4.2 Globalization and Deindustrialization
Once the cointegration analysis shows if the evolution of productivity predicts
changes in the manufacturing sector, the study proceeds proceed to examine the

8

Critical values are adjusted for the number of variables.

28

|

al m a a . b e z ar e s c ald er ó n

effect of globalization on deindustrialization, using a panel data specification to
calculate the following equations:

(10)
(11)
To account for variance for each panel differs, feasible generalized least squares
is used. The study measures deindustrialization (manufit) using the growth rate
of labor in manufac turing as a share of total sector employment. A decrease in
the share of employment would signal that, at the very least, other sectors are
absorbing a higher share of the labor force. Two different sets of variables serve as
explanatory values for globalization.
Equation 10 measures trade openness using exports as a share of GDP
(exportit−1) and imports as a share of GDP (importit−1) at current PPPs. Equation
11, explores how the growth of the value-added per worker of the manufacturing sector vis-a`-v is the growth of the value-added per worker of the services
sector affects the share of employment in the manufacturing sector (cupgit and
cupgsqit). By doing this, it is possible to examine how unbalanced productivity
growth between the manufacturing and services sectors could affect deindustrialization in Latin America. According to Baumol (1967), there are limits in
productivity imposed by the structural characteristics of specific sectors (in this
case, the services industry). In contrast, the industrial sector has more space to
increase productivity. If this is the case, as the gap between the value-added per
worker widens between these two sectors, the services sector could absorb a larger
share of the labor force.

4.3 Income Inequality
The next step in the analysis requires to explore how the structure of the Latin
American economies examined in this chapter and income inequality are linked,
using the following equation:

(12)
where giniit represents the Gini coefficient in country i and each of the sectors
denotes the percentage of the labor force that is occupied in that sector in a
given country. Although for the most part, agriculture, manufacture and services employ the largest share of the population, the rest of the economic sectors
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are also used to consider potential changes in the economic structure. Moreover,
since the objective is to identify if the changes in the structure of the economy
lead to changes in income inequality in the countries examined, Equation 12 is
also calculated using the growth rate of the different sectors included. The model
is specified using FGLS.

4.4 Data
The study uses three main sources of data. First, to measure productivity, TFP
is calculated as the Solow residual using data from the Penn World Tables 9.1
(PWT). Although the PWT has two TFP variables, the method used in this
study fits better the model. Data on international trade also comes from the
PWT. Employment in manufacturing as a share of total sector employment is
used to measure deindustrialization. This data comes from the 10-Sector Database published by the Groningen Growth and Development Centre (Timmer
et al., 2015). This source is also used to calculate the share of employment of
other sectors. To measure the cumulative unbalanced productivity growth
(CUPG) between the manufacturing and services industry, two steps are completed: first, a variable is created using the 10-Sector Database, including trade
services, transportation services, business services, and personal services. The
variable measures total employment in these sectors and obtain the share as total
employment. Then, another variable is created to calculate the difference in the
growth rate of employment in the manufacturing sector, minus the growth rate
of employment in the services sector. With these two variables, a third variable
is constructed to calculate the cumulative differential across time. This allows
measuring the cumulative effects of this unbalanced growth across sectors (Kollmeyer, 2009).
The Gini coefficient information comes from the World Income Inequality
Database (WIID), published by UNU-Wider (UNU-W IDER, 2020). Although
the data shows wide gaps across time, it is one of the most reliable and complete
data sources with data on income inequal-ity. As control variables, the study
uses the natural logarithm of the real GDP per capita (at chained PPPs 2011
USD) and its squared value to proxy for economic development and the natural
logarithm of the number of persons employed as a proxy for the size of the labor
market. The first lagged value of all the independent variables is used9.

9

Firms usually make decisions about their operations yearly based on the macroeconomic and
firm condi tions of the previous period.
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Table 1.3 includes the summary statistics of the variables used in the study.
Statistics for the variables used in the cointegration analysis are shown at the
country level10. These variables are non-stationary, but their first difference is
(I(1)).
Table 1.3: Summary Statistics
N
Cointegration Analysis
TFP (2011=1)
Manuf. Labor Share
Globalization
CUPG
Share of exports
Share of imports
Income Inequality
Gini Coefficient
Services Labor Share
Agricul. Labor Share
Mining Labor Share
Utilities Labor Share
Const. Labor Share
Control Variables
Ln(GDP per capita)
Ln(employed persons)

Mean

SD

Min

Max

557
546

1.19
14.31

0.36
4.05

0.63
6.81

2.49
27.73

558
557
557

0.53
0.14
-0.12

0.37
0.09
0.07

-0.16
0.02
-0.48

1.57
0.46
-0.03

296
546
546
546
546
546

51.97
40.06
31.51
1.38
0.69
6.00

6.78
13.84
16.04
1.11
0.43
1.93

35.2
14.27
6.48
0.08
0.07
1.80

68.9
69.87
72.56
5.92
2.47
12.69

557
557

8.62
1.84

0.58
1.25

7.32
-1.24

9.90
4.59

5  
R E S U LT S

5.1 Cointegration Analysis
Table 1.4 reports the results of the cointegration test conducted to verify if
employment and productivity show a long-term relationship11. Examining the
different tests, it seems clear that there is no cointegration between TFP and the
share of employment in the manufacturing sector. To be more precise, in each

10 The level of (relative) TFP is calculated considering 2011=1 and using the growth rates of
TFP to calculate the rest. Technological progress is calculated using variables at chained PPPs
2011USD.
11 The Dickey Fuller test used to test that the residuals are I(0) fits a random walk model.
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test, the null hypothesis is that there is no cointe gration relationship between the
series analyzed. The tests are specific for data containing many panels.
Table 1.4: Cointegration Test
Statistic
Modified DF Test
Augmented DF Test
Phillips-Perron Test
Modified Phillips-Perron
Test Variance ratio

Panels
Avg. Periods

H0: Panels are cointegrated
p-values in parentheses
*
p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Kao
C. Test
0.94
(0.174)
0.95
(0.171)

9
58.56

Pedroni
C. Test

1.79**
(0.047)
1.35*
(0.089)
1.50*
(0.068)
9
59.56

Westerlund
C. Test

-0.3864

(0.345)
9
60.56

These conclusions remain valid when doing the analysis on a country-by-country
basis. After looking at the number of cointegrating equations, only Costa Rica
seems to have a stochastic trend, with the rest of the countries not showing a
long-term equilibrium between the share of employment of the manufacturing
sector and TFP. For the case of Costa Rica, based on the Wald test, it seems that
the share of employment in the manufacturing sector Granger-causes TFP (see
Table 1.5).
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Table 1.5: Cointegration by Country

Country
Argentina
Bolivia
Brazil
Chile
Colombia
Costa Rica
Mexico
Peru
Venezuela

Cointegrating
Equations

Granger C.
Wald Test
(1)

Granger C.
Wald Test
(2)

0
0
0
0
0
1
0
0
0

0.308
0.609
0.373
0.219
0.823
0.485
0.066
0.131
0.083

0.324
0.083
0.896
0.225
0.365
0.005
0.076
0.191
0.463

(1) Equation: Share employment manufacturing
(2) Equation: TFP (2011=1)
H0: VAR1 does not Granger-cause VAR2

These results align with Rodrik’s argument on the effect of technological
progress on deindustrialization in developing countries. The countries included
in the analysis are, over-all, price takers. This is particularly true for the prices
in the manufacturing industry since, as shown before, almost no country has a
comparative advantage in the sector. Unlike what we can expect in high-income
countries, where changes in domestic prices due to increases in productivity
impact the structure of the manufacturing sector, developing economies import
deindustrialization.

5.2 
Deindustrialization and Globalization
To examine how an increase in trade openness is linked to deindustrialization,
this section looks at the differentiated role that exports and imports may play
on this process. A differential effect can be expected if the structure of imports
vis-a`-v is exports reduces the possibility of domestic firms to compete internationally. This is, if the terms of trade are not favorable to the local economy, an
increase in imports will further deteriorate the capacity of local firms to compete
and will fasten deindustrialization. To rule out the case that deindustrialization may be the effect of a cumulative differential between the value-added per
worker in the manufacturing and services sector increases, this mechanism is
also examined.
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Table 1.6 shows the results. Model 1 calculates Equation 10, while Model 2
focuses on unbalanced productivity growth (Equation 11). Model 3 includes all
the relevant variables.
Table 1.6: Deindustrialization and the Structure of the Economy
(1)
Trade
Share Exports
Share Imports
CUPG

-0.0017
(0.0305)
-0.1252∗∗∗
(0.0374)

(CUPG)2
N
Wald χ2

450
27.20 ∗∗∗

(2)
VA

(3)
Trade + VA

-0.0368
(0.0215)
0.0137
(0.0159)
449
22.14∗∗∗

0.0139
(0.0334)
-0.1081∗∗∗
(0.0390)
-0.0255
(0.0217)
0.0112
(0.0158)
449
29.82∗∗∗

Standard errors in parentheses. * p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

Figure 1.12 includes the results desegregated by decade. With exception of
the 1970s decade, imports have reduced the size of the manufacturing sector in
the Latin American countries analyzed. It seems that deindustrialization in the
region is not linked by the differential in productivity between the manufacturing
and services sectors, as it is the case in developed economies.
These results fall in line with the theory and with empirical evidence that
shows that during the 1980s and 1990s, as Latin American countries globalized,
the deindustrialization process became more acute. Interestingly, the increase
in exports has no statistically significant effects over the manufacturing sector,
which seems to be at odds with the Dutch disease hypothesis. However, it may
reflect differences in the structure of the different economies of the region.

5.3 Deindustrialization and Inequality
Even if the services sector could become a motor for economic development in
Latin America, it is crucial to take into account the distributional effects that this
economic configuration may have. Table 1.7 contains the results of estimating
Equation 12. The presence of a larger manufacturing sector in terms of employment is linked to lower levels of inequality. A 1 percentage point increase in the
share of manufacturing labor is linked to a reduction of 0.4 points of the Gini
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coefficient. At the same time, the agricultural sector is correlated with higher
levels of income inequality. In both cases, the results are statistically significant
at the 1% level.

Figure 1.12: Deindustrialization and the Structure of the Economy by Decade

Interestingly, when looking at how changes in the economic structure are
connected to different levels of income inequality, it seems that it has been the
transition towards the services sector that seems to be related to more income
disparities: places with a larger services sector present higher levels of income
inequality, though the effect is moderate.
These results must be taken with a grain of salt. Data from the beginning
of the series may not be entirely reliable and it presents many gaps. As time has
passed, data has become more accessible and accurate. In fact, Figures 1.13 and
1.14 look at the effects by decade and the results seem less clear. Whereas there
seems to be an association between an increase in the participation of the labor
force in the services sector and income inequality, the relationship is not strong.
Although the data on employment is constructed using labor force surveys and
business surveys, in addition to census data, it may be the case that a pro-portion
of the informal sector is not accounted for and this may compromise the consistency of the results. As mentioned before, the informal sector is mostly composed
by smaller firms that, because of structural factors have little incentives to growth
and are capital-constrained (IADB, 2010).
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Table 1.7: Deindustrialization and Income Inequality
(1)
Gini
Agriculture Share
Manuf. Share
Services Share
Gr. Agriculture

0.3423∗∗∗
(0.0683)
-0.4034∗∗∗ (0.1434)
0.1113∗ (0.0667)

Gr. Manuf.
Gr. Services
N
Wald χ2

279
318.31

(2)
Gini

9.7849
(10.2160)
-0.6963
(7.4260)
38.6615∗∗ (18.4221)
279
173.83

Standard errors in parentheses. * p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

Still, it is interesting to see that there is an inverse relationship between
income inequality and the manufacturing and services sector. Further research
on this issue is important to determine paths of future public policy.

Figure 1.13: Economic Composition and Income Inequality
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Figure 1.14: Change Economic Composition and Income Inequality

6 .  
CO NCLUSI O N

This chapter introduces relevant evidence of the deindustrialization process that
has taken place in Latin America. Although further, country-specific, research is
needed to examine specific patterns, this chapter provides suggestive evidence on
the regional trends that Latin America is exhibiting. Although deindustrialization seems to be the result of multiple, unavoidable, forces, finding services that
can provide the productivity gains that the manufacturing sector offers and have
similar labor-absorbing capacity may provide a new avenue to support the sustainable economic growth of the region. Still, particular attention needs to be paid to
the potential distributional effects that a service-oriented economic structure may
generate. This is particularly true taking into account that the services sector is in
a large degree composed by smaller, informal firms.
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CHAPTER TWO

Measuring Discrimination
in Peru’s Labor Market
FERIDOON KOOHI-K AMALI*

1.  
INTRODUCTION

Separating gender and racial discrimination from human capital and other effects
on earnings is critical for designing effective employment policy. Empirical evidence suggests gender and ethnicity are major influences on wage differentials
in Latin America. Quantification of ethnic and gender effects on wage poses a
estimation bias problem in the presence of sources of discrimination unobservable
to the research such as quality of education and productivity. Such unobservable
influences affect both the entry of individuals into the labor market and their
wage rates once in employment The residuals in the model for market entry and
that for wages would then be correlated, and that correlation, as we argue below,
leads to estimation bias that distort the measured impact of ethnicity and gender
on pay differentials.
In this paper we examine the residual correlation problem and employ a two-
step model of selectivity designed to deal with unobservable sources of bias in the
context of estimating an earnings function for Peru, a country with a large informal economy and a history of discrimination by gender and ethnicity. We first
estimate a base-line Mincerian log of weekly wage specification for a wage function with education, experience, race and gender as key explanatory variables. In
*
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addition, we test this model for the number of hours worked for possibly endogeneity. We attempt to account for the effects of unobservable factors on earnings
that the literature tends to identify with discrimination in the labor market and
discrimination out of the labor market (exclusion), by estimating a measure of
sample selectivity bias and employ that as control variable for unobservable elements in the wage equation. We apply this procedure to the World Bank Peru
LSMS surveys of 1985 and 1994. Our results suggest problems with the base-line
OLS estimates of gender and ethnic effects on wages. After correction for unobservable influences in term of a control variable obtained from the two-step model
and included as an additional variable to the wage equation, we obtain estimates
that suggest strong negative effects of gender and ethnicity on wage rate in Peru’s
labor market. Furthermore, we also present some evidence on the broader theme
of this volume on how the evidence presented on labor market outcomes relate to
individual productivity, sectoral differences, and rural-urban changes over time.
Section 1 examines the literature on gender and ethnic discrimination in
Peru’s labor market and the key influences that drive such discrimination, esp.
the potential pitfalls of disregarding the impact of the unobservable. Section 2
outlines the two-step econometric model of wage determination with correction
for bias due to unobservable factors. Section 3 discusses the data employed and
some of its descriptive features. Section 4 examines the results obtained and a
final Section 5 highlights the relevance of the approach adopted in this paper for
econometric modeling of discrimination and briefly sums up our findings and its
implications for public policy.
2 .  
L I T E R AT U R E

Research on Peru’s labor market has highlighted race and gender as two principal influences on earning disparities. Some of the research employs the popular
Blinder-Oaxaca decomposition method and its extensions to measure race-gander
effects counterfactually if individuals possessed the same characteristics of their
opposites. For example, MacIssac and Patrinos (1995) applies this approach to
the 1991 LSMS of Peru and finds that between 50 and 70% of the ethnic pay differentials are due to observable differences in productivity, while the rest, including the influences of unobservable factors, remain unexplained. Argumedo and
Pimbert (2010) point to the growth of the informal and barter economy in Peru
in the 1990s that disproportionately accounted for the economic activities of the
indigenous population; the study suggests exclusion from the formal labor market is a principal form of discrimination. Field (2007) finds that the government
legalization of property titles to 1.2 million urban squatters between 1996 and
2003 resulted in a substantial increase in hours of labor supply and a shift away
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from work at home to outside work; suggesting the absence of property rights as
an important determinant of extensive and intensive labor market participation
by a segment of Peru’s population that are primarily indigenous. Differences in
human capital has also received attention in research on Peru’s wage discrimination. Figueroa (2010) develops an approach to Peru’s racial wage inequality that
attempts to explain the relative lack of correlation between improving the inter-
ethnic education gap and the inter-ethnic pay gap. The paper notes that differences in pay are determined by access to high wage sectors of the economy, and by
differences in human capital, not years of education, given that quality of public/
private schooling is sharply different in Peru. He argues that inter-ethnic wage
disparity is the outcome of both discrimination and exclusion. The prediction of
this approach, that the rise in the education of the Peru’s indigenous population
will have limited impact on closing its relative racial wage gap, is consistent with
the empirical evidence presented in the study.
A major issue to consider is how to control for the effect of those working age
individuals who are not observed as participants in the labor market, on the wage
function parameter estimates. Nopo (2009) has argued that analyzing Peru’s
highly gender-segmented labor market requires extending the standard Blinder-
Oaxaca decomposition-based comparison of the average female-male wage differential to one based on the gender differences in the distribution of wages. The
study is based on matching identical individual males and females with the same
observable characteristics, and then obtaining the expected value of the earning
differences, or the wage gap. The wage gap is then decomposed into explained
observable and unexplained residual components. The paper breaks down the
gender wage gap into those components and reports 28% of the average gender
pay differences are due to a combination of the unobservable/random components. Moreover, the study maintains that unobservable/random factors relate to
gender differences in access to the labor market rather than to wage differences;
those effects play an even larger role in labor market participation rates. Finally,
the study finds that while during 1990’s, Peruvian females achieved higher years
of education, that did not result in more jobs or better pay. The implicit assumption in this approach is that the mean of the characteristics across the two components are linearly independent of each other; hence can be added to obtain the
mean wage gap. That rules out the impact of the unobservable on the observable variables. Without that assumption, the decomposition of the wage gender
gap into explained and unexplained components would be incorrectly estimated.
Some of these themes in Peru’s ethnic wage disparities are also explored. Nopo
et al. (2004) focus is on correct identification of ethnic status in a model of ethnic wage gap. They note that the Peru’s population are neither a predominantly
indigenous nor white but rather a mixture of ethnicities different in the degrees
of mixture, and that makes ethnic status hard to identify from the self-reported
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ethnicity data. The majority of Peruvians self-report their ethnicity as “Mestiza”
that are perceived by others as very different. As the difference in ethnicity status
data between self-reported and reported by pollsters trained for the research plan,
turned out to be significant, the authors employed the pollster ethnicity data to
estimate ethnic wage gap discrimination by the Blinder-Oaxaca decomposition.
The study reports ethnically related earnings differences mostly in favor of white
workers. Once again, the question of control for variables observable to the firms
but unobservable to the pollsters is left unanswered.
However, there are bound to be many unobservable influences on productivity and other relevant individual covariates, Hackman (1998). Suppose we compare two types of individuals by ethnicity, or gender, who otherwise appear to
have similar observable characteristics. Since the method makes the comparison
at market-level entry, the estimate assumes the difference in market outcome is a
measure of discrimination, ignoring productivity differences gained outside the
labor market before entry. The assumption that all differences in labor market
outcomes between otherwise similar applicants are due to hiring discrimination distorts the identification of the sources of differences in the labor market
outcomes. That distinction is critical for the adoption of effective public policy
i.e. whether policy should target reinforcing equal treatment of similar workers
regardless of ethnicity or gender in the job market, or focus on improvement of
schooling quality and productivity, etc. before market entry.
Yet another alternative approach to the unobservable determinants of the
wage gap estimate is by audit method. The audit method controls for differences
between two job applicants who are assumed to be otherwise similar in terms
of education, skill and personal features, and then compare the outcomes of the
applications to the same firm, and average the outcomes over all firms for the
same pair of individual applicants, in order to obtain an aggregate estimate of
discrimination. Moreno et. al. (2012) applies this method to Peru; Nopo (2012)
more extensively to Latin America by both ethnicity and gender. Hackman
(1998) discusses a number of implicit audit method assumptions are required to
interpret such an estimate as a consistent measure of discrimination. Suppose the
expected labor market outcomes based on the observable characteristics are identical between the audit pair. Then even if unobservable covariates are independent
from the observable ones, the mean productivity will not be equal if individuals
have different mean unobserved characteristics; an unbiased estimate would have
to assume equality of such unobserved characteristics. Hence, it is possible for
the audit approach to conclude no discrimination based on the observables where
there may be discrimination; the likely dependence of the two sets of observable
and unobservable productivity would reinforce estimation bias due to unobservable differences. Furthermore, the method assumes a linear model in characteristics; non-linearity due to different thresholds adopted by firms, typically for the
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level of applicants qualifications, gives rise to another problem to detecting discrimination from the data by audit method. Suppose both ethnic groups have the
same mean characteristics and same productivity but one ethnic group has more
heterogeneity in unobserved productivity characteristics required by employers.
Then even if the more heterogenous group contained more highly qualified individuals, with a longer right-hand distributional tail of unobserved characteristics, the firms will hire more from the less heterogenous group if the unobserved
threshold is set relatively low. That is, despite equal observed and unobserved
mean productivity, difference in unobserved variances can erroneously lead to a
conclusion of no discrimination where the two groups may have unequal probability of selection by employers. The opposite will accrue if the threshold is set
too high.
The unobservable group of individual characteristics includes not only those
gained outside the labor market by choice, but also of those characteristics that
lead to exclusion from having access to that market. One solution to this problem
is to employ a sample that includes observations on all the labor market active
population, namely, both those with reported positive monetary wage pay and
those with zero wage observations, and estimate a wage function by OLS, as in
O’Neil and O’Neil (2005). This would not be a satisfactory solution, especially
for Peru, since there is evidence of substantial labor market participation without
monetary payment, (see below). This type of employment results in a large percentage of the sample observations on wages concentrated at zero. Treating all
such observations as though they were genuinely zero would be to ignore that the
sample would not be random, and randomness (of the error term) is a requirement
of valid OLS estimates. A better alternative is to specify two separate equations
for market entry and for earnings conditional on entry. Barron (2006) examines
two issues for an econometric estimation of ethnic pay differences based on such
a two-equation approach. The share of unpaid labor in Peru is substantial; many
receive payment in consumption goods only. For these workers, the distribution
of monetary pay is truncated at zero. Hence the OLS estimates of the wage equations would be biased, particularly with respect to the estimates for the impact of
ethnicity on earnings in Peru1. He employs a two-stage model with the first stage
equation based on a dummy dependent variable for participation, and the second
stage a log wage equation conditional on positive participation. This approach is
known as the hurdle model since an observation has to pass over the zero threshold to be observed as positive. It should be noted that the estimation employs for
both equations the same set of explanatory exogenous variables. The main finding highlighted in this paper is that exclusion from lack of access to the formal
1

The unpaid workers are mostly indigenous laborers; according to Barron 23% of the unpaid are
indigenous compared to only 8% of non-indigenous.
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labor market is more important than discrimination by wage differential within
the labor market. Despite some interesting results, there is, however, a problem
with the estimated standard errors obtained from the application of the two-stage
model when it is based on the same set of explanatory variables in both market
entry and wage equations. We shall address these in the next section.
The key points that emerge from this literature are: that Peru’s wage gap has
significant gender and ethnic components, and these cannot be analyzed without
taking into account both labor participation and the amount of labor supplied
conditional on participation. The pay gaps are affected by important unobserved
factors that must be taken into account; pay differences are affected by lack of
access to the formal labor market, not solely by discrimination faced in that market. The econometric model outlined in the next section will address these issues.
3 .  
ECO N OM E TR IC MO DEL S

A challenging issue in estimation of an earnings function for an economy like
Peru is that the wage rate as dependent variable may be systematically affected by
omitted factors that influence both the decision to enter the labor market and the
number of hours worked. For example, the quantity of human capital measured
by years of education and experience is often observable from data as explanatory
variables in a wage equation; while other factors, such as ability, or quality of
human capital typically remain unobservable to the researcher. Such unobservable factors would then become a component of the equation’s residual, violating
the OLS assumption of a mean zero error term. More generally, whenever a disproportionately large number of zero observations of the dependent variable are
not quite consistent with a base-line model using only the positive values of that
variable, then randomness of the sample must be tested as the OLS estimates will
suffer from selectivity bias, a particularly important problem in the context of a
labor market analysis. The Heckman selectivity method is designed to correct for
this type of bias by specifying a model based on a wage equation and a separate
labor market participation equation, (see appendix for more details on the issues
discussed below).
Dh=x1β1+μ1 if Dh=1; Dh=0 otherwise
log(wage)h= x2β2+μ2
The assumptions are that the expectation of μ2 conditional on x 2 is
zero: (μ2|x 2)=0; all x1 are exogenous and μ1 is normally distributed, independent
of x 2: E(μ2|x 2 , x1)=0. Taking expectation of log(wage) shows that the correlation
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between μ2 and μ1 is the cause of the estimation bias from sample selectivity.
Because (μ1, μ2) is independent of x1, we write this as
E[log(wage)| x1, μ1]=x 2β2+E(μ2|x1,μ1)
That is, the expected value of log(wage) is equal to x2β2 plus an additional term
λ= E(μ2|x1,μ1) that is a function of x1β1 from participation equation. λ can be estimated by the ratio of pdf to cdf from a probit equation using all sample observations
on working age individuals (those employed in the labor market and those actively
searching work), given y.γ from estimation of the first equation, and is known as
the inverse Mills ratio (imr). Heckman (1976) argued adding imr as an additional
variable to the wage equation provides a test of whether the coefficient values of the
wage equation suffer from sample selectivity bias: a statistically significant t-ratio
for λ rejects the null hypothesis of no selectivity bias. Heckman also demonstrated
that the presence of imr among the explanatory variables of the wage equation controls for omitted unobservable factors to ensure unbiased and consistent estimates.
The application of the Heckman sample selectivity model involves two steps, and
provides a test of selectivity bias and a method of correcting for it. First, we estimate the first equation; then we use imr, as a variable added to the right hand of
the wage equation along with all other explanatory variables.
log(wage)= x 2β2 +δ.λ+ν
x1 and x 2 usually have many variables in common, but for this method to work,
it is critical that x 2 is a subset of x1, hence x1 must contain additional explanatory
variables that are unique to the participation equation.
Two important consequences follow if x1=x 2. First, inclusion of λ in the log
wage equation introduces very high collinearity among the regressors of the wage
equation (4), leading to large β2 standard errors, for details see Wooldridge (2010,
chapter 19). Second, given the joint normality assumption of μ2 and μ1, one can
estimate their covariance σ12. However, σ12 is not estimable if x1=x 2, hence the
two-step model is applied based on the assumption that σ12=0, see Heckman
(1990); also Cameron and Trivedi (2005) for details. The selectivity model would
then reduce to the hurdle model. However, if there are unobservable factors that
are components of μ1 and μ2, and these are correlated with y and x, as it is very
likely, then one cannot reasonably assume σ12 =0 2.
However, two-step equations may contain unobservable factors that influence
both participation and wage equations. The literature examined earlier suggests
2

This is the model employed in Barron (2006) based on assuming only fully observable independent variables.
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several omitted variables that would create correlation between μ1 and μ2. A typical example is differences in ability; more able workers are more likely to find a
job and also more likely to earn more, other things being equal. More relevant
unobservable factors that employers may use to discriminate against indigenous
workers are region of birth, or the name identity of workers, or insecurity of property rights as suggested in the literature discussed. Moreover, although the data
set allow control for quantity of education, quality of education remains unobservable and as evidence for return on education in Peru shows, that may be a
powerful tool of labor market entry against indigenous workers: poor quality of
education manifests in lower productivity and that makes it harder to gain access
to the formal labor market and likely to result in lower wage rates once in the labor
market3. Just like ability, such unobservable factors are likely to be present and
common to residuals of both participation and wage equations, affecting access to
the formal labor market; that is discrimination by exclusion, and discrimination
by lower payment.
Thus, one would have to establish the absence of selectivity bias by conducting a selectivity test based on imr first without assuming σ12=0, and control for it if
the test suggests its presence. This is the version of the Heckman test employed in
this study, with an exclusion restriction involving one or more variables appearing
in the market entry selection equation but excluded from the wage equation. As
a preliminary exercise, we rely mainly on age to be one such variable; it is usually
not included in a wage equation based on years of experience due to its high collinearity affecting the standard errors of the estimates.
We adopt the above approaches for the specification of an earnings function
for Peru bearing in mind the particular features of Peru’s labor market highlighted in the literature. The most common approach to the measurement of labor
market gender and ethnic discrimination is a estimation of a model with log wage
per unit time regressed on education, experience, and experience squared, hours
worked per unit time, ethnicity, and gender dummies.
ln(wage)=α0 +α1.exduc+α2.exper+α3.(exper)2+α4.hoursw+α5.gender+
α6.race+ςβ.z+ε (1)
where z is a vector of additional vector variables, e.g. regions, year fix-effects if
observations also vary over time., interactive terms, etc.; (1) a classical, normally
distributed random error term. Provided (1) is correctly specified and contains
no endogenous variable, estimation by OLS produces unbiased and efficient estimates for measures of discrimination by gender and ethnicity.
3

Chapter One examines the macroeconomic consequences low quality schooling and low productivity on inequality, informal sector and development.
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There are two important problems to face in obtaining unbiased and efficient
estimates for such a wage function. The first is the potential endogenous nature of
hours worked since some individuals may choose the amount of labor supply, particularly in rural areas with subsistence, own production farming. The potential
endogeneity of an observable variable can be tested by a Hausman test provided
at least one effective proxy is available for it, and as long as the sample employed
is randomly selected. At the first stage, each endogenous variable is regressed on
its proxies and all exogenous variables, the error term from this regression is then
added to the earnings equation as an additional variable; a significant coefficient
estimate for this variable would indicate the presence of an endogenous variable.
Number of hours worked (hoursw) in (1) is one such variable and will be tested
for endogeneity. Moreover, the probit model in this paper follows two specifications: first, specification without any exclusion restriction, and a second with age,
age squared and number of children added in the probit equation but not the wage
equation.
Dh= α0+α1.hours^+ α2 .exduc+ α3.exper+ α4.(exper)2+ α5.gender+
α6.race+ςδ.x+μ(2)
Dh=γ0+γ1.hours^+γ2 .exduc+γ3.exper+γ4.(exper)2+γ5.gender+γ6.race+
ςδ.x+β1age+β2age2+β3chd#(3)
where Imr=normal density of ( D̂h / cumulative normal of D̂h)
ln(wage)=σ0+σ1.exduc+σ2.exper+σ3.(exper)2+σ4.hours^+σ5.imr+
σ6.gender+σ7.race+ςβ.z+ η(4)
The two stage selectivity test by imr assumes joint normal distribution of
(μ, η)~N(0, 1). The vector of x variables includes year dummy fix-effects, and
interaction between ethnicity, gender and other independent variables in (4).
This estimation procedure has some bearing on the issues raised in the last
section. First, it controls the effect of unobservable factors other than the random
error that may affect gender and ethnic discrimination in the wage equation. Second, since estimation of imr affects the proportion of working age persons outside
the labor market, the procedure accounts for the impact of an important aspect
of exclusion, namely lack of access to the formal labor market, on earnings. As
the exclusion is likely to affect mainly the indigenous, and/or female labor force
of Peru, this approach goes some way to address the limitations of measuring the
effect of race on earnings using a language-based definition of indigeneity and its
interaction with gender. Imr can therefor provide a compound measure for control

48

|

fer i d o o n ko o h i - k a m ali

of discriminatory and non-discriminatory unobservables, for example differences
in propensity to work, though with its break down between the two components
unknown.
4 .  
D ATA

Data for this study comes from the World Bank LSLM surveys of Peru available
for 1985, 1990, 1991, and 1995. The 1990 survey covers only Lima, while the
1991 survey left out important parts of the country where a survey could not be
safely conducted. In this study we employ the 1985 and 1994 surveys since both
have national coverage. Excluding the individuals who are not in the economically active age group of 14–65 results in a sample size of 25,487 from combining
the 1985 and 1994 surveys, and it is the sample employed in this study. Table 2.1
presents the descriptive data for this sample for the variables employed, while
Table 2.2 shows the distribution of the sample by gender and indigenous status
for the full sample of 25487 down to the level of the sample employed in the
wage equation using only the observations for which wage>0, a sample size of
2,396. Note that there are 202 wage observations equal to zero that include 200
individuals whose working hours are greater than zero. We consider these 202
persons out of the labor market and treat them the same as those individuals who
do not report their wages information. Note that a very low share of indigenous
workforce is indicative of poor identification indigenous by language. Note also
the higher share of women in the labor force but their lower share in the labor
market (opposite holds for the indigenous labor). Finally, it should be mentioned
that the survey defines experience by the number of years in employment in the
same category of work.
We draw attention to a number of features of this sample that relate closely
to the issues of exclusion and discrimination by gender and indigenous status in
the labor market.
a. The adequate information for the identification of the indigenous population is not available in the data sets. The three common methods of identification
are: by last names of job applicants, by rural district of birth, and by mother
tongue. The first method, evidently commonly used to identify indigenous status,
results in a significantly fewer call of job applicants back, but the information
is not available from our data set. The other two both understate the size of the
indigenous labor force. District of birth method does not count as indigenous
the children of immigrants in urban centers; the mother langue method does not
count as indigenous the generation who have lost their mother tongue (school
instruction in Peru is only in Spanish). The information for district of birth is
unavailable, hence we employ mother tongue to identify the indigenous workers.
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On this basis, the indigenous active population was 3.4% of the 1985 sample,
18.5% of the sample in 1994, and 13% in the combined sample. This figure compares to 14.5% as the indigenous population share in Peru’s labor market reported
in MacIssac and Patrinos (1995, table 1). This is far below the indigenous share of
the population in Peru. Other sources suggest a much larger share of indigenous
persons, at least in the population, if not in the labor force. Since many among
Peru’s indigenous population, especially in the urban areas, receive education in
Spanish, the identification of ethnicity by language is in any case inadequate. We
also note that we focus on Peru’s indigenous population since the share of the
Afro-Caribbean population is relatively small.
b. The surveys provide data on education only in terms of six different levels of
education achieved rather than number of years of schooling. However, the lowest
category of illiterates constitutes only less than 10%, and yet 41.3% of individuals
have missing values for education. A large percentage of the indigenous population 14–65 years of age falls into this category. In this study all such missing
cases are allocated to the educationally illiterate category. Hence, the high correlation of low wage, informal sector employment with indigeneity status should
be borne in mind in interpreting the indigenous coefficient estimates below; the
same applies to the correlation between gender and informality, Nopo (2009)
presents similar evidence between gender and informality, see Nopo (2009) presented similar evidence on the relationship between the gender-informality.
5 .  
R E S U LT S

Table 2.3 presents the results obtained from implementing the above model. All
estimates, except for probit equations (2) and (3)4, have (White) heteroskedastic-
corrected standard errors. The first column shows the OLS estimates for (1). The
additional variables are year (fix-effects), a small (0–6 years) child dummy; a married status dummy, a labor union membership dummy, and three sector dummies,
with agriculture as reference. Education level has six category dummies, with the
lowest illiterate group acting as the reference.
All variables have the expected signs, Lima and the small child dummy are
statistically significant at α=5%; all the rest at α=1%. In particular, being a woman
and being an indigenous both have significant negative impacts on wage rate.
Note that all individuals with more than the lowest education level earn more
than that reference group. The indigenous labor force is mainly concentrated in
4

Variance of binary variable Dh is p(1-p) where p=-x’1β1. If the model is correctly specified,
correction for heteroscedasticity has no benefits; corrected and uncorrected standard errors
remain the same, see Cameron and Trivedi (2005, p. 469)
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the agricultural sector (see Table 2.2) and since this is the reference base for sectors, the evidence suggests workers in all other sections receive higher pay.
The evidence also suggests much the same for gender bias with regard to education and sectors since the shares of women is likely to be significant in the lowest
(reference) educational level, and the lowest agriculture/service sectors compared
to men. Column 2 repeats column 1 estimates with a Hausman endogeneity test
for number of hours worked (roh) as discussed above, using additional-payment-
in-kind (payinkind) as an instrument. The test fails to reject the null hypothesis
of no endogeneity (t_roh=0.34). Otherwise columns 1 and 2 are very similar. In the
rest of this paper, we treat working hours as an exogenous variable.
Next, we examine how much this evidence is affected by sample selectivity
bias. Columns 3 and 4 present the results obtained from the estimation of the
(2)–(4) model with control for selectivity bias but without imposing any exclusion
restrictions, that is the LH variables are identical in both equations. Note that
none of the education-level effects in the probit equation (2) are significant, but
experience and sector effects are significant determinants of the probability of
labor market entry. From this equation we obtain imr by (2), and add it as an additional variable to (4) to control for selectivity bias; column 4 shows the outcome.
First, note that the test suggests selectivity bias resulting from potential lack
of randomness in the earning sample given that imr is significant at α=5%, with
a t-ratio of -2.09. Note that the model (2)–(4) accounts for bias from potential
correlation between the residuals of the two equations affected by the compound
measure of the omitted (unobservable) influences, some of which are those that
affect ethnic and gender discrimination, although we cannot control separately
for the unobservable effects of discriminatory and non-discriminatory influences,
for example, due to individual differences in ability. Since Dh in (2) is defined
over the economically active population aged 14–65 years with zero values for
wage payment, imr in part controls for exclusion effects that stem from lack of
access to the formal labor market, and other unobservable influences related to
name or region of birth, the effects of insecurity of property rights, and others
of this type.
Finally, columns 5 and 6 address the impact of imposing exclusion restrictions on the two-step Heckman model employed in columns (3) and (4). As a
preliminary exercise, we employ age, age-squared and number of children as additional variables in the probit equation (3), and include imr obtained from (3) as a
variable in (4). The estimates by (3) given in column 5 show age and age-squared,
but not number of children, to have significant effects; otherwise, the results
between column (2) and column (4) are very similar. However, the estimated
standard error on imr increases with the exclusion restriction imposed, and the
t-ratio falls (from -2.09 with no restriction to -1.9) as the exclusions imposed on
(4) leads to more accurate estimates with reduced multi-collinearity between imr
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and other variables in (4). However, the new imr t-ratio still rejects the hypothesis of no selectivity bias, suggesting that with control for unobservable factors,
the estimates in columns (4) and (6) are unbiased while those in columns (1) and
(2) are not. Column (6) incorporate the best estimates of this paper, although a
more effective list of exclusions might secure larger reductions in collinearity, and
more accurate estimates. The remaining variables in column 6 are similar in size
and significance to those in column 4. The model is well determined and has the
statistically significant expected signs. In particular, the final estimates point to a
significant reduction in earnings if the worker in the labor market is a female or
indigenous, after control for unobservable effects, including discriminatory practices.
Quantification of the marginal effects of replacing an indigenous or a female
worker with a non-indigenous or a male worker must account for the interaction estimates. The interaction parameter estimates should be assessed at selected
sample values for the gender and ethnic indicator dummies. In this case, the sample means would produce large distortions, given the number of zero observations, especially for indigenous status dummy, see Table 2.2. Hence, we use the
first non-zero percentile, equal to 1 for both gender and indigenous dummies
(for gender, this happens at the median, and for ethnicity at the 90th percentile).
An approximation for the gender and indigenous marginal values can thus be
obtained by simple summation of each parameter estimate and the interaction
estimates. Applying this method to gender and interaction estimates in column
(1) gives a fall of -13.6% compared to a fall of -9.7% with column (6) estimates for
gender. Similarly, addition of the indigenous and interaction estimate provides an
approximate percentage of fall in weekly wages by indigenous status. The calculation in this case leads to a fall of 20.2% based on column (1) estimates and but
-16.6% based on column (6) estimates. Hence, while both models suggest large
falls, there are notably smaller declines obtained by the two-step selectivity model
compared to the single equation model 5. Some further evidence on the impact
of time dummy for 1985–94 and rural-urban migration and sectoral changes in
employment are given in Appendix 2.

5

The exact percentage changes in earnings by the difference of 1 from the exponential values
of the above calculations, in percentage terms, are all somewhat lower, but the key differences
between the OLS values and the selectivity model values remain much the same as above.
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6 .  
CO NCLUSI O N

This paper examined ethnic and gender discrimination in weekly wage earnings
for Peru employing the LSMS of 1985 and 1994. We estimated a base-line, single
equation linear wage function with an observable set of explanatory variables, and
tested that model for whether hours of labor supply is endogenous. The model
appeared well-determined with exogenous labor supply and with gender and ethnic estimates consistent with discrimination. However, the literature attributes a
large share of pay differential to a mix of observable and unobservable factors. In
this study we attempted to isolate the latter by estimation of a sample selectivity
bias control, and the preliminary results suggest that once a portion of variation
in log of wage due to unobservable factors is accounted for, the null hypothesis of
no estimation bias is rejected. We obtained estimates of ethnic and gender effects
on wage rates with control of unobservable factors, though the method does not
offer separate estimates for discriminatory and non-discriminatory components
of that control. Our best results, obtained with a two-step selectivity model with
exclusion restrictions imposed, demonstrate statistically significant, strong negative effects of gender and ethnicity on individual wage rates. We also explored the
bearing in our approach to some key influences regarded as root causes of Latin
America’s inequality in Appendix 2.
The method for test and control of unobservable factors employed in this
study are standard and widely applied in many fields. However, its application to
an analysis of labor market discrimination in Peru has not been explored despite
the focus in the literature on sources of exclusion and discrimination. The contribution of this paper are two folds. First, it demonstrates the potential of the
approach for a developing Latin America economy with a large informal sector
where it is critical to model unobservable factors to obtain far more credible estimates of ethnicity and gender effects on wage rates. Its second contribution is in
obtaining empirical evidence that labor market entry in Peru is not affected by
productivity (education) differences but mainly by the sectors of the economy;
hence exclusion appears to be the outcome of limited labor absorbing capacity
between available skills and available jobs. However, the evidence suggest public
policy should pay attention to the significant impacts of differences in productivity and education on earnings, and the presence of significant degree of gender
and indigeneity discrimination faced by employed Peruvians.
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Table 2.1: List of Mean and Standard Deviation Values of Each Variable
Variables
Logwage
Experience (years in same
job)
experience2
Working hours
Lima (1 if living in Lima)
unionmemb (1 if unionized)
indigenous (1 if indigenous)
Gender dummy (1 if female)
married (1 if married)
payinkind (1 if pay-in-k ind)
Age
smallchild (1 if child <
6 years)
Childnumber
edu1 (1 if illit. or basic
educ.)
edu2 (1 if primary diploma)
edu3 (1 if secondary
diploma)
edu4 (1 if technical diploma)
edu5 (1 if post-2nd diploma)
edu6 (1 if univ. degree or +)
agriculture (1 if in agri.
sector)
comm_finan (1 if com. or
fin)
indust_const (1 if ind. or
cons)
service (1 if in service sector)
sample size

Mean

Standard Deviation

4.227612
0.7605838

1.297949
3.87881

15.62306
0.7790246
0.280339
0.0133794
0.1074666
0.5195982
0.6227096
0.0072978
33.40264
0.562012

122.6202
2.499058
0.4491736
0.1148951
0.3097116
0.4996256
0.484718
0.0851168
13.99608
0.4961493

0.9997646
.0576372

1.137146
.2330607

.320791
.3535528

.4667898
.4780818

.0247577
.0475144
.095382
.2103818

.1553889
.2127406
.2937476
.4075878

.1049947

.3065526

.079413

.2703876

.0896928

25,487

.2857467
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Table 2.2: Sample Distribution of Zero and Missing Wage Observations by Indigenous
Status, Gender & Sector (Percentages in Brackets)
wage missing or wage=0 &
wage>0 and hours>0
(hours=0 or >0)
23,091 (90.6)
2,396 (9.4)
Wage missing or Wage=0 & Hours>0
Wage missing or Wage=0 & Hours=0
202 (0.9)
22,889 (99.1)
(Wage missing or Wage=0 & Hours=0 or >0) & (wage>0 and hours>0) Sample
(25487):
Indigenous
Non-Indigenous
2739 (10.8)
22748 (89.2)
Man
Woman
12244 (48.0)
13243 (52.0)
Wage>0 & Hours>0 Sample (2396):
Indigenous
Non-Indigenous
179 (7.5)
2217 (92.5)
Man
Woman
1441 (60.1)
955 (39.9)
Agriculture
Commerce & Finance
503 (21.0)
623 (26.0)
Construction & Industry
Service
613 (26.0)
655 (27.0)48.0)
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Table 2.3: Estimation of Log of Weekly Wage in Peruvian Labor Market, 1985– 1994
(standard errors in brackets are corrected for heteroscedasticity in columns 1–2, 4 & 6)
eq. 1

eq. 1 + rho

eq. 2 probit

.052 (.014)**

.559(,016)**
.014(.114)

Hourswork

.057 (.008)**

educ3

.668 (.122)**

.669 (.122)**

educ5

.898 (.142)**

.896 (.142)**

educ2
educ4

.367 (.120)**
.627 (.154)**

.368 (.121)**

.629 (.155)**

eq. 4+eq.3

imr

eq.3probit

.038(.012)**

.559(.016)**

.039(.012)**

.670(.099)**

-.017(.117)

.670(.099)**

-.119(.169)

.893 (.131)**

-.128(.172)

.894 (.131)**

.119(.011)**

.037(.007)**

.123(.011)**

.038(.007)**

.043(.109)

.0157(.158)

.630(.141)**

.136(.161)

.630(.141)**

-.001(.000)**

-.001(.000)**

-.003(.000)**

-.001(.000)**

-.003(.000)**

-.001(.000)**

finan_com

.661 (.076)**

.668 (.079)**

1.29(.092)**

.631(.073)**

1.31 (.093)**

.633 (.073)**

-.094(.046)*

-.090(.056)

-.031(.088)

-.095(.046)*

indust_con
Service

Smallchild
Married

.535 (.075)**
.513 (.078)**
-.095(.046)*
.393(.050)**

.542 (.077)**
.520 (.080)**
.390(.050)**

1.43(.096)**

1.48(.098)**
-.075(.062)

.484 (.073)**
-.095(.046)*
.40 (.052)**

1.52 (.100)**
.036(.082)

.486(.073)**

.400(.052)**

-.190(.066)**

Year

-.083(.007)**

-.083(.007)**

-.129(.014)**

-.082(.006)**

-.130(.014)**

-.082(.006)**

Indigen

-.591(.118)**

-.591(.118)**

.136 (.155)

-.598(.101)**

.148 (.155)

-.598 (.101)**

Gender

gend*indig
rho_ hours

-.525(.049)**
.389(.194)*

Age

.550(.070)**

-.524(.049)**
.388(.194)*
.004 (.013)

2.85(.562)**

.206(.058)**
-1.03(.218)*

.508 (.068)**

-.529(.043)**
.435(.182)*

.200(.058)**

-1.03(.217)**

.510 (.068)**

-.529(.048)**
.432(.182)*

.0003(.0002)*

children #
Cons

2.84 (.558)**

-. 200(.062)*

-.030(.009)*

(age)2
Imr

.023(.090)

.505 (.071)**

-.191(.066)**
.534(.051)**

-. 200(.062)*

1.45 (.098)**

1.26(.115)**

Lima

Union

.027 (.090)

.503 (.071)**

.105(.135)

.371(.094)**

(experrien)2

.044(.011)**

1.26(.115)**

.029(.109)

1.26 (.133)**
.041(.007)**

.108(.132)

.372(.094)**

imr

educ6

Experience

1.26(.133)**

eq.4+eq.2

168.(13.0)**

166.(14.0)**

253(28.0)**

-.130(.0623)*
165(12.7)**

.022(.022)

256(28.1)**

-.120 (.0624)*
165. (12.7)**

Notes:
* indicates significance at α=5%, and ** indicates significant at α=1%. col.1-OLS estimates by (1), R 2=0.345;
col.2-equ. (1) plus rho for a Hausman test of hoursw with pay-in-kind as instrument (2sls 1st stage=6.04 with t-
ratio= 23.38); col. 3. by probit equ. (2) with dep. variable=1 if observed to be in the market; =0 otherwise; col.
4. equ. (4) plus imr obtained from equ. (4)/col. 3-t-ratio on coefficient of imr=-2 .09; corrected standard errors
also adjusted for λ̂ , col. 5 by probit equ. (3) plus age, age2, and no. of children, col. 6. equ. (4) plus imr obtained
from equ. (3)/col. 5-t-ratio on coefficient of imr=-1.93; corrected standard errors also adjusted for λ̂ .
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6.1-Appendix 1: Test and Control of Sample Selectivity Bias by Two-
step Model
A major shortcoming of a single-equation wage discrimination model is that it
ignores the impact of the working age population outside the labor market on the
parameter estimates obtained. There are, however, different possible mechanisms
that transmit the effects of market entry to the wage equation. For instance, more
able workers are also more likely to be observed in the labor market and earn
higher wages; exclusion of such effects leads to biased estimates. This bias will be
more pronounced if there are more zero observations for entry than is consistent
with the wage model. In the sample working age individuals of this study, zero
wage observations are nearly 10 times larger than observations with positive wage
values (see Table 2.2). One common approach to this problem is to adopt a two-
step model with separate specifications for the market entry decision and for the
amount earned conditional on that decision. One estimates the probability of
entry given the workers characteristics such as age or education. Obvious choices
are, for the entry equation, a probit specification and, for the wage equation, a
lognormal specification.
Dh=x1hβ1+μ1h

(1)

lnwh=x 2hβ2+μ2h\

(2)

Dh=1 if x1hβ1+μ1h>0 & Dh=0 otherwise

(3)

and

where x1 and x2 are vectors of explanatory variables for individual h, including the
intercept, and it is further assumed that μ1 and μh are each normally distributed for
the sample individuals. This is the hurdle model since a positive value for entry is
observable only if it crosses a threshold set for Dh. The hurdle model is useful if x1h
and x 2h are fully observable and it is typically applied by employing the same set of
explanatory variables in both (1) and (2). The key assumption, however, is that μ1h
and μ2h independent from each other, see Wooldridge (2010, pp. 694–6); therefore,
the expected value of earnings is conditioned solely by observables that appear in
x1h but not through any correlation in the error terms of (1) and (2). Since logarithmic specification requires using positive wh>0 observations, expectation of
lnw conditional on Dh=1 is
E(lnw)=E[(x 2β2) +μ2| x1β1+μ1>0= x2β2 +E[μ2| μ1 > -x1β1].
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Given independence of μ1 and μ2, E(μ2)=0 regression of lnw on x 2 will produce consistent estimates ofβ2. However, (1) may contain unobservable factors that
influence both (1) and (2). Such a common list of omitted variables would create
correlation between μ1 and μ2. For example, differences in ability but also ethnic and gender discriminatory influences, such as absence of property rights, and
poor quality of education. Such influences would affect the unobservable components of the gender and ethnic gaps in both market entry and in wage payment,
although the observable components of gender and ethnicity gaps can be further
controlled in (1) and (2) by an addition of an interactive term between gender
and indigenous variables. However, joint variation of μ1 and μ2 violates the classical assumption of a zero mean μ2 error tem in (2); that assumption is required
to ensure sample randomness. Lack of randomness implies biased and inconsistent estimates obtained from the selected sample in question, namely, more
able workers disproportionately have selected themselves in the sample. Heckman
proposed a solution to overcome this problem by assuming μ1 and μ2 have joint
normal distribution so their dependence can be expressed linearly by
μ2=σ12μ1 + ξ

(4)

where σ12 measures the covariance and where ξ is a mean zero classical error term
independent of μ1. The two-step model with jointly normal error terms provides
the basis of the most popular variety of Heckman’s sample selectivity bias model,
Heckman (1976), and that is also the model briefly outlined below.
The expected mean for (2), given w>0, is now
E(lnw | x1, D>0)=E[(x2β2) +μ2| x1β1+μ1>0]=x2β2 +E[μ2| μ1 > -x1β1]
=x 2β2 +E[σ12μ1 + ξ | μ1 > -x1β1]=x 2β2 +σ12E[μ1| μ1 > -x1β1]

(5)

Division of μ1 by σ1 turns (μ1 /σ1) into a standard normal distribution variable [μ1/
σ1 > (-x1β1)/ σ1]. Using the property for the expected mean of a truncated distribution6, we can obtain the conditional expectation of lnw as
E(lnw | x1, D>0)=x2β2 +σ12λ
where φ stands for pdf and ϕ for cdf, and

6

For z~N(0, 1), E[z|z>c]= φ (c) / 1- ϕ (c); ϕ (c) measures probability by the area in the standard
normal ϕ to the felt of c, Pr[z ≤ c], hence Pr[z>c]=1-ϕ (c) for a constant c. In this case, φ (-c)= φ
(c), and
1-ϕ (-c)= ϕ (c), hence E[z|z> -c]= φ (c) /ϕ (c).
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φ (- x1′ β1 / σ1 )
Φ (- x1′ β1 / σ1 )
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(6)

λ is known as the inverse Mills ratio (imr). The Heckman selectivity model obtains
estimates of (6) from a probit equation with a binary dependent variable, and adds
that as an additional exogenous variable to the log wage equation:
lnwh=x 2hβ2 + δλh(- x1β1)+νh

(7)

(7) now replaces (2) to control for omitted unobservable factors, and νh is a
normally distributed error term independent from the explanatory variables in (7),
including λ. This model provides a direct test for the null hypothesis of no selectivity
bias based on the t-ratio obtained for its coefficient estimate, δˆ . A statistically significant value rejects the null hypothesis; while adding a significant imr in (7) will
control for unobservable sources of estimation bias, some differences such as ability are non-discriminatory, and others, such as differences in quality of education,
are discriminatory in terms of impact on exclusion and pay differential. Therefore,
estimation of (7) by OLS will provide unbiased and consistent parameter values.
Heteroskedasticity correction for standard errors for this model is complicated since
it relies on an estimate of λ; therefore, adjustment must be made for the fact that λ
itself is an estimate, in addition to any correction necessary for homoscedasticity.
The above model will be poorly identified if an identical vector of variables
is employed in entry and in wage equations; therefore, the simplifying assumption that x1=x 2 is far more critical for the selectivity model than for the two-step
model with all independent variables fully observable. This results fromx1=x 2, λ(.)
in (7) which would be highly collinear with another set of explanatory variables in
that equation, namely x 2. Given x1=x 2, it would be very likely that point estimates
obtained for (1)–(3) will have larger standard errors. This highlights the need
for additional variation unique to x1β1 in the probit equation for more accurate
estimates. There is therefore, a critical role for employment of one or more exclusion restrictions on variables that are included in the probit equation but excluded
from the wage equation. With x1≠x 2, exclusion restrictions will introduce greater
variability across x1β1 observations to enable the model to tell apart the effects of
participants and nonparticipants on earnings.
Of course, even with x1=x2, we still have some variation unique to the probit
model of entry by the nature of its nonlinear functional form and in contrast to the
log linearity of the wage equation. With this type of exclusion restriction, parameter
identification relies solely on functional form restriction. If however, non-linearity
is limited rather than pronounced, then identification by functional form would still
be rather poor; therefore, effective selectivity bias test and control often rely on the

60

|

fer i d o o n ko o h i - k a m ali

critical role played by at least one exclusion variable blocked from the wage equation
and unique to the entry probit equation, for example, fixed costs of entering the
labor market such as time or distance to and from work, or age and age squared.

6.2-Appendix 2-Impact of Time Dummy on Rural-urban and Sectoral
Employment Differences
Some aspects of the results presented above have implications for the broader
themes of inequality in Latin America. Perhaps the most striking features of the
two-equation model employed in columns 3–6 are insignificant educational levels
and indigenous dummy; only gender is significant in both market entry and wage
equations. This suggests, given control for the unobservable, education as a proxy
for productivity differences plays little part in exclusion from the labor market,
while education has highly significant positive impact on earning differences once
in employment; both gender and indigeneity also affect earnings significantly,
and in the expected negative direction. Some other estimates also provide indirect
suggestive evidence on related issues of labor migration, and the relative size of
the service sector; Lima dummy is significant only in the wage equation; insignificant in the market entry equation, though the three sectoral dummies remain
highly significant in both the entry and wage equations.
Despite the lack of direct information on Peru’s outmigration and informal
employment in the data set, it is possible to obtain some idea about the root causes
of Latin American inequality, using interactive terms for the consistently significant variable year in Table 2.3 for change over 1985–1994. The results are
reported in Table 2.4 using the same entry-wage equations as in columns 5 & 6
of Table 2.3, but this time once with date and Lima interactive in columns 1 and
2, and once with date and sector interactives in columns 3 and 4. The outcome is
broadly similar to that evident from Table 2.3, columns 5 and 6. Entry is significantly affected by Lima*date interactive (column 2) only in the wage equation, the
main influences on entry are sectors and formal sector union membership, among
others. We note that exclusion restrictions by age and age squared, required for
identification of the parameters of the wage equation, are both significant, as is
imr control for the unobservable. The same conclusion applies to the results in
Table 2.4, columns 3 and 4 based on statistically significant date*sector interactives, with the important difference that imr is no longer significant. It is an
open question whether this outcome is due to the effective control for the unobservable, given significant age exclusion restriction, or due to a limited number
of restrictions. The answer may require a longer list of restricted variables such as
age, education and employment status of the individuals’ spouses to explore in a
future study. Thus, Table 2.4 provides some indirect evidence of the influences of
education, productivity, migration and informality on earnings differences.
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Table 2.4: Log of Wage Estimates Inclusive of Interactives with Date, 1985– 1994 (Standard Errors in Brackets are Corrected for Heteroscedasticity)

Hourswork
Educ2
Educ3
Educ4
Educ5
Educ6
Smallchild
Experience
(Experrien)2
Indust_Con
Finan_Com
Service
Indust*date
Finan*date
Service*date
Lima
Lima*date
Year
Union
Married
Gender
Indigen
Gend*Indig
Age
(Age)2
Children #
Imr
Cons

eq.3probit

eq.3probit

.559(.016)**
.028(.109)
-.018(.116)
.135(.161)
-.129(.172)
.104(.135)
-.031(.088)
.123(.011)**
-.003(.000)**
1.45(.098)**
1.31(.093)**
1.52(.100)**
_
_
_
_
.007(.052)
-.130(.014)**
2.84(.558)**
.035(.082)
.197(.058)**
.148 (.155)
-1.03(.217)**
-.028(.014)*
.0003(.0001)**
-.044(.039)

.040(.012)**
.375(.095)**
.671(.099)**
.636(.141)**
.892(.132)**
1.26(.115)**
-.098(.046)*
.038(.007)**
-.001(.000)**
.504(.071)**
.631(.073)**
.487(.073)**
_
_
_
_
-.064(.035)*
-.085 (.007)**
.516 (.066)**
.402 (.052)**
-.528 (.048)**
-.596 (.101)**
.426 (.182)**

255(28.7)**

-.114 (.062)*
172(13.5)**

eq. 4+eq.3
imr
.555(.016)**
.075(.108)
.019(.114)
.185(.160)
-.148 (.177)
.152 (.133)
-.022(.089)
.136(.011)**
-.003(.000)**
_
_
_
1.15 (.075)**
.995(.064)**
1.24(.078)**
-.116(.096)**
_
-.185(.051)**
2.82(.568)**
.042(.084)
.170(.059)**
.247 (.154)
-1.03(.220)**
-.029 (.014)*
.0003(.0002)
-.041(.039)
366 (29.9)**

eq. 4+eq.3 imr
.048(.011)*
.387(.094)**
.705(.098)**
.669(.141)**
.934 (.131)**
1.31 (.114)**
-.098(.046)**
.038(.007)**
-.001(.000)**
_
_
_
.336 (.048)**
.370(.048)**
.272(.051)**
-.234(.062)**
_
-.110(.007)**
.523(.067)**
.408(.052)**
-.504(.048)**
-.574 (.102)**
.387(.182)*

-.060 (.061)
221 (13.8)**

Notes:* indicates significance at α=5%, and ** indicates significant at α=1%. Col. 1. by probit equ.
(3) with dep. variable=1 if observed to be in the market; =0 otherwise, plus interactive terms of
date and sectors, col. 2. equ. (4) plus imr obtained from equ. (3) plus interactive terms of date with
sectors-t-ratio on coefficient of imr=-1.83; corrected standard errors also adjusted for λ̂ , col. 3 by
probit equ. (3) plus age, age2, and no. of children and plus interactive terms of date with Lima; col.
4. equ. (4) plus imr obtained from equ. (3) plus interactive terms of date with sectors—t-ratio on
coefficient of imr=-0.97; corrected standard errors also adjusted for λ̂ .

CHAPTER THREE

Household Shocks
and Child Labor
Incidence: Evidence
from Peru
ROGER WHITE1 AND FORREST ROULEAU

1. I N T R O D U C T I O N

The impetus for the work presented in this chapter is the continued prevalence of
child labor and the associated ethical dilemmas that cut across numerous social,
economic, and cultural environments. One explicit consequence of child labor is
its potentially negative influence on child development and, thus, on child welfare2. Unfortunately, especially in developing economies, households sometimes
find it necessary to rely on a child’s earnings to have sufficient income on which
to live3. Although more restrictive labor laws in advanced economies serve to
limit child labor, simply declaring child labor an illegal activity in a developing
economy is often neither a practical nor an economically-feasible impediment to
child labor. To reduce child labor incidence, it is critical to address the factors that
contribute to household reliance on children’s earnings. Necessary steps in this
process include identifying and understanding the factors that result in parents
1
2

3

Corresponding author. Email: rwhite1@whittier.edu. 13406 E. Philadelphia Street, Whittier, CA 90602 USA. Phone: (562) 907–4908. Fax: (562) 907–4956.
Heady (2003) and Rosati and Rossi (2003), for example, report that engagement in child labor
is negatively related to primary school test scores and, thus, learning achievement. Similarly,
Saddik et al. (2005) finds that exposure to solvents adversely affect the neurobehavioral performance, memory, and motor dexterity of working children.
While our data does allow for the identification of child labor activity, it is not sufficiently
detailed to permit us to identify hazardous forms of child labor (i.e., work performed in dangerous and/or unhealthy conditions that may result in a child’s death, injury, or illness).
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sending their children to work. Towards this end, we augment the existing literature on child labor by examining a potential relationship between household
shocks and child labor incidence.
Few studies analyze the influences of household shocks on child labor. Of
those that do, Beegle, et al. (2006) reports that household shocks in Tanzania,
especially those related to crop losses, increase the estimated likelihood of child
labor by 30%. Acheampong and Huang (2018) provide similar findings, noting
that agricultural shocks increase child labor hours within households in Nigeria.
Expanding beyond agricultural shocks, Vasquez and Bohara (2010) find that natural disasters are more likely to increase child labor incidence in Guatemala, as
compared to socioeconomic shocks such as inflation. While these three studies
examine several facets of the relationship between household shocks and child
labor activity, the associated literature is quite limited, perhaps due to a paucity of
data/information on shocks; thus, many related empirical questions remain open.
To estimate the potential influences of household shocks on the probability
that the typical child (5–14 years of age) engages in labor activity, we estimate
a series of binomial logit specifications while controlling for associated child-,
parent-, and household-specific influences. We adopt the definition provided by
the International Labour Organization (ILO) and identify work activities that
are detrimental to a child’s development as child labor. Our data are from longitudinal household surveys that were conducted in Peru during the period from 2002
through 2017 as part of the International Study of Childhood Poverty (UK Data
Service, 2019)4. The uniqueness of our data permits consideration of whether and
to what extent household shocks influence the probability that a child engages
in labor activity. We also determine whether the impacts of household shocks
on child labor vary based on the number of shocks experienced, and we consider
whether the relationship between household shocks and child labor differs based
on the type of shock(s) that the household experiences.
Our results consistently indicate a positive and statistically significant relationship between household shocks and the likelihood that a child will engage
in one or more labor activity. For example, for an otherwise typical child, each
household shock experienced since the most recent survey date increases the predicted probability of engagement in child labor by 1.26 percentage points. When
we employ a binary measure of household shocks (i.e., no shocks or one or more
4

The data used in this publication come from Young Lives, a 15-year study of the changing
nature of childhood poverty in Ethiopia, India (Andhra Pradesh and Telangana), Peru and
Vietnam (www.younglives.org.uk). Young Lives is funded by UK aid from the Department for
International Development (DFID) and co-f unded by Irish Aid. The views expressed here are
those of the authors. They are not necessarily those of Young Lives, the University of Oxford,
DFID or other funders.
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shocks), we find that experiencing one or more household shocks increases the estimated probability of child labor incidence by 4.12 percentage points. Considering
variation in the relationship across the number of shocks a household experiences,
we find a distinct and largely consistent pattern of statistical significance and
coefficient magnitudes. Experiencing a single shock since their last survey does
not significantly increase the probability of child labor activity. However, if the
household experienced two shocks since their most recent survey, the estimated
probability of child labor increases by 4.2 percentage points. Interestingly, the
difference between the “one shock” and “two shocks” coefficient estimates is significantly different from zero; however, the estimated coefficients that correspond
with three, four, and five or more household shocks do not differ significantly
from the coefficient obtained in the “two shocks” case. Further, when employing
separate variables to represent seven different forms of household shocks, we find
that experiencing an economic shock or a family shock increases the probability
of child labor incidence by 3.34 percentage points and 1.86 percentage points,
respectively. Lastly, we also report statistically significant relationships between
specific forms of child labor activity (i.e., paid labor, home care, and household
tasks) and the incidence of household shocks, the number of shocks experienced
(i.e., one shock, two shocks, etc., up to five or more shocks), and the type(s) of
shock(s) experienced (e.g., crime shocks, economic shocks, environmental shocks,
housing shocks, etc.).
The next section reviews the related literature and includes discussions of the
child-, parent-, and household-specific characteristics that we consider as potential determinants of child labor incidence. Particular focus is placed on studies
that examine the influence(s) of shocks on child labor. This is followed in Section 3 by the explicit statement of our research questions, the presentation of our
empirical model, and the introduction of our data, variables, and econometric
methodology. Our results are detailed in Section 4, and Section 5 concludes.
2 .  
R E V I E W O F R E L AT E D S T U D I E S

The theoretical works that examine the varying facets of child labor generally
follow household production theory or a bargaining model approach. Household
production theory assumes a common utility function that members of the household seek to collectively maximize subject to the constraint of total household
income. The bargaining model approach allows each member of the household to
have a different utility function that they individually seek to maximize subject
to a common/household income constraint. Both approaches emphasize intra-
household resource allocation. Given the prior establishment of theoretical bases,
and as our study is an empirical work, we forgo a detailed discussion of the related
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theoretical literature in this section and instead discuss the bases for our study in
greater depth in Section 3. Discussions of the theoretical modeling that serves as
a foundation for empirical studies on child labor can be found in Ray (2002), Basu
(1999), Basu and Van (1998), Grootaert and Kanbur (1995), Moehling (1995),
and Bourguigon and Chiappori (1994), among others.
To provide context for our study, we focus our review on the empirical works
that analyze child labor. These studies can generally be categorized as either
macro-oriented or micro-focused. The macro-oriented works analyze the relationships between child labor incidence and macroeconomic variables such as
national income, income inequality, economic development/
growth, international trade, foreign direct investment, etc. The literature that is micro-focused
examines child labor incidence while emphasizing poverty, returns to education,
imperfections in land and labor markets, fertility, and gender-based differences.
These two perspectives are certainly connected. For example, macroeconomic
changes often impact decisions at the micro/household level. Similarly, such
changes—especially when negative—are likely amplified in relatively less developed countries where it is more common for households to have a reduced ability
to counter or negate change(s). Central to the topic of our study, shocks may
influence household decisions including those related to child labor activity. Even
so, as noted in Acheampong and Huang (2018), few studies have examined the
relationship between household shocks and child labor incidence.
One of the most frequently researched determinants of child labor incidence
is household income. If a family is unable to meet its basic needs, children may be
employed to earn additional income; otherwise, children will generally engage in
developmental activities. In their seminal paper, Basu and Van (1998) classify this
as the luxury axiom, within which parents are assumed to exhibit altruistic behavior towards their children. The substitution axiom states that in competitive labor
markets firms view child and adult labor as substitutable (Basu and Van, 1998).
Thus, when adult labor is insufficient to meet the basic needs of a household,
incentives at the household-level and the conditions facing firms are conducive
to children working to supplement the family income. These two fundamental
assumptions have been essential to all subsequent studies. Related models have
proposed inefficiencies in labor markets or limited returns to education as underlying factors that affect household income and, thus, as reasons for the greater
prevalence of child labor (Bharadwaj, 2015; Emerson and Knabb, 2006).
Several studies extend from the literature on household income and child
labor incidence to examine the relationship between child labor and education/
schooling5. The connection between these two strands of the literature is that
child labor activity presents a trade-off where immediate earnings are valued over
5

See, for example, Doepke and Zilibotti (2005), Fan (2004a and 2004b), Hazan and Berdugo
(2002), Ranjan (2001), Baland and Robinson (2000), and Basu and Van (1998).
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the child’s potential future earnings6. Often, researchers treat child labor and
education as substitutes; children are classified as either attending school or as
working. Increases in the number of hours worked is, thus, expected to decrease
the amount of time devoted to education and, thus, to limit investments in formal
education. This, in turn, results in lower levels of human capital formation which
leads to a diminished capacity for innovation and potentially hinders technological advancement of a country. However, when returns to education are low,
children may be compelled to work. In other words, only when the potential for
upward socioeconomic mobility is sufficiently high would we expect to see poor
households emphasizing education rather than work (Fors, 2012).
In addition to expectations of the probability of upward mobility of an educated child, parental attitudes towards education significantly impact the decision of whether a child works. Because attitudes are often informed by personal
experiences, the relationship between engagement in child labor and educational
attainment likely depends on the educational background of the parents (as well
as other household characteristics) (Bornstein and Putnick, 2015; Soares, et al.,
2012; Ersado, 2005; and Bhalotra and Tzannatos, 2003). Generally, a negative
relationship has been found between parents’ educational attainment and child
labor activity (Strauss and Thomas, 1995). One example comes from Vasquez and
Bohara (2010) who find that the probability that a child is employed increases
over time but does so at a decreasing rate, with the educational attainment of
the mother being a statistically stronger indicator (relative to the father’s educational attainment) that a child will attend school rather than engaging in labor
activity. Supporting this finding, Kurosaki, et al. (2006) find that the educational
attainment of mothers in rural India has a greater effect in reducing child labor
incidence than does the educational attainment of fathers. However, a contrary
example is provided by Emerson and Souza (2007) who examine data for Brazil
and find that child labor is reduced to a greater extent by the educational attainment of fathers as compared to that of mothers.
Several other factors have been identified as additional determinants of child
labor incidence. Some studies note gender-related differences in child labor activity. For example, Bhalotra (2007) extends from Basu and Van (1998) to examine
whether poverty is the impetus for child labor. Using survey data from Pakistan, Bhalotra estimates wage elasticities and identifies differences across genders.
A negative estimated wage elasticity is found for boys, while the wage elasticity
estimate for girls is insignificant from zero. This suggests that household poverty
leads boys to engage in labor activities but the same may not be said for girls.
Overall, Bhalotta reports that the probability of child labor is greater for boys
6

Beegle, et al. (2006) show that this tradeoff between child labor and education is a non-l inear
relationship.
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than it is girls. In contrast, the impact of household size on child labor incidence is
not entirely clear. On the one hand, Basu and Van (1998) found that increases in
household size and higher fertility rates lead to an increase in child labor. This was
reaffirmed by Vasquez and Bohara (2010). However, Acheampong and Huang
(2018) found that household size is negatively correlated to the number of hours
a child works. Finally, buttressing the results of earlier studies, Acheampong and
Huang (2018) find that parental characteristics are significant determinants of
child labor incidence.

2.1 Household Shocks and Child Labor
Beegle, et al. (2006) analyzes the impact of household income shocks on the prevalence of child labor in Tanzania. Tanzania is an agrarian economy, and household
income shocks—such as crop loss—are found to produce substantial increases in
child labor. In rural regions, where agricultural technology and capital are lacking, income shocks can be quite impactful for households. The authors find evidence that in response to these shocks children are often removed from school to
assist with household activities. The estimated probability that a child will begin
to engage in labor activity is increased by approximately 30% in households that
experience a crop loss. Beegle, et al. also reports that household assets function as
a buffer between the severity of the shock and incidence of child labor. This means
that households often look to alternative strategies to cope with shocks before
relying on child labor. Curiously, the authors find that the incidence of child labor
increased with the level of household assets. Specifically, a one standard deviation
increase in the log value of per capita assets is found to correspond with a 6%
increase in child labor hours. This is an important finding that notes that within
agricultural economic settings, household wealth (i.e., land in most instances) and
child labor are positively correlated. This contradiction of the luxury axiom (Basu
and Van, 1998) is labeled the “wealth paradox” by Bhalotra and Heady (2003)7.
The paradox stipulates that land-rich households are more likely to have children
employed than households that are poor and own little if any land at all.
Bandara, et al. (2015) also examines data from Tanzania to estimate the
potential influences of household shocks on child labor activity. Considering
both income shocks and non-income shocks, the authors report that agricultural
shocks lead to statistically significant increases in both the number of total hours
worked by children and in the hours that children spend working in agricultural
7

While Dumas (2007), Kruger (2007), and Kambhampati and Rajan (2006) support the
finding of Bhlotra and Heady (2003) by presenting evidence in support of a wealth paradox
for Burkina Faso, Brazil, and India, respectively, Basu, et al. (2010) document an inverted
U-shaped relationship between land holdings and child labor.
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activities. Further, the authors consider whether access to credit allows households to counter the influence of agricultural shocks on child labor and find that
the number of hours worked by girls is significantly decreased by access to a bank
account. No significant influence of bank account access is found for the number
of hours worked by boys. Similarly, Guarcello, et al. (2010) note that unexpected
shocks, when occurring in conjunction with credit market imperfections, contribute to high costs in terms of human capital accumulation.
Studying household responses to natural disasters and socioeconomic shocks,
Vasquez and Bohara (2010) reaffirms the finding of household reliance on child
labor that is presented in Beegle, et al. (2006). Examining survey data collected
from Guatemalan households during the year 2000, the authors report that
child labor is more likely to be observed in response to natural disasters than as a
counter or a remedy for socioeconomic shocks. The most common socioeconomic
shocks faced by households who participated in the survey were inflation and
the incurrence of a disability by a wage earner in the household. Vasquez and
Bohara report that households differ in their incidence of child labor depending
on household income levels; the authors find that, in response to natural disasters,
extremely poor households were less likely to rely on child labor than poor households. The authors speculate that this could be due to restricted access to labor
markets for extremely poor households.
In a similar study that focuses on Nigerian households, Acheampong and
Huang (2018) notes a significant relationship between agricultural shocks and
child labor. In response to an additional agricultural shock, child labor hours per
week rise by an estimated 22% for the typical household. Household shocks, such
as the illness of a father, are reported to produce an 11% increase in child labor
hours per week; however, the illness of a mother does not appear to significantly
affect child labor hours. Dendir (2007) examines data collected in Malawi during
1995. Identifying household shocks as accidents, death, and illnesses involving
household members, the author reports that no statistically significant increase is
found between household shocks and child labor incidence or intensity. Dendir
does, however, report statistically significant decreases in child labor activity in
response to some shocks. The author hypothesizes that these inverse relationships
are due to general decreases in economic activity in households that are dealing
with an illness or death of a household member.
In summary, the literature highlights a negative relationship between household income and child labor activity. The persistence of child labor is much more
common in developing economies, especially within rural and agricultural communities. Household characteristics such as parental educational attainment, child
gender, etc. are statistically significant determinants of whether a child engages in
labor activities. Nevertheless, details on whether the impact of household wealth
on child labor varies across geographic regions remain limited. Likewise, scant
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information exists on the relationship between household shocks and child labor.
Accordingly, we consider whether the number and type(s) of shocks that a household experiences are significantly related to child labor incidence to be an open
empirical question.
3 .  
D ATA , E M P I R I C A L M O D E L A N D E C O N O M E T R I C S T R AT E G Y

3.1 Research Questions and Data Overview
The literature on household shocks and child labor incidence, particularly the
studies that examine the influence(s) of shocks at the extensive margin, informs
our estimation strategy and provides important information that shapes our
expected findings. Based on the literature and informed intuition, we have identified four research questions that can be evaluated using the available data. We
wish to clarify these questions before discussing our empirical model and data in
greater detail. The questions are:
1. Are children who live in households that experience one or more shocks
significantly more likely, relative to children in comparable households
that do not experience a shock, to engage in non-developmental labor
activities?
2. Do the influences of household shocks on child labor incidence vary significantly based on the number of shocks experienced?
3. Do the influences of household shocks on child labor incidence vary significantly based on the type of shock experienced?
4. Regardless of whether a household experiences a shock, does the probability of child labor incidence vary based on measurable child-, parent-, and
household-specific characteristics?
We address these questions by estimating a series of binomial logit specifications8. Doing so allows us to isolate the potential influences of household
shocks on the probability that the typical child engages in labor activities, while
controlling for any influences associated with our remaining child-, parent-, and
household-specific control variables.

8

We also estimated our battery of econometric specifications using the random-effects panel
logit model technique. In all instances, likelihood ratio tests indicate no significant differences
between results from the random-effects panel logit estimations and results from the pooled
logit estimations.
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Our data are from household surveys that were conducted in Peru during the
period from 2002 through 2017 as part of the International Study of Childhood
Poverty (Boyden, et al. , 2016). We restrict our data to include only children
who were 5–14 years of age as of the date of their survey, and we only include
observations that represent children who were not engaged in labor activity at the
time of their immediately prior survey 9. Restricting the data in this manner produces a cohort of children who were not working at the time of the prior survey
who may or may not be working as of the date of the survey for which data are
included in our sample. Thus, the data set facilitates examination of the influence
of household shocks on the labor activities of children who were previously not
working. Our data set includes 4,934 observations that provide information for a
potentially non-representative sample of 2,292 children10 11.

3.2 
Empirical Model and Econometric Strategy
As noted, to estimate the potential relationship(s) between household shocks and
child labor incidence, we employ an ad hoc empirical specification in which we
control for child-, parent-, and household-specific characteristics that may influence the likelihood that a child engages in non-developmental labor activities.
Equation (1) presents our general form empirical model.
Laborijkt = α 0 + βCCit + γ P P jt + δ H H kt + θS Skt + εijkt

(1)

In equation (1), the dependent variable series Laborijkt is a vector that includes
four dichotomous variables. We estimate equation (1) employing each dependent
variable series in turn. These variables indicate whether child i of parents j in
household k at time t was engaged in one or more labor activities as of their survey
date. Specifically, Laborijkt includes Any Laborijkt which is equal to one if the child
is engaged in Paid Laborijkt , HomeCareijkt , and/or Household Tasksijkt and is equal

9

The minimum age for legal work in Peru is 14 years; thus, we limit our analysis to those 5–
14 years of age.
10 Surveys were conducted in five rounds that span the following periods: August-December
2002 (Round 1), October 2006-August 2007 (Round 2), July 2009-March 2010 (Round 3),
June 2013-March 2015 (Round 4), and May 2016-February 2017 (Round 5). Because we
include only observations that represent children who were at least 5 years of age and who
were not working at the time of their immediately prior survey, our data sample includes only
observations from Rounds 2 through 5.
11 Of the 2,292 children represented in the sample, 719 appear only once, 504 appear twice, and
1,069 appear three times.
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to zero otherwise. Each of these three specific activities is also included in Laborijkt .
The Paid Labor variable is equal to one if the child is employed for wages. Similarly,
the Home Care variable is equal to one if the child provides care for a household
member (e.g., older adult, sibling, etc.), and the Household Tasks variable is equal to
one if the child works for the family business or on the family farm. Each of these
variables is equal to zero if the child is not engaged in the corresponding activity.
We consider the performance of Paid Labor, Home Care, and Household
Tasks as engagement in non-developmental activities. The ILO defines child
labor as follows:
“The term “child labour” is often defined as work that deprives children of their childhood, their potential and their dignity, and that is harmful to physical and mental development. It refers to work that is mentally, physically, socially or morally dangerous and
harmful to children; and interferes with their schooling by: depriving them of the opportunity to attend school; obliging them to leave school prematurely; or requiring them to
attempt to combine school attendance with excessively long and heavy work.”

The surveys that were conducted as part of the International Study of Childhood Poverty elicited information on the typical number of hours spent each day
on a variety of activities. Relying on the ILO definition of child labor, we categorize these activities into two broad groups: developmental activities and non-
developmental activities. Developmental activities include hours spent at school,
studying outside school, doing household chores, pursuing leisure/play activities,
and sleeping. Non-developmental activities include hours spent in paid activities
(i.e., Paid Labor), hours spent caring for household members (i.e., Home Care),
and performing domestic tasks such as farming and/or working at the family
business (i.e., Household Tasks).
Because the ILO also notes that not all work performed by children is detrimental to physical and mental development and that the definition of child labor
is conditional, we categorize household chores as a developmental activity12. Specifically, the ILO states that:
“Not all work done by children should be classified as child labour that is to be targeted
for elimination. Children’s or adolescents’ participation in work that does not affect their

12 Household tasks include farming and/or working at a family business. While the ILO defines
“assisting in a family business” “outside school hours and during school holidays” as developmental activity, farming and working at a family business during school hours is not developmental activity according to the ILO. Since the household tasks variable does not differentiate
between farming and working at a family business and does not indicate when the work is
performed (i.e., during or outside school hours or only on school holidays), a decision was
made to include household tasks as non-developmental activity.
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health and personal development or interfere with their schooling, is generally regarded
as being something positive. This includes activities such as helping their parents around
the home, assisting in a family business or earning pocket money outside school hours
and during school holidays. These kinds of activities contribute to children’s development
and to the welfare of their families; they provide them with skills and experience, and
help to prepare them to be productive members of society during their adult life.”
“Whether or not particular forms of “work” can be called “child labour” depends on
the child’s age, the type and hours of work performed, the conditions under which it is
performed and the objectives pursued by individual countries. The answer varies from
country to country, as well as among sectors within countries.”

Looking to our data and comparing engagement in developmental activities
during the typical day reveals that the average child that was engaged in labor
activity spent less time at school (0.40 hours), sleeping (0.27 hours), and playing
(1.19 hours) relative to the average child who was not engaged in labor activity.
The average child engaged in labor activity also spent more time doing household
chores (0.63 hours) as compared to the average child who was not engaged in such
activity. T-tests of differences in mean values for the specific activities indicate
that all differences are statistically significant (p < 0.01). Aggregating across all
activities categorized as developmental and extrapolating to produce an annual
value, we see that engagement in child labor results in a loss of 447.25 hours (i.e.,
nearly 19 days, which is equal to 5.11% of a year) of developmental activity per
year. Extrapolating further, we can say that the typical child, if engaged in labor
activity throughout the full decade during which they are 5–14 years of age, will
have had about six fewer months (i.e., 0.51 fewer years) of developmental activity
relative to a child who does not engage in labor activity. This may have a substantial effect on the child’s mental and physical development.
Equation (1) posits that the determinants of child labor incidence include
child-, parent-, and household-specific characteristics and household shocks.
These are identified by the vectors Cit , P jt , H kt , and Skt , respectively. βC ,
γ P , δ H , and θS are coefficients to be estimated that correspond to the variables
within each vector. εijkt is an assumed stochastic error term.
Turning our attention to the variables that comprise the vectors and beginning with the child-specific explanatory variables, the vector includes the child’s
age, the squared age value (to capture potential non-linearity with respect to labor
activity), a dummy variable equal to one if the child is female, and a dummy
variable that is equal to one if the child is Mestizo. The vector of parent-specific
explanatory variables includes the highest level of educational attainment among
the child’s parents, a dummy variable equal to one to identify single-parent households, the head of household’s age, the squared age value (to capture potential
non-linearity), and a dummy variable equal to one if the household head is female.
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We also include a vector of household-specific explanatory variables that includes
the number of the child’s siblings that live in the household, the total number of
individuals who live in the household, a measure of household quality, a dummy
variable equal to one if the household owns any animals, four dummy variables
that identify the wealth quintile into which the household falls (i.e., bottom 20%,
next 20%, middle 20%, and fourth 20%), and three geography-related dummy
variables, one that is equal to one if the household is located in a rural area and
two others that are equal to one if the household is located in the Selva or the
Sierra regions, respectively1314.
Lastly, and most relevant for our examination, our empirical model includes
a vector, Skt , that includes several measures of household shocks15. More specifically, we include a measure of the total number of household shocks experienced by
each child since their most recent survey. This measure is used to generate a related
dummy variable that is equal to one if one or more household shocks were experienced. Additional dummy variables identify whether the household has experienced
one shock, two shocks, etc., up to five or more shocks. Finally, a separate set of variables indicate the numbers of each type of shock that to five or more shocks. Finally,
a separate set of variables indicate the numbers of each type of shock that were experienced by a given household. The types of household shocks include crime, economic, environmental, family housing, regulatory, and “other” shocks. We employ
these measures in turn, as appropriate, to address our research questions.
Panel A of Table 3.1 reports the frequency of shocks experienced by households in our sample during the period since the most recent survey. We see
that the majority of households (63.8%) experienced at least one shock with
slightly more than a third of all households (33.9%) having experienced two
or more shocks. As might be expected, fewer households experienced four or
more shocks (7.7%) as compared to those who experienced two shocks (17.2%)
or three shocks (9%). In Panel B of the table, we see that the two most common
13 The household quality index variable is constructed based on the average number of sleeping
rooms per person and the construction material of the house (i.e., walls, roof and floor), and the
wealth index is composed of three equally-weighted sub-indexes: the housing quality index;
an access to services index, and a consumer durables index (Azubuike and Briones 2016).
14 Peru is comprised of the Costa, Sierra, and Selva regions. The Costa region is a narrow coastal
region that borders the Pacific Ocean and stretches the length of Peru from the border with
Ecuador in the north to the borders with Chile and Bolivia in the south. The Sierra is the
highlands. Spanning the north-south distance between Peru’s borders with Ecuador and
Bolivia, the region stretches eastward from the Costa region over the Andes mountain range
to the Selva region. The Selva region includes the jungle that lies east of the Andes, extending
to Peru’s borders with Ecuador, Colombia, and Brazil.
15 The Appendix includes a complete listing of each household shock type and the various events
that fall within each category.
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types of shocks are environmental and family shocks which accounted for nearly
two-thirds (62.4%) of all shocks experienced. Economic shocks (16.3%) and
crime shocks (12.9%) were less common, and housing, regulatory, and other
shocks were much less frequently experienced. Lastly, in Panel C, we provide
a breakdown of the types of shocks experienced by the total number of shocks
experienced. For example, among households that experienced a single shock,
family shocks were most common by a considerable margin. Similarly, among
households that two or more shocks we see the most common form of shock is
environmental.
Table 3.1: Household Shocks, Numbers and Types Experienced
Panel A: Number of Shocks Experienced Since Prior Survey
0

1

2

3

4

5 or more

36.20

29.91

17.19

9.02

4.01

3.67

Family
1,999
31.19

Housing
100
1.56

Other
404
6.30

Regulatory
39
0.61

Panel C: Distributions of Household Shock Types (%) by Number of Shocks Experienced
N Shocks
Crime
Economic
Environ.
Family Housing Other
1
9.81
11.20
10.98
20.46
0.00
6.30
2
2.68
4.09
9.11
8.08
1.56
0.00
3
0.42
0.70
5.48
2.34
0.00
0.00
4
0.00
0.19
3.25
0.31
0.00
0.00
5 or more
0.00
0.08
2.34
0.00
0.00
0.00

Regulatory
0.58
0.03
0.00
0.00
0.00

Distribution of Shocks (%)

Panel B: Relative Frequencies of Household Shock Types
Crime
Economic
Environ.
N Shocks
828
1,042
1,997
% of All Shocks
12.92
16.26
31.16

Inserting the specific explanatory variables into equation (1) provides our
baseline estimation equation which is presented as equation (2).
Laborijkt = α 0 + β1 AGEit + β 2 AGEit + β 3 FEMALEi + β 4 MESTIZOi + γ 1 PARED jt
2

+ γ 2 SINGLE PAR jt + γ 3 HHEAD AGE jt + γ 4 HHEAD AGE jt + γ 5 HHEAD FEM jt
2

+ δ 1SIBLINGS kt + δ 2 HH SIZE kt + δ 3 HH QUALITYkt + δ 4 ANIMALS kt
+ δ 5WEALTH Q1kt + δ 6WEALTH Q 2 kt + δ 7WEALTH Q 3 kt
+ δ 8WEALTH Q 4 kt + δ 9 RURALk + δ 10 SELVA k + δ 11SIERRA k + θS S kt
+ ε ijkt


(2)
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Note that, similar to Laborijkt which includes our set of dependent variables, the
vector Skt contains several variables that represent the incidence, quantity, and
specific forms of household shocks. Also similar to the dependent variable series,
our estimations include different variables to represent household shocks as necessary to address our research questions.
Table 3.2 presents three sets of summary statistics. Mean values and standard
deviations for the full sample are provided in column (a). Columns (b) and (c) provide summary statistics for the observations where the household did not experience
any shocks and for those where one or more shocks were experienced, respectively.
The comparison of sub-samples permits the determination of significant differences in mean values of the listed variables across the two cohorts. Finally, column
(d) indicates the results of t-tests of differences in mean values between the cohorts.
Beginning with the full sample, we see that more than one-quarter (28.4%)
of all observations were engaged in one or more labor activities as of their survey
date. The most common form of child labor (23.6%) is home care. A considerably
smaller proportion of the sample (11.7%) provides labor in the form of household
tasks, and relatively few observations (1.8%) report being paid labor16. Looking
to columns (b) and (c) for these same variable series we see that children who live
in households that experienced one or more shocks since their most recent survey
(column (c)) are significantly more likely, relative to children in households that
did not experience a shock (column (b)), to engage in some form of labor activity: 30.8% as compared to 24% (p < 0.01). We also see that, in comparison to
children who did not face a household shock, those children in households who
were exposed to shocks were significantly more likely to begin providing labor in
the forms of providing household care and the performance of household tasks.
Table 3.2: Descriptive Statistics

N=
Any labor
Paid labor

All

Any
Shocks=0

Any
Shocks=1

4,934
(a)
0.2835
(0.4508)
0.0184
(0.1346)

1,786
(b)
0.2396
(0.427)
0.0162
(0.1264)

3,148
(c)
0.3084
(0.4619)
0.0197
(0.1390)

(c)–(b): Stat.
Significant?
(d)
***
..

16 The sum of individual labor activity incidences (37.2%) is greater than the mean value for the
Any Labor variable (28.4%) due to some children engaging simultaneously in multiple forms
of labor.
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Table 3.2: Continued

Home care
Household tasks
Child’s age
Female child
Mestizo child
Number of siblings
Parents’ highest educational
attainment
Single parent (female or male)
Female household head
Household size
Household quality index
Household owns any animals
Household wealth index
Rural household
Costa region
Selva region
Sierra region

All

Any
Shocks=0

Any
Shocks=1

(c)–(b): Stat.
Significant?

0.2361
(0.4247)
0.1173
(0.3219)
8.9944
(2.8043)
0.4834
(0.4998)
0.9191
(0.2727)
1.8687
(1.4042)
9.246
(3.9825)
0.0807
(0.2723)
0.0675
(0.2509)
5.4459
(1.8717)
0.4355
(0.2481)
0.6336
(0.4819)
0.5472
(0.2126)
0.2639
(0.4408)
0.3985
(0.4896)
0.152
(0.3591)
0.4495
(0.4975)

0.2027
(0.4021)
0.0851
(0.2791)
8.8745
(2.8116)
0.4821
(0.4998)
0.9132
(0.2816)
1.6573
(1.3107)
9.9199
(3.8149)
0.0549
(0.2278)
0.0521
(0.2222)
5.2032
(1.7679)
0.4726
(0.2516)
0.5571
(0.4969)
0.584
(0.2103)
0.1865
(0.3896)
0.4485
(0.4975)
0.1461
(0.3533)
0.4054
(0.4911)

0.2552
(0.4360)
0.1356
(0.3425)
9.0625
(2.7983)
0.4841
(0.4998)
0.9225
(0.2674)
1.9886
(1.4411)
8.8637
(4.0252)
0.0953
(0.2937)
0.0762
(0.2654)
5.5835
(1.9147)
0.4144
(0.2436)
0.6769
(0.4677)
0.5263
(0.2112)
0.3078
(0.4617)
0.3701
(0.4829)
0.1553
(0.3623)
0.4746
(0.4994)

***

Standard deviations in parentheses. *** p<0.01, ** p<0.05, * p<0.10.

***
**
..
..
***
***
***
***
***
***
***
***
***
***
..
***
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Moving to the explanatory variable of primary interest, we see that the typical child (column (a)) experienced 1.3 household shocks since their last survey.
This is consistent with the fact that more children experienced household shocks
(63.8%) than did not. Because nearly two-in-five children lived in households
that did not experience even one shock, the overall mean value understates the
frequency of shocks experienced by children in households that did experience
at least one shock. The household of the average child in this cohort experienced
more than two shocks since the last survey.
We now look to the remaining explanatory variables and focus on the sub-
samples of children who lived in households that did not experience a shock (column (b)) and those that lived in households that experienced one or more shocks
(column (c)). Comparing across the cohorts, we can say that the typical child who
experienced a household shock tends to be slightly older, and they tend to have
more siblings. This corresponds with a larger average household size. Additionally, the highest level of educational attainment among their parents is generally
lower and they are more likely to live in a single-parent household. We also see
that the typical household head is slightly older and significantly more likely to
be female. These households tend to be of lower overall quality and to have lower
levels of wealth. They are much more likely to be located in rural areas and to own
animals. They are also more likely to be located in the Sierra region and are less
likely to be located in the Costa region.
The significant differences across cohorts of children categorized based on
whether their household experienced one or more shocks since the last survey
date suggests that child-, parent-, and household-specific factors explain at least
some proportion of the observed variation in child labor incidence. That the mean
values for the labor variables are significantly higher for those children who have
experienced a shock further suggests that household shocks may, in fact, contribute to an increased likelihood of child labor incidence.
Consideration of the pairwise correlation coefficients among our set of
explanatory variables reveals a maximum correlation of 0.83 between the household quality and household wealth index series. Likewise, the correlation coefficient between the variables indicating household size and the number of siblings
is equal to 0.80. Otherwise, in absolute values, all pairwise correlation coefficients
are less than 0.80 with 88.7% of the values being less than 0.30 and with 97.8%
of the values being less than 0.50. Although the relatively high correlation values
between the household quality and household wealth index variables and between
the variables that indicate household size and number of siblings are somewhat
concerning, each of these variables potentially represents unique household
attributes that may bear on child labor incidence. Accordingly, we include the
variables in the empirical model but proceed with caution when interpreting the
associated coefficient estimates.
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4 .  
HOUSEHOLD SHOCKS AND CHILD LABOR INCIDENCE

We address each of our research questions, in turn, through the estimation of
variants of equation (2)17. Table 3.3 presents the results from a pair of binomial
logit estimations. The dependent variable series employed in the estimations is a
dummy variable that is equal to one if the child is engaged in one or more forms
of labor (i.e., paid labor, home care, and/or household tasks) and is equal to zero
if the child is not engaged in any form of labor. Other than the measures of
household shocks employed, the sets of explanatory variables are identical across
the estimations. Column (a) presents results obtained when we use the number of
shocks that the child’s household experienced since the immediately prior survey
date as our household shock variable. The household shock measure employed in
our second estimation (column (b)) is a dummy variable that is equal to one if the
household experienced any shocks and is otherwise equal to zero. Collectively,
the results of this pair of estimations address our first research question: Are children who live in households that experience one or more shocks significantly more likely,
relative to children in comparable households that do not experience a shock, to engage in
non-developmental labor activities?
Focusing first on the estimated log-odds coefficients of the household shock
variables, we find a positive and statistically significant relationship between the
number of shocks experienced and child labor incidence (i.e., β =0.0699 with p <
0.01, reported in column (a)). This positive relationship is consistent with the findings of prior studies on the topic18. Holding all else held constant and evaluating
the results while employing the mean values for all explanatory variables, the predicted probability that a child will be engaged in labor activity is equal to 23.08%19.
Experiencing one shock above the corresponding mean value, again with all else
held constant, increases the predicted probability of labor incidence to 24.34%20.
17 A caveat is in order. As noted in the previous section, we employ an ad hoc empirical model.
Additionally, our analysis is undertaken using self-reported (i.e., survey) data and, thus, may
be prone to measurement error.
18 See, for example, Acheampong and Huang (2018), Bandara, et al. (2015), Vasquez and Bohara
(2010), and Beegle, et al. (2006).
19 Predicted probability values are calculated by first obtaining the predicted logit ( L ) . This is
done by summing the products of the estimated log-odds coefficients and the mean values of
the corresponding explanatory variables and then adding the estimated constant term (i.e.,

(

)

L = α 0 + β1 X 1 + …+ βn X n ). The probability value is then given as P = 1 / 1 + e − L .

( (

20 The change in the predicted probability is equal to P1 − P0 (i.e., 1 / 1 + e

− L1

)) − (1 / (1 + e ))
− L0

.

Here, L1 = −1.13425261 and L0 = −1.20419751 , with the difference between predicted logits
being equal to the estimated log-odds coefficient of the “shocks” variable: 0.0699449.
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Thus, we estimate the effect of experiencing one shock is about a 1.26 percentage
point increase in the predicted probability21.
A somewhat similar result is found when we employ our binary measure of
household shocks (i.e., no shocks or one or more shocks). We again find a positive
and statistically significant increase in the predicted probability of engagement
in child labor activity (i.e., β =0.2358 with p < 0.01, reported in column (b)). In
response to experiencing one or more household shocks, the predicted probability
that the typical child will begin to engage in child labor increases by 4.12 percentage points, from 20.51% when no shocks are experienced to 24.63%. This
represents a 20.09% increase in the estimated probability of child labor activity,
a value that is similar to the 30% increase in the estimated probability of child
labor reported by Beegle et al. (2006) when focusing on the impact of crop loss
in Tanzania.
The estimated coefficients of the remaining explanatory variables that are
presented in Table 3.3 provide additional interesting information. We begin with
the results presented in column (a), focusing particularly on the coefficient estimates that correspond to the variables representing child-specific characteristics.
As we have controlled for both the age of each child and the squared value of
the age variable, we see that, all else held constant, the estimated probability of
child labor incidence decreases from age 5 through 8 before increasing through
age 1422. We also find negative and positive coefficient estimates, respectively, for
the variables that identify the child as female or as Mestizo; however, these two
coefficients are not statistically significant from zero.
Looking to the estimated coefficients of the parent-
specific explanatory
variables, we see statistically significant decreases in the estimated probabilities
of child labor incidence that correspond with higher levels of parents’ educational attainment, the age of the household head, and when the household head
is female. These findings fit within the results found throughout the literature
as a whole. Parents with higher educational attainment are more likely to value
childhood education over child labor. A positive, yet statistically insignificant,
coefficient estimate is reported education over child labor. A positive, yet statistically insignificant, coefficient estimate is reported for the variable that identifies
single-parent households. The values presented in column (b), where we substitute
a dummy variable that identifies whether any shocks have been experienced since
the prior survey for the variable that represents the number of shocks experienced, are largely consistent with the results presented in column (a). However,
21 The 1.26 percentage point increase represents a 5.46% increase in the estimated probability of
child labor activity.
22 All probability estimates are generated by allowing the variable(s) of interest to vary while
holding all other variables constant at their mean values.
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the coefficient of the variable which represents parent’s educational attainment is
no longer statistically significant from zero and the coefficients of the variables
that identify single-parent households and households with female heads differ in
sign relative to the coefficients reported in column (a).
Table 3.3: Household Shocks and Child Labor Incidence
Dependent Variable:

Any Labor

Any Labor

Shocks (number)

(a)
0.0699***
(0.0247)

(b)

Any shock (dummy)
Child’s age
Child’s age squared
Female child
Mestizo child
Number of siblings
Parents’ highest educational attainment
Single parent (female or male)
Household head’s age
Household head’s age squared
Household size
Household quality index
Household owns any animals
Household wealth index: Second 20%

-2.1972***
(0.1521)
0.1403***
(0.0085)
-0.0686
(0.0719)
0.0926
(0.1436)
0.2931***
(0.0498)
-0.0277**
(0.0115)
0.2502(p=0.141)
(0.1697)
-0.0819***
(0.0229)
0.0007***
(0.0002)
-0.0713*
(0.0378)
0.8841***
(0.2733)
-0.0350
(0.0933)
0.8188***
(0.2037)

0.2358***
(0.0776)
-2.1848***
(0.1519)
0.1396***
(0.0085)
-0.0667
(0.0719)
0.0895
(0.1436)
-0.0279**
(0.0115)
0.2315
(0.1713)
-0.0831***
(0.0228)
0.0007***
(0.0002)
-0.5028**
(0.1982)
-0.0728*
(0.0379)
0.8933***
(0.2735)
-0.0299
(0.093)
0.8272***
(0.2037)
Continued
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Table 3.3 Continued
Dependent Variable:

Household wealth index: Middle 20%
Household wealth index: Fourth 20%
Rural household
Selva region
Sierra region
Constant
Log pseudolikelihood
Count R-squared

Any Labor
0.4844***
(0.1678)
0.3705***
(0.1319)
0.1091
(0.1061)
-0.1581
(0.1158)
0.1934**
(0.0888)
7.2202***
(0.8685)
-2,387
0.767

Any Labor

N=4,934. Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.10.

0.4831***
(0.1678)
0.367***
(0.1318)
0.1110
(0.1059)
-0.1629
(0.1157)
0.2027**
(0.0887)
7.1341***
(0.8673)
-2,386
0.767

Finally, when considering the influences of household-specific variables, we
see the probability of child labor incidence decreases significantly with increases
in the total number of household members. These results reaffirm the findings
on household size of Bandara et al. (2015). The estimated probability that a
child will engage in labor activity decreases significantly and consistently with
the level of household wealth. As discussed in Basu and Van (1998), household
income and the incidence of child labor are negatively related. This was noted
as the luxury axiom. Indicative of geographic variation in child labor incidence,
children who live in the Sierra region are significantly more likely, relative
to those who live in the Costa and Selva regions, to engage in labor activity. Finally, although not significantly different from zero, coefficient estimates
reveal that children who live in rural households are more likely to engage in
child labor activity, that higher levels of household quality correspond with an
increased likelihood of engagement in child labor, and that children who live
in households that own animals are less likely to engage in child labor. Our
second research question asks: Do the influences of household shocks on child labor
incidence vary significantly based on the number of shocks experienced? To answer
this question, we estimate four variants of equation (2) using the binomial
logit technique. The results are provided in Table 3.4. The estimation equations
vary only by choice of dependent variables. Column (a) presents coefficients
obtained when the dependent variable indicates whether the child is engaged in
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any form of labor activity (i.e., paid labor, home care, and/or household tasks).
Columns (b), (c), and (d) present results obtained when the dependent variable
series indicates engagement in specific types of labor activity—paid labor, home
care, or household tasks, respectively. As noted, the binomial logit technique is
employed; thus, each dependent variable is a dummy variable equal to one if the
child is reported to be engaged in the corresponding labor activity and is equal
to zero otherwise.
The explanatory variables in each of the estimations include five household
shock-related dummy variables that identify the number of shocks the child’s
household has experienced since their last survey (i.e., one shock, two shocks,
etc., to five or more shocks). The null/excluded category is zero shocks; thus, the
coefficient estimates are interpreted relative to the scenario where no shock is
experienced. By specifying our model in this fashion, we can estimate the probabilities of child labor incidence given various numbers of household shocks having
been experienced and we can perform post-estimation Wald tests to determine
whether the differences in corresponding coefficient estimates are statistically significant from zero.
Table 3.4: Number of Household Shocks and Specific Forms of Child Labor Activity

Dependent Variable:
One shock
Two shocks
Three shocks
Four shocks
Five or more shocks
Child’s age
Child’s age squared
Female child

Any
Labor

Paid Labor

Home Care

Household
Tasks

(a)

(b)

(c)

(d)

0.1261
(0.0912)
0.3519***
(0.1051)
0.3649***
(0.1322)
0.1749
(0.1822)
0.3564*
(0.2007)
-2.1973***
(0.1522)
0.1403***
(0.0086)
-0.0701
(0.072)

0.1042
(0.2794)
-0.1647
(0.3462)
-0.3551
(0.4256)
-0.0275
(0.568)
0.0151
(0.5433)
2.0752(p=0.148)
(1.4358)
-0.0538
(0.0692)
-0.2533
(0.2339)

0.0816
(0.0952)
0.3911***
(0.1083)
0.2813**
(0.1375)
0.2151
(0.1956)
0.1036
(0.22)
-2.0781***
(0.1575)
0.1321***
(0.0088)
0.0397
(0.075)

0.1345
(0.1371)
0.2922**
(0.1474)
0.4494***
(0.173)
0.0138
(0.2442)
0.5331**
(0.2531)
-1.1257***
(0.2629)
0.0868***
(0.0142)
-0.2469**
(0.1025)

Continued
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Table 3.4 Continued

Dependent Variable:
Mestizo child
Number of siblings
Parents’ highest educational
attainment
Single parent (female or male)
Household head’s age
Household head’s age squared
Female household head
Household size
Household quality index
Household owns any animals
Household wealth
index: Lowest 20%
Household wealth
index: Second 20%
Household wealth
index: Middle 20%
Household wealth
index: Fourth 20%
Rural household
Selva region
Sierra region

Any
Labor

Paid Labor

Home Care

Household
Tasks

(a)

(b)

(c)

(d)

0.0856
(0.1437)
0.2945***
(0.0499)
-0.0279**
(0.0116)
0.2423
(0.1714)
-0.0826***
(0.0231)
0.0007***
(0.0003)
-0.5121***
(0.1979)
-0.0742*
(0.038)
0.8984***
(0.2736)
-0.0363
(0.0934)
1.1755***
(0.2311)
0.821***
(0.2038)
0.4852***
(0.1678)
0.3753***
(0.132)
0.1026
(0.1064)
-0.1610
(0.1159)
0.1992**
(0.0888)

-0.0894
(0.4874)
-0.1975
(0.138)
-0.0672**
(0.0344)
-1.0215**
(0.4624)
-0.1786***
(0.0625)
0.0017***
(0.0006)
1.0323**
(0.4556)
0.2304**
(0.099)
2.7103***
(0.866)
-0.0256
(0.3284)
3.9452***
(0.818)
2.7618***
(0.7508)
1.7454***
(0.6628)
1.1215**
(0.5226)
-0.8223***
(0.3036)
-0.2926
(0.3925)
0.3102
(0.2869)

0.0519
(0.1496)
0.4099***
(0.0537)
-0.0099
(0.0122)
0.2520
(0.1841)
-0.1087***
(0.0264)
0.0008***
(0.0003)
-0.4495**
(0.2104)
-0.0631(p=0.122)
(0.0407)
0.7725***
(0.2889)
-0.194**
(0.0973)
1.0376***
(0.2415)
0.6804***
(0.2116)
0.4321**
(0.1745)
0.3165**
(0.1356)
-0.0302
(0.1125)
-0.3109**
(0.1225)
0.0772
(0.0921)

0.1679
(0.2098)
0.0525
(0.0681)
-0.0382**
(0.0159)
-0.2621
(0.2672)
0.0437
(0.039)
-0.0005
(0.0004)
-0.3007
(0.2961)
-0.0404
(0.0531)
0.8137**
(0.393)
0.5558***
(0.1465)
1.4023***
(0.3206)
0.8917***
(0.2901)
0.3509
(0.2518)
0.2863
(0.2152)
0.5291***
(0.1348)
0.3245*
(0.1779)
0.7108***
(0.1366)
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Table 3.4 Continued

Dependent Variable:
Constant
Log pseudolikelihood
Count R-squared

Any
Labor

Paid Labor

Home Care

Household
Tasks

(a)

(b)

(c)

(d)

7.1879***
(0.8725)
-2 ,383
0.766

-19.2853**
(7.7823)
-334
0.981

7.234***
(0.9418)
-2 ,238
0.779

-2.8763*
(1.4828)
-1,320
0.889

See Table 3.3 notes.

Beginning with the results that are presented in column (a), we find that all
coefficient estimates are positive; however, only the estimated coefficients that
correspond with having experienced two shocks, three shocks, and five or more
shocks are statistically significant from zero. The estimated probability that a
child whose household did not experience any shocks since their most recent
survey is engaged in child labor activity is equal to 20.48%. Experiencing only
one shock since the last survey, all else constant, increases this probability to
22.60%, an increase of 2.12 percentage points. If the child’s household experienced two shocks since their most recent survey is engaged in child labor
activity is equal to 20.48%. Experiencing only one shock since the last survey,
all else constant, increases this probability to 22.60%, an increase of 2.12 percentage points. If the child’s household experienced two shocks since the most
recent survey, the estimated probability of child labor incidence increases to
26.8%, a 6.32 percentage point increase relative to the scenario in which no
shocks are experienced. Similarly, if three shocks are experienced, the estimated
probability of child labor incidence rises to 27.05%. Evaluating the influences
of having experienced four household shocks or five or more shocks results in
estimates of child labor incidence equal to 23.47% and 26.89%, respectively. It
should be noted that while the difference between the “one shock” and “two
shocks” coefficient estimates is significantly different from zero (i.e., Wald test
statistic=4.47, p < 0.05), the differences between the “two shocks” and “three
shocks” coefficient estimates, the “three shocks” and “four shocks” coefficient
estimates, and the “four shocks” and “five or more shocks” are not significantly
different from zero.
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Table 3.5: Number of Specific Household Shocks and Specific Forms of Child Labor
Activity

Dependent Variable:
Crime shocks
Economic shocks
Environmental shocks
Family shocks
Housing shocks
Other shocks
Regulatory shocks
Child’s age
Child’s age squared
Female child
Mestizo child
Number of siblings
Parents’ highest educational
attainment
Mestizo child
Number of siblings
Parents’ highest educational
attainment

Any Labor

Paid
Labor

Home Care

Household
Tasks

(a)

(b)

(c)

(d)

-0.0296
(0.0846)
0.1831**
(0.0754)
0.0284
(0.0475)
0.1045*
(0.0567)
0.2095
(0.1663)
0.0082
(0.1387)
-0.0134
(0.384)
-2.1802***
(0.1533)
0.1395***
(0.0086)
-0.0677
(0.0719)
0.0935
(0.1444)
0.2932***
(0.0499)
-0.0281**
(0.0116)
0.0935
(0.1444)
0.2932***
(0.0499)
-0.0281**
(0.0116)

-0.1515
(0.2482)
0.2132
(0.2537)
-0.1591
(0.157)
0.0690
(0.1655)
0.3782
(0.3116)
-0.2074
(0.47)
0.4240
(1.016)
1.9471
(1.3788)
-0.0480
(0.067)
-0.2430
(0.2345)
-0.0825
(0.4832)
-0.1952
(0.1409)
-0.0665*
(0.035)
-0.0825
(0.4832)
-0.1952
(0.1409)
-0.0665*
(0.035)

-0.0514
(0.0878)
0.144*
(0.0794)
0.0328
(0.0505)
0.1103*
(0.0591)
0.0274
(0.187)
-0.1069
(0.1454)
-0.2198
(0.415)
-2.0616***
(0.1587)
0.1312***
(0.0089)
0.0443
(0.0749)
0.0510
(0.1495)
0.4082***
(0.0535)
-0.0094
(0.0122)
0.0510
(0.1495)
0.4082***
(0.0535)
-0.0094
(0.0122)

-0.0320
(0.1177)
0.1906*
(0.0977)
0.0701
(0.0566)
-0.0749
(0.0838)
0.4977***
(0.1762)
0.2313
(0.1952)
0.6939(p=0.145)
(0.4762)
-1.1222***
(0.2675)
0.087***
(0.0145)
-0.2555**
(0.1026)
0.1933
(0.2092)
0.0550
(0.0685)
-0.0386**
(0.016)
0.1933
(0.2092)
0.0550
(0.0685)
-0.0386**
(0.016)
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Table 3.5 Continued

Dependent Variable:

Single parent (female or
male)
Household head’s age
Household head’s age
squared
Female household head
Household size
Household quality index
Household owns any animals
Household wealth
index: Lowest 20%
Household wealth
index: Second 20%
Household wealth
index: Middle 20%
Household wealth
index: Fourth 20%
Rural household
Selva region
Sierra region
Constant
Log pseudolikelihood
Count R-squared
See Table 3.3 notes.

Any Labor

Paid
Labor

Home Care

Household
Tasks

(a)

(b)

(c)

(d)

0.2409
(0.1709)
-0.0819***
(0.0228)
0.0007***
(0.0002)
-0.5144***
(0.1978)
-0.0734*
(0.038)
0.8824***
(0.2735)
-0.0298
(0.0936)
1.167***
(0.2317)
0.8283***
(0.204)
0.4848***
(0.1678)
0.3719***
(0.1322)
0.1184
(0.1071)
-0.1518
(0.1157)
0.2094**
(0.0898)
7.1343***
(0.8716)
-2,384
0.768

-1.0246**
(0.4591)
-0.1756***
(0.0639)
0.0017***
(0.0006)
0.9805**
(0.4568)
0.2204**
(0.1014)
2.6633***
(0.8568)
-0.0191
(0.3191)
3.9148***
(0.8103)
2.7503***
(0.7404)
1.74***
(0.6477)
1.1359**
(0.5204)
-0.7894**
(0.3099)
-0.2601
(0.3953)
0.3422
(0.2938)
-18.671**
(7.4801)
-333
0.982

0.2413
(0.1836)
-0.1068***
(0.0261)
0.0008***
(0.0003)
-0.4456**
(0.2104)
-0.0628(p=0.122)
(0.0406)
0.7489***
(0.2887)
-0.1886*
(0.0972)
1.0275***
(0.2419)
0.6864***
(0.2113)
0.4327**
(0.1745)
0.3129**
(0.1356)
-0.0218
(0.1132)
-0.3**
(0.1224)
0.0881
(0.0932)
7.1772***
(0.9407)
-2,241
0.777

-0.2027
(0.2658)
0.0385
(0.0392)
-0.0004
(0.0004)
-0.2749
(0.2943)
-0.0365
(0.0533)
0.7851**
(0.3933)
0.5651***
(0.1475)
1.3514***
(0.321)
0.8702***
(0.2906)
0.3160
(0.2509)
0.2635
(0.2143)
0.5372***
(0.1361)
0.3281*
(0.1781)
0.6866***
(0.1383)
-2.7587*
(1.4999)
-1,317
0.890
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Turning attention to columns (b) through (d) reveals several interesting results.
Results presented in column (b) indicate that regardless of the number of shocks
experienced there is no statistically significant relationship between household
shocks and child engagement in paid labor. This may appear unusual, especially if
paid labor is the form of labor that comes to mind when one thinks of child labor.
While we cannot provide a definitive explanation for this result, we can offer a plausible explanation. In Table 3.2, we see that the mean value for the paid labor dummy
variable is 0.0184; thus, only 91 of the 4,934 observations in our data set reported
being engaged in paid labor. The corresponding low variation in the dependent
variable series when potential determinants of paid labor are considered severely
reduces the likelihood of observing statistically significant coefficient estimates. It
is also noteworthy that the Peruvian government amended the Child and Adolescent’s
Code of 2000 to increase the minimum working age in Peru from 12 years of age to
14 years (US DOL, 2007). Consequently, as we consider children ages 5 to 14 in
this study and our reference period spans the years 2002–2017, it may be that paid
labor is infrequent among children below the age of 15 and/or that survey respondents were reluctant to admit to violating the minimum working age law.
We also see that the pattern of coefficient magnitude and statistical significance of the coefficients of the household shock variables in columns (c) and
(d), where the provision of home care services and the performance of household
tasks, respectively, are the specific forms of child labor considered, largely mirror
the results that are reported in column (a). Specifically, in both columns (c) and
(d), we observe positive and statistically significant coefficient estimates for the
“two shocks” and “three shocks” categories. In column (d), we also find a positive and statistically significant coefficient for the variable that identifies having
experienced five or more shocks. Looking first to the results reported in column
(c), we see a statistically significant difference in the magnitude of the coefficient
representing instance where two household shocks were experienced as compared
to when only one shock was experienced (i.e., Wald test statistic=7.99 with p <
0.01). However, there is no statistically significant change in coefficient magnitudes of the variables that identify cases where three shocks, four shocks, and five
or more shocks are experienced. We find no statistically significant differences
in coefficient magnitudes across the coefficients that are reported in column (d).
Thus far, we have identified a positive relationship between household shocks
and child labor incidence. Further, we have reported variation in this relationship
based on the number of household shocks experienced. Our third research question addresses a similar notion: Do the influences of household shocks on child labor
incidence vary significantly based on the type of shock experienced? To address this
question, we estimate an additional variant of equation (2). In this instance, however, we decompose our measure that represents the number of household shocks
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experienced to include seven variables that separately represent the numbers of
specific types of household shocks. The results are presented in Table 3.5.
Beginning with column (a), we report statistically significant coefficient estimates for the economic shocks and family shocks variables. We see that all else
held constant, increases in either of these variables correspond with a statistically
significantly increase the estimated probability that a child will begin to engage in
one or more forms of labor activity. Specifically, evaluating the results at the mean
values of the explanatory variable series, we find that experiencing an economic
shock or a family shock is estimated to increase the probability of child labor incidence by 3.34 percentage points and 1.86 percentage points, respectively. Results
presented in column (b) indicate no statistically significant relationship between
household shocks and paid labor activity. Similar to the results presented in column (a), in column (c) we find that economic shocks significantly increase the
estimated probability that a child will engage in the provision of home care by
2.23 percentage points while family shocks are estimated to increase the estimated probability by 1.67 percentage points. Finally, in column (d) we report that
economic shocks and housing shocks are positively related to the estimated probability that a child will begin to engage in household tasks with the former shock
increasing the estimated probability by 1 percentage point and the latter increasing the probability by 3.09 percentage points. While our results suggest that different types of shocks correspond with engagement in different labor activities,
we also note that for each form of labor considered, post-estimation Wald tests
reveal there are no statistically significant differences between coefficient estimates that are both positive and statistically significant from zero.
Finally, the earlier discussion of the estimated coefficients of the non-
household shock variables that are presented in Table 3.3 and the following summary of estimated coefficients of such variables addresses our fourth research
question: Regardless of whether a household experiences a shock, does the probability of child labor incidence vary based on measurable child-, parent-, and
household-specific characteristics? Consistently, we find statistically significant
relationships between these variables and the estimated probabilities of child
labor activity. Across Tables 3.3, 3.4, and 3.5, we find 68% of the estimated coefficients of the variables unrelated to household shocks are statistically significant
from zero (i.e., 136 of 200 cases). We find generally similar frequencies of statistical significance among the coefficient estimates that correspond with child-,
parent-, and household-specific explanatory variables. Specifically, 24 of the 50
coefficients (48%) of the child-specific variables are statistically significant from
zero. Likewise, 35 of the 50 coefficients (70%) that correspond with the parent-
specific variables are statistically significant, and 70 of the 100 coefficients (70%)
of the household-specific variables are statistically significant.
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5 .  
SUM MARY AND CO NCLUSI O NS

We examine data from longitudinal household surveys that were conducted in
Peru during the period from 2002 through 2017. Estimation of a series of binomial logit specifications leads to the identification of the potential influences of
household shocks on the probability that the typical child (5–14 years of age)
engages in labor activity. We restrict our data to only include observations that
represent children who were not working at the time of their previous survey to
facilitate the examination of the influence of household shocks on engagement
in child labor activity. Further, we control for the influences of child-, parent-,
and household-specific attributes. In addition to documenting the relationship
between household shocks and the probability of child labor incidence, we also
determine whether the impacts of household shocks on child labor vary based
on the number of shocks experienced, and we consider whether the relationship
between household shocks and child labor differ based on the type of shock(s)
that the household experiences.
We report positive relationships between household shocks and child labor
incidence. Namely, the predicted probability that an otherwise typical child will
begin to engage in any form of labor activity is estimated to increase with the number of household shocks experienced. This is documented both when we employ the
number of household shocks experienced since the prior survey date as an explanatory variable and when we employ a binary measure of household shocks (i.e., no
shocks or one or more shocks). We also report statistically significant increases, of
varying magnitudes, in the estimated likelihood of child labor activity in response
to the number of household shocks experienced. Decomposing our measure of
household shocks into seven separate types, we report statistically significant coefficient estimates for the economic shocks, family shocks, and housing shocks variables. We also report statistically significant effects between specific forms of child
labor activity (i.e., paid labor, home care, and household tasks) and the incidence
of household shocks, the number of household shocks experienced (i.e., one shock,
two shocks, etc., up to five or more shocks), and the type(s) of household shock(s)
experienced (e.g., economic shocks, family shocks, housing shocks, etc.).
Our hope is that the information provided here aids in the identification and
understanding of the many factors that contribute to parents’ decisions to send
their children to work and, by doing so, informs public policy such that household reliance on children’s earnings is reduced and child engagement in non-
developmental labor activity is diminished or, ideally, eliminated.
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6 .  
APPENDIX
Survey Question

Type of Shock

Corresponding Shocks

Have any regulations
or actions had negative
impact on the household
since previous round?

Regulatory
shocks

Land redistribution; Resettlement of
forced migration; Forced contributions;
Eviction; and Invasion of property.

Have any changes to
economic conditions
affected household since
previous round?

Economic
shocks

Have you experienced
any natural disasters since
previous round?

Environmental
shocks

Has anything happened
since previous round that
has affected the building
you live in?

Housing
shocks

Has the household been
the victim of any crime
since previous round?

Crime shocks

Destruction/theft of tools for
production; Theft of cash; Theft
of crops; Theft of livestock; Theft/
destruction of housing/consumer
goods; and Crime that resulted in
death/disablement.

Increase in input prices; Decrease
in output prices; Death of livestock;
Closure place of employment; Loss of
job/source of income/family enterprise;
Industrial action; Contract disputes
(purchase of inputs); Contract disputes
(sale of output); Disbanding credit;
Confiscation of assets; Disputes with
family about assets; and Disputes with
neighbors about assets.
Drought; Flooding; Erosion; Frost;
Pests on crops; Crop failure; Pests
on storage; Pests on livestock;
Earthquake; Forest fire; Pollution
caused by mining; and Storm.

Fire affecting house; House collapse;
and Fire or collapse of building.

Continued
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Survey Question

Type of Shock

Corresponding Shocks

Has anything else
happened since previous
round that has affected
the economic situation of
the household?

Other shocks

.

Have there been any
changes within the family
since previous round?

Family shocks

Death of father; Death of mother;
Death of other household member;
Illness of father; Illness of mother;
Illness of other household member;
Divorce or separation; Birth of new
household member; Enrollment
of child in school; Imprisonment;
Conscription, abduction or draft;
Political imprisonment; Political
discrimination; Ethnic/social
discrimination; and Illness of non-
household member.
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