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Abstract

Empirical support for the human capital theory across the developing world predominantly uses years
of schooling as the indicator for human capital. However, the learning crisis taking place in develop-
ing countries strongly suggests that schooling quantity represents an inferior proxy for this type of
analysis (World Bank, 2018). This paper relies on cognitive skills proxied by literacy skills to esti-
mate the returns to human capital for wage workers in the urban areas of 7 developing countries. By
implicitly taking into consideration school quality aspects and non-school influences in human capital
formation, cognitive skills better represent the rationale of human capital theory. The results in the
cross-country specification show that, on average, an increase in one standard deviation of literacy
scores increases net hourly wages by 8.5%, conditioning on years of schooling. The findings are
robust to the inclusion of covariates related to socioeconomic background and alternative human cap-
ital indicators. Interestingly, returns to skills vary greatly across developing countries. This analysis
implies that the empirical support for the human capital theory is remarkably heterogeneous across
the developing world.



Returns to cognitive skills in 8 developing countries

1. Introduction

Investments in human capital have been widely recognized as a major determinant of earnings. Based
on human capital theory, such investments increase individuals’ earnings by raising their working
productivity (Schultz, 1961; Becker, 1962; Mincer, 1970, 1974). Empirical support for this statement
has overwhelmingly relied on schooling quantity as the central indicator for human capital (Card,
1999; Patrinos and Psacharopoulos, 2004; Montenegro and Patrinos, 2014). Recently however, there
has been a shift towards the use of cognitive skills measures instead (see Glewwe (2002) and
Hanushek and Woessmann (2008) for a review and Hanushek et al. (2015) for estimations across
developed countries).

This paper uses the World Bank STEP Skills Measurement adult skills surveys to estimates the re-
turns to cognitive skills for wage workers in the urban areas of the countries of Armenia, Bolivia,
Colombia, Georgia, Ghana, Kenya, Ukraine and Vietnam. The proxy for cognitive skills are literacy
skills, defined as the capacity of “understanding, evaluating, using and engaging with written texts to
participate in society, to achieve one’s goals, and to develop one’s knowledge and potential” (OECD,
2013, p. 59). While Valerio et al. (2016) perform a similar exercise, this analysis deviates in four
aspects. First, in order to compare the estimations with those of Hanushek et al. (2015) for developed
countries, | restrict the sample to full-time wage workers, leaving the self-employed out of the anal-
ysis. Second, | systematically test the robustness of the results against the inclusion of covariates
related to socioeconomic background and alternative human capital indicators. Third, 1 employ a
2SLS-1V estimation as an additional robustness check. Finally, I investigate transmission channels.

Unlike schooling quantity, the use of cognitive skills measures allows for differentiating between
competing theories of the determinants of earnings. While signaling (Spence, 1973, 2002), creden-
tialist (Bills, 2003) and Marxist (Bowles and Gintis, 1975) approaches also predict a positive school-
ing-earnings relationship, they do not necessarily imply a positive relationship between cognitive
skills and earnings (Boissiere et al., 1985, p. 1016; Alderman et al., 1996, p. 34; Glewwe, 2002, p.
466).

Moreover, cognitive skills measures implicitly contain information on the fundamental role of school-
ing quality and non-school influences in the production of human capital, which were previously
neglected by standard estimations of returns to schooling (Hanushek and Woessmann, 2008, pp. 611-

612). Schooling quantity expansions alone are no guarantee for individuals’ productivity increases



and hence imperfectly represent the rationale of the human capital theory, particularly in economic
analyses covering developing countries. Recently, in a report covering 85 countries, it was estimated
that 160 million children with at least 4 years of primary schooling were not able to read and com-
prehend a simple sentence, a finding catalogued as “a global learning crisis” (World Bank, 2018;
UNESCO, 2014, p. 191). This highlights the relevance of school quality aspects for earnings analyses

covering developing countries.

Results of this analysis show a positive association between cognitive skills and wages. In the pooled
estimation that controls for years of schooling, a one standard deviation increase in literacy skills is
on average related to a 8.5% net hourly wage increase. Exceptions to this general trend are the Kenyan
and Vietnamese regressions, where coefficients on literacy scores are small and insignificant. This
suggests that competing theories of the human capital framework might find empirical support in
specific labor markets. Returns to literacy estimated via the 2SLS-1V technique increase to 44.5%,
suggesting that OLS estimations are more affected by attenuation bias rather than by omitted variable
bias.

The structure of this paper is as follows. Section 2 reviews the related literature. Section 3 starts by
presenting the data, sample delimitation and variables description, followed by descriptive statistics
of the key variables. Section 4 presents the empirical framework and the results. Special attention is
given to omitted variable bias concerns and the economic reasoning behind the choice of control
variables. A 2SLS-1V estimation is carried out as an additional robustness check. In addition, trans-

mission channels are investigated. Section 5 concludes.

2. Related literature

2.1. Years of schooling and cognitive skills

Most of the literature assessing individual earnings portrays them as a positive function of human
capital® (Card, 1999; Borjas, 2013, pp. 235-282). Within this approach, individuals undergo invest-
ments in human capital expecting higher earnings, resulting from increases in worker’s productivity
(Schultz, 1961; Becker, 1962; Mincer, 1970, 1974).

Mincer (1970, 1974) provides the theoretical foundation for the decomposition of human capital into
schooling and on-the-job training, with focus on the former. This insight gave birth to the canonical

human capital earnings function, which estimates the impact of years of schooling on earnings and

! The terms human capital and labor market skills are used interchangeably throughout this study.
3



prevails among the most widely used empirical models in the economic literature (Card, 1999;
Lemieux, 2003).

Hanushek and Woessmann (2008, pp. 609-615) review and motivate a more recent framework of the
human capital approach, which replaces schooling with cognitive skills as the central indicator of
labor market skills. Cognitive skills are measured via standardized evaluations of literacy, numeracy,
science and problem-solving capacities. Although the theoretical background of the human capital
theory remains unchanged, the empirical implications and interpretations clearly diverge from the
Mincerian approach. Within this framework, schooling affects earnings solely through cognitive
skills.

The comparative advantages of the cognitive skills approach are notable: first, cognitive skills
measures implicitly contain information on the fundamental role of schooling quality and non-school
influences such as innate ability and health and family inputs in the production of human capital,
previously neglected by standard estimations of returns to schooling. A corresponding comprehensive
data collection of these input factors would be an impractical if not an impossible alternative. In this
view, schooling quantity is just one of many factors contributing to the acquisition of cognitive skills.
Notably, that perspective is consistent with the large literature on education production functions
(Hanushek and Woessmann, 2008, pp. 611-613).

School quality is intrinsically connected to the rationale of the human capital theory. Unfortunately,
the standard Mincerian wage equation does not consider that dimension of schooling, and by doing
so implicitly assumes that a specific year of schooling, irrespective of its quality, increases the indi-
viduals’ productivity by the same amount (Hanushek and Woessmann, 2008, pp. 608). That implica-
tion is strongly contradicted by the empirical evidence across countries. For instance, while the com-
pletion of primary schooling in developed countries ensures that children are able to read and write,
this is not necessarily the case in developing countries. It has recently been estimated that 20 million
children in developing countries with 6 years of schooling completed are not able to read a simple
sentence (UNESCO, 2014, pp. 208-209). In the same spirit, international student assessments such
as PISA, PIRLS and TIMMS point out the great variation in achievement within and between coun-

tries among students with the same years of schooling (Leuven et al., 2004, pp. 5-6).

A second and related benefit of this approach is its focus on an output variable rather than an input
variable (Alderman et al., 1996, p. 34). This feature is advantageous because it takes into account the
heterogeneity that individuals might show in their capability to transform the same schooling input
into different levels of cognitive skills. Finally, competing theories of the role of education - human

capital, signaling, credentialism - share empirical implications when using schooling quantity as the
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central indicator for human capital, making it hard to test their validity separately. On the other hand,
when using cognitive skills measures, the empirical predictions of the human capital theory do not
coincide with the competing frameworks (Boissiere et al., 1985, p. 1016; Alderman et al., 1996, p.
34; Glewwe, 2002, p. 466). That is relevant as the above-mentioned theories differ in their policy

implications.

2.2. Previous empirical analysis

Estimated returns to cognitive skills in developing countries are too few to establish general patterns,
and in particular, whether cognitive skills returns show decreasing marginal returns by stage of de-
velopment of countries. Behrman et al. (2009) uses a longitudinal dataset of rural Guatemala to esti-
mate returns to cognitive human capital, proxied by reading comprehension test scores, and health
human capital, proxied by height and body mass index. They estimate returns to reading comprehen-
sion of 22.8%. Additionally, a 2SLS IV-GMM estimation was carried out. Estimated returns to read-
ing comprehension amount to 40.4%.

Boissiere et al. (1985) estimate returns to a combined score of literacy and numeracy tests in urban
Kenya and urban Tanzania controlling for a schooling dummy for primary and secondary completers.
The separate use of either of the scores does not change their results. The returns vary from 19% to
22% for Kenya and from 7% to 13% for Tanzania, depending on selected subsamples. Jolliffe (1998)
estimates the association of household income and mathematics and English tests scores in Ghana
with the national Ghana Living Standards Survey. Combined returns amount to a statistically signif-
icant value of 9.6% for total income, without controlling for schooling. Estimates controlling for

schooling are unfortunately not performed.

Glewwe (1996) uses a subsection of 359 observations from the same dataset used by Jolliffe (1998).
He focuses on wage earners and corrects for selectivity bias, a potential problem for generalizations
of wage equations results from Ghana, given the high incidence of self-employment in the country.
The Heckman correction for selectivity however does not change the results. Estimated returns vary
from a lower bound of 14% for private wage workers to an upper bound of 30% for government wage
workers, without controlling for years of schooling. After controlling for years of schooling, returns
to mathematics and English scores are reduced by roughly 14%. Returns to cognitive skills measures
in the private sector are statistically significant only at the 10%, while in the public sector they are
significant at the 1% level. The coefficient on years of schooling is positive and significant only for
wage workers in the public sector. The author argues that this finding is evidence for wages in the
government sector being more credentialist than in the private sector.
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Alderman et al. (1996) uses data from rural Pakistan to estimate returns to a combined score of liter-
acy and numeracy between 12% and 28%, with the latter being statistically significant. These results
control for years of schooling and height and are robust to the separate use of each of the scores. The
analysis deals with the endogeneity of the cognitive skills measures using Maximum Likelihood IV
estimation. Scores are instrumented with a set of predetermined variables presumed to influence in-
vestments in human capital during childhood, such as distance to school, textbook costs, village dum-
mies and parental schooling.

Foreign language skills have also been used as a proxy for human capital. Angrist and Lavy (1997)
regress wages on schooling, French skills test scores and other standard regressors of wage equations.
They estimate a negative impact of reduced French language skills in Morocco and a positive effect
of schooling attendance on wages. They make use of an institutional change in the schooling system
of Morocco, which was the switch in the language of instruction from French to Arabic in 1983, to
compute 2SLS IV estimates, which are larger than OLS estimates. Both OLS and IV estimates on
schooling and test scores are positive and statistically significant.

An instructive cross-country analysis presented by Hanushek et al. (2015) present higher estimates
than the above-mentioned values. The assessment makes use of the cross-section database from the
Programme for International Assessment of Adult Competencies (PIAAC) to estimate returns to cog-
nitive skills across 22 OECD countries. In the pooled regression, the returns to numeracy skills take
the value of 18% for full-time wage workers aged 35-54. The range of estimated national returns
covers a wide range of 12%-28%, which are always highly statistically significant. When using liter-
acy skills as the central measure for cognitive skills, returns are very similar. Three additional control
variables are separately used to ease omitted variable concerns. Among them, years of schooling,
which always enters the equation with positive and highly significant coefficient, lowers the coeffi-
cient on numeracy the most, to a value of 10% in the pooled regression. This drop is interpreted by
the authors as a suggestion that cognitive skills affect earnings through expansions in schooling. The
empirical work of this study is rooted in this framework. It emulates its criteria for sample selection,

expands the set of control variables and adapts it to the developing context.

There are several conclusions to be drawn from these studies. First, cognitive skills measures seem
to be positively associated with earnings in both developing and developed countries. Second, results
are robust to the choice of the cognitive skills dimension, numeracy or literacy. Third, the coefficient
on years of schooling, conditioned on cognitive skills measures, is mostly positive. Boissiere et al.
(1985) and Glewwe (1996) attribute this to the credentialist role of schooling, while Heckman et al.
(2006b) favor the view that noncognitive skills are the driving force behind it. Finally, Hanushek et
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al. (2015) acknowledge that the interpretation is undetermined, but subtlety favor the hypothesis that
measurement error in cognitive skills lies behind this finding. Most likely, all three interpretations
might be playing a role. Fourth, it seems that whenever a proxy for innate ability - Raven’s test score
- is added to a wage equation that include a cognitive skills measure - literacy or numeracy test scores
-, the former does not have an impact on earnings. All three studies interpreting this result conclude

that the screening theory is relegated to the benefit of the human capital theory.

Finally, all these estimates support the cognitive skills approach of the human capital theory, espe-
cially after considering that test scores might be plagued by standard measurement error generating
attenuation bias. Yet, comprehensive identification strategies dissipating omitted variable bias con-

cerns have not been carried out.

Recently, it has been increasingly argued that noncognitive skills in the form of personality traits play
an important role in generating cognitive skills and earnings, and as a result might represent omitted
variables in the estimations of the studies mentioned above (see Bowles et al. (2001), Cunha et al.
(2006, pp. 717-719), Brunello and Schlotter (2011), Heckman et al. (2006b) and Lavado et al.
(2013)). Therefore, controlling for these factors is necessary to further ease endogeneity concerns.

3. The STEP Data

This study uses the World Bank’s Skills Towards Employability and Productivity program (STEP).
The dataset consists of representative household surveys carried out in 7 developing countries: Ar-
menia, Bolivia, Colombia, Georgia, Ghana, Kenya and Vietnam.? The implementation of the surveys
took place in the years 2012 and 2013. The population surveyed consists of individuals living in urban
areas aged 15-64 (World Bank, 2014, pp. 7-9). Individuals were randomly selected with a multistage

sampling procedure.

This rich cross-sectional dataset is the first of its kind. It is the first in combining internationally
comparable cognitive skills measures of the working-age population in various developing countries
with variables related to individual labor market outcomes. Individual information on educational
attainment, personality traits, health, language skills, family and socioeconomic background, among
others, are also collected. An additional profitable feature of this database is its comparability to the

Programme for International Assessment of Adult Competencies (PIAAC), carried out in developed

2 The program also implemented household surveys in Ukraine, Lao PDR, Macedonia, Sri Lanka and the Yunnan Province
in China. Unfortunately, the skills assessments in the latter 4 were not extensive enough for proper regression analysis.
(World Bank, 2014, p. 8, 38).
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countries. The STEP’s surveys were purposefully based on the PIAAC database to enable proper
comparison (World Bank, 2014, p. 13, 27, 35).

I reduce the database to a subsample of full-time wage workers aged 30-59. In accordance with the
International Labor Organization (ILO), | define full-time wage workers as those employees working
more than 30 hours per week, or less than 30 hours per week, but unwilling to work more hours at
their current hourly wage (ILO, 2013b, p. 41, 55; Lee et al., 2007, pp. 58-60). In the overall pooled
dataset, 21,242 observations are available. From those, 14,928 individuals are active in the labor mar-
ket. In reality, only the 12,500 employed individuals among them represent the eligible sample. No-
tice that labor market inactivity is a much larger phenomenon than unemployment. Given that profits
from self-employment are the outcome of a fundamentally different process with respect to wages,
only the 7,039 observations corresponding to wage workers are taken into consideration. | further
restrict the sample to ages in the range of 30-59, which makes the number of observations drop to
4,151. The reason of this restriction is that individuals’ earnings within this age range have proven to
better proxy lifetime earnings. In addition, the human capital-wages relation at younger ages might
be distorted by skills mismatch and the fact that skills need time to become observable and therefore

be rewarded by the employer (Hanushek et al., 2015, p. 7).

Among the 4,151 wage workers aged 30-59, those working full-time amount to 3,920 individuals. It
is important to note that this value includes formal and informal wage workers. Ultimately, the num-
ber of observations for the baseline regression is slightly reduced to 3,728 observations by the exclu-
sion of observations with typing errors, uncommon missing values, and the trim of the 1%t and 99"
percentile observations of the wage distribution, as well as by the drop of one outlier in the cognitive
skills-earnings relation in the Ghanaian dataset. In sum, the major reductions in the number of obser-
vations come firstly from taking self-employed individuals out of the sample, and secondly from the
age range restriction. In particular, the exclusion of the self-employed could potentially be causing a
selection bias. However, by implementing this restriction, a more homogenous group of individuals
is selected, and the results of the analysis are more comparable to similar studies for developed coun-

tries.

It is important to acknowledge that the previous delimitation of the sample might raise issues of se-
lection bias (Heckman, 1979, pp. 153-154). A natural byproduct of the analysis of wages is the ex-
clusion of observations corresponding to the unemployed and the self-employed. Excluding unem-
ployed individuals from the sample is associated with a downward bias on returns to human capital
measures, as human capital is presumed to positively affect the likelihood of being employed (Puhani,
2000, p. 53). Hence, in this respect estimations of returns to cognitive skills can be considered as
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conservative. It is however less clear how the exclusion of the self-employed might affect estimations.
While the choice of self-employment vs. wage employment is surely nonrandom (Glewwe, 2002, p.
467; Rosenzweig, 2010, p. 4), the direction of the selection bias is unclear. Still, if cognitive skills
are positively related to wage employment choice, the selection bias is unlikely to be upward (Alder-
man et al., 1996, p. 38; Glewwe, 2002, p. 467). Moreover, previous studies on returns to human
capital measures in developing countries do not find significant coefficient movements after attempts
to correct for this selection bias (Alderman et al., 1996; Glewwe, 1996; Soon, 1987).3

I now turn to the description of the main variables to be used in the regression, starting with the work-
related ones. The variable net hourly wage was generated by dividing the total wage income by the
total hours of the main occupation, both values corresponding to the last month/week previous to the
interview. Wage information from second and third jobs is not available. This is not a major problem,

as 93.1% of the selected sample has a single job.

The hourly wages are net of taxes and social insurance deductions. As a result, differences in taxation
rates might partly influence differences in the earnings of formal wage workers. Hourly wages are
available in national currencies. For the cross-country analysis, they have to be cautiously converted
to acommon monetary unit with the same base year. For that purpose | use the PPP conversion factors
for private consumption from the World Development Indicator (WDI) series available at the World
Bank database. For surveys carried out towards the end of 2012, the conversion is achieved by the
use of the PPP conversion factors of 2012. For surveys implemented towards the end of 2013, a
deflator | constructed with the household final consumption expenditure series of the WDI has been
used to deflate wages from 2013 into wages of 2012 in local currency. In the second step, the deflated
wages were converted into international dollars using PPP conversion factors of 2012 (World Bank,
2015, p. 172; Schreyer and Koechlin, 2002, pp. 5-7).

Other useful work-related variables are occupation, classified into 9 types according to the Interna-
tional Standard Classification of Occupations (ISCO) 2008, economic sector of the job, classified
into 21 sectors according to the International Standard Industrial Classification of All Economic Ac-
tivities (ISIC) 2008, and whether the worker has a formal job or not, defined as being affiliated with
social security benefits at work. Additionally, information on whether the worker is employed in the

public or private sector and employment search methods is collected.

3 A third potential type of selection bias arises from the heterogeneous response rates of the surveys. In Bolivia and
Colombia, only 43% and 48% of randomly selected individuals completed the survey, while 83% and 92% did so in Ghana
and Kenya (World Bank, 2014, pp. 61-62).
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Turning to the main independent variable of the analysis, World Bank (2014), the designer of the
STEP dataset, define cognitive skills as “the ability to understand complex ideas, to adapt effectively
to the environment, to learn from experience, to engage in various forms of reasoning, to overcome
obstacles by taking thought* (Neisser et al., 1996, p. 77). The chosen proxy by STEP designers for
the latent cognitive skills is literacy, defined as “understanding, evaluating, using and engaging with
written texts to participate in society, to achieve one’s goals, and to develop one’s knowledge and
potential” (OECD, 2013, p. 59). Despite the generality of both concepts, one can identify major over-

laps between the two.

The reading literacy scores are derived from an assessment that contains exercises emulating the di-
versity of real-world tasks in an adult’s daily life, bringing together aspects of work, education, health,
home, and citizenship, among others. It contains items from the PIAAC and is adapted to the context
of developing countries. It is noteworthy that for international comparison purposes items are de-

signed to be culture and language neutral.

Anticipating a wide variation in literacy skills in developing countries, the test design provides dif-
ferent levels of difficulty, ranging from very easy to very difficult items. In the first stage, individuals
face basic tasks aiming at measuring foundational skills. Subsequently, a sorting stage takes place. If
the respondent answers 3 out of 8 questions correctly, she proceeds to the third and final stage of the
test, which covers the full range of difficulty. For respondents failing at the screening stage, incorrect
responses for the third stage are imputed. Based on previous pilot tests, this is an accurate imputation.
The first stage of basic difficulty aims at identifying variation at the left tail of the skills distribution,
while the third evaluates the full variation for those equipped with more than very basic literacy skills.
The overall test duration amounts to 45 minutes (ETS, 2014, pp. 5-7, 24).

The STEP literacy scale is fully comparable to the PIAAC scale, with scores denoted as plausible
values, ranging from 0 to 500 points (ETS, 2014, pp. 11-12). Two major techniques were imple-
mented to generate the plausible values, which are multiple imputations. Given that different groups
of individuals solved different task items, it is not appropriate to base the scores solely on the number
of correct and incorrect responses. The Item Response Theory (IRT) scaling is used to weigh each

item’s contribution to the final score based on their level of difficulty and to impute responses to

4 Neisser et al. (1996) use this concept to describe intelligence in the psychology literature. World Bank (2014) and |
apply this concept to define cognitive skills in the economic literature. Somewhat odd, cognitive skills, unlike cognitive
skills proxies, are seldom defined in the reviewed labor economic literature. In a nutshell, the neuroscience literature
understands as cognitive skills the ability to represent, store, and process information in the cognitive domain (Gazza-
niga, 2009, pp. 805-806). OECD (2013, pp. 56-59) implicitly defines cognitive skills as key information-processing skills,
related to accessing, identifying, evaluating, using and communicating information.
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items that were not administered to a certain individual. These imputations are based on the individ-
uals’ profile, derived from the set of answered items. In this way a score distribution is generated.
The second issue is the tendency of large-scale cognitive assessments to administer a relatively low
number of items in order to reduce the respondent’s burden. As a result, an otherwise avoidable meas-
urement error type arises. A latent regression model combining IRT values and individual background
variables such as country of birth, education and occupation is used to minimize this measurement
error. This technique is implemented to enhance the IRT skills distribution, from which 10 plausible
values per respondent are derived. For the correct use of the plausible values in regression analysis,
it is suggested to run 10 separate regressions with each plausible value. The mean coefficient of the
10 estimations is the consistent coefficient of interest (World Bank, 2014, pp. 95-98; ETS, 2014, pp.
26-31; Junker etal., 2012, pp. 6-8). It is important to mention that these procedure attempts to correct
for measurement error related to test-retest reliability. A more fundamental measurement error inher-
ent to the broad concept of literacy, cognitive skills and ultimately human capital, remains (Hanushek
etal., 2015, p. 6).

The International Standard Classification of Education (ISCED) 1997 and 2011 scales are used to
derive individual years of schooling. This variable represents the number of years of formal education
corresponding to the highest level completed. In Bolivia, Colombia, Georgia and Vietnam, intervals
of levels completed are narrow, such that one additional year often coincides with one level increase.
In Armenia, Ghana and Kenya, however, the intervals of established levels in the education system
are large, such that relevant years’ variation gets lost. Hence, for these three countries, the actual
years of formal education completed are taken. This variable captures primary, secondary, vocational

and university education.

Special attention to the context of developing countries has to be taken into consideration to derive a
variable for potential labor experience. For developed countries analysis, experience is calculated by
computing age minus years of schooling minus 6, assumed to be school starting age. In doing so, the
full time period after schooling is attributed to labor experience. Adopting this definition for devel-
oping countries is problematic because a non-negligible share of individuals attends formal schooling
for a few or 0 years and start working at very young ages. Specifically this work at very young ages
cannot be considered as human capital in the form of job experience. For instance, a 40 year old
worker with no formal schooling cannot be considered to have accumulated job experience for 34

years. In addition, school starting age in developing countries presents important variation. Taking
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these two aspects into consideration, | compute experience with the operator min{age-years of school-
ing-actual school starting age; age-13}. That way, working years before age 13 are never considered
as contributing to human capital (Alderman et al., 1996, p. 36; Lam and Levison, 1992, pp. 238-239).

The rich STEP dataset contains valuable variables that can be used as controls in wage regressions.
To derive mother’s education, the International Standard Classification of Education (ISCED) 1997
scale is used for comparison purposes. This is a categorical variable with 7 ascending levels of edu-
cation. This alternative was preferred over actual years of parental schooling to avoid measurement
error, as the accuracy of the latter is questionable given that parental education goes several years
back in time and refers to a different person than the respondent. Self-reported socioeconomic status
of individuals at age 15 on a scale from 0 to 10, with 10 being the wealthiest level, is also collected,
as well as the height of individuals. Other valuable predetermined variables used in the empirical
strategy, such as kindergarten attendance, self-reported academic performance, and economic shocks

at age 12 are detailed in the appendix.

Two further variables worth commenting are language proficiency and self-reported noncognitive
skills. The former refers to the number of languages that individuals speak well enough to work in a
job requiring that language. The latter are a set of 5 well-known measures in the psychology literature
denominated the “big five personality traits”: Openness, Conscientiousness, Extraversion, Agreea-
bleness, and Emotional Stability. Each trait measure is self-reported by answering a set of 3 questions
designed to uncover the traits. For example, to measure emotional stability, the individual answers to
the question “do you get nervous easily? ”, on a scale from 1 - almost never - to 4 - almost always -
(World Bank, 2014, pp. 28, 77-78).

Table 1 shows the mean and standard deviation of the most relevant variables for the restricted sam-
ple. The first column shows the descriptive statistics for the pooled sample, followed by columns of
country samples. Mean hourly wages are shown in international dollars and national currency, with
only the former being comparable. The average hourly wage takes a low value of 3.49 international
dollars. This value amounts to less than half the nationwide minimum wage in the United States
(OECD, 2014). There is important variation between countries. Its distribution, as commonly reported
in previous analysis, is skewed to the right in all samples (Berndt, 1996, p. 161). Ghana presents the
lowest hourly wage, while Bolivia shows the highest. Bolivia also presents the highest variation
around the mean, suggesting large labor income disparities among urban wage workers. It draws
attention that Armenia has the second lowest mean. There can be many explanations for this. Perhaps
the wage sector in Armenia faces a costly bundle of consumptions goods. Another explanation could

12



be that tax and social security payments are relatively larger for the Armenian wage sector, given that

informality plays a minor role in its urban wage sector.

The informal wage sector is as expected relatively large. Every third urban employee in the sample
works in the informal sector. Variation across countries is tremendous. Armenia shows an almost
negligible 6.3%, while more than half of Georgian and Ghanaian workers in the sample are informal
employees. The same disparities dimension is observed in the share of public workers. 70% of Ar-
menian wage workers in the sample function in the public sector, and only 12% do so in the Colom-

bian dataset.

In general, mean literacy scores are low. The mean of 225 points is several tenths below the mean
literacy score of 273 points from the PIAAC study covering adults in 23 developed countries (OECD,
2013, p. 258).° The distribution of the scores is mostly approximately normal, with a thin left-hand-
side tail representing those individuals with very basic literacy skills sorted out at the screening stage
of the test. For the cases of Bolivia, Ghana and Kenya, this latter group of individuals is numerous
enough to transform the distribution shape into a bimodal distribution.® Again, a wide variation be-
tween countries is observed, with scores in Ghana almost 100 points lower than in Armenia. Vietnam

on the other hand, performs two tenths better than the average.

Although differences in literacy scores between the PIAAC and the restricted STEP sample are large,
mean years of schooling differ by less than 1 year (Hanushek et al., 2015, Table 1). That raises the
relevance of differences in school quality and non-school investments in literacy skills. Another dis-
tinctive feature of the dataset is the low percentage of females among wage workers in Ghana and
Kenya, in contrast with Armenia and Georgia. Age and experience are similar across samples. Fa-
ther’s education levels are not surprisingly higher than mother’s education levels in all samples. How-
ever, both mean values of the pooled sample correspond to the same category of lower secondary

education.

5 One could argue that this comparison is not fully neat as the sample restrictions imposed to the STEP dataset might
be lowering the mean score. However, the mean literacy score of the complete STEP dataset is even lower than the
value shown in the table, amounting to 211 points.
6 See Figure 1 in Appendix.
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Table 1. Descriptive statistics

Pooled Armenia Bolivia Colombia  Georgia Ghana Kenya  Vietnam

Met hourly wage (internation- 13 2.8 5.2 4.1 3.8 22 i3 33

al §) (3.3 (1.8) 4.7 4.2) (3.1) (2.2) (3.7 (2.5)
Net hourly wage (local cur- - 5455 15.6 4901.5 il 27 131.0 269004
rency) (353.8) (141} (5046.0) (2.5) (2.8 (149.1) (20606.5)

Share informal workers (%) 343 6.3 424 26.0 52.3 392 519 30.5

B 0s 0 s 4 (05 (05 (05 (05

) 41.6 70.2 28.6 12.1 58.1 o5 15.6 53.6

. 0/
Share public workers (%) 05) (05 (05  (©3) (05 (05 (04 (05

2249 2517 203.5 2346 2476 l66.5  179.7 2470

Literacy scare (719)  (30.0) (79.6)  (564)  (39.8) (93.6) (844)  (59.2)

y Fchooli 124 134 129 10.6 15.8 09 108 12.1
ears ol schooling 44)  (2.6) (4% {4.1) (270 (45 (4.5 (4.4)

Eoeri 722 243 211 233 214 2.7 202 22.6
xpenence 9.1y (95 (9.0 {9.1) (871 (93) (8.5 (9.1)

\e 414 446 40.5 41.1 43.6 99 384 414
A (84) (3.8  (8.0) (8.1) (86) (85 (1.5 (8.1)
L 510 65.3 492 408 6.1 il 333 536

Share of female workers (%) (©.5) (0.5) (0.5) (0.5) (0.5) (0.5) (0.5) (0.5)
Father’s education (ISCED 23 35 22 1.8 45 1.9 1.1 22
scale) (1o (13 (19 (14) (15) (L8 (L&) (L7}
Mother's education (ISCED 2.0 35 15 1.3 43 1.0 0.7 1.6
scale) (1.9) (1.2} (1.8) (1.0} (1.5} (1.4) (1.4) (1.5)
N 1727 568 413 496 492 351 541 866

Notes: Average values and its standard deviations in parenthesis. Bottom row shows number of observations. Sample
selection: Full time urban wage workers aged 30-59. 1* and 99" percentile of hourly wage distribution trimmed. Net
hourly wage in international dollars were calculated using PPP conversion factors for private consumption. Informal
workers are defined as those who are not affiliated with social security benefits at work. Literacy scores are the mean of
1D plausible values. on a scale of 0 to 500. Experience is calculated with the following operator: min{age-years of
schooling-actual school starting age; age-13}. Father’s and mother’s education levels are scaled according to the Inter-
national Standard Classification of Education (ISCED) 1997 scale. Source: STEP database.

4. Empirical framework

The empirical framework | employ emulates part of the analysis in Hanushek et al. (2015), who un-
dertake a similar approach for developed countries. The here employed STEP dataset shares plenty
of similarities with their selected PIAAC database. In particular, the cognitive skills measures of both
datasets are purposefully based on common items, methodology and scoring (World Bank, 2014, p.
61). | attempt to exploit these similarities and follow the above-mentioned framework closely to en-
able consistent comparisons between estimations for developed and developing countries.
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Meaningful adaptations to the developing context and useful extensions enabled by the richness of
the dataset are carried out. The following subsections start delimiting the estimation approach, which

is directly followed by a presentation and description of the results.

4.1. Baseline estimation

I first run the baseline regression depicted in (1), with log earnings (In Y) as a function of literacy
skills (L), potential experience (E), potential experience squared (E?), gender (F), geographical loca-

tion (G) and a stochastic error (g):
InY = Bo+ BiL + BoE + BsE* + B F + BsG+¢ (1)

This equation is very similar to the standard human capital earnings function, with the difference that
the proxy for human capital is literacy skills instead of years of schooling, for the reasons commented
in section 2. The private returns to literacy’ (5,), also understood as the private returns to cognitive
skills, are the focus of this empirical work. For comparison purposes, as is common in the literature
| standardize the literacy scores to have mean 0 and standard deviation 1. Therefore, marginal returns
correspond to a one standard deviation increase in scores. To put things in perspective, it is useful to
understand what a standard deviation in literacy scores represents. For example, in the Colombian
dataset, a one standard deviation from the mean in the literacy skills implies to jump one level higher
in a scale of 6 levels. That implies that the individual passes from being able to employ low-level
inferences including comparison, integration and identification from different parts of the test, to
being able to identify and formulate responses in multisteps and differentiate correct from incorrect
information (World Bank, 2014, p. 83).

The functional form of equation (1) depicts a log-linear wages-literacy skills relationship. That func-
tional relation between wages and human capital measures is advantageous because it is based on a
theoretical background.® Moreover, the logarithmization of hourly wages transforms its positively
skewed distribution towards a normal distribution (Berndt, 1996, p. 161), and reduces heteroskedas-
ticity concerns (Verbeek, 2012, pp. 84-85). In addition, the functional form favors comparability of
coefficients, as they directly provide percentage changes in hourly wages for small changes in literacy
skills units (Stock and Watson, 2007, p. 271).

7 The concept returns to literacy corresponds to the average growth rate of earnings associated with a one unit increase
of literacy skills, and not to internal rates of return.
8 The core of the derivation relies on the assumption that individuals undergo investments in education only until they
pay off in terms of rates of return, creating in that way a relation between linear human capital measures and percent-
age increases of earnings (Mincer, 1970).
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The remaining three independent variables are commonly used in earnings equations. Potential expe-
rience enters the equation once linearly and once quadratically due to its presumed concave relation-
ship with log earnings (Card, 1999, p. 1804). The gender dummy accounts for the well-known gender-

based effects on wages and geographical location takes into consideration region-level fixed effects.

Table 2 reports the results from estimating equation (1). The empirical model is estimated for the
pooled sample and for each country sample. In the country regressions, net log hourly wages in local
currencies are regressed on literacy scores, which are standardized to have mean 0 and standard de-
viation 1 within each country. In the pooled regression, net log hourly wages in international dollars
are regressed on literacy scores, again standardize to have mean 0 and standard deviation 1 but within
the pooled international sample. All regressions include controls for experience, experience squared,
gender and geographical location. Standard errors are clustered at the municipality level for Colombia
and at the level of census enumeration areas for the other countries, to permit for intragroup correla-

tion of errors.

Table 2. Baseline regression: Returns to Literacy

) ) ©) (4) ®) (6) () ®)

Pooled Armenia Bolivia Colombia Georgia Ghana Kenya Vietnam

Literacy ~ 0.285%**  0.083™ 0317 0262  0.171™ 038" 0271  0.190"
(0.018) (0.029)  (0.043) (0.035) (0.034)  (0.053)  (0.048)  (0.024)

N 3727 568 413 496 492 351 541 866

R? 0.240 0.194 0.217 0.253 0.183 0.241 0.173 0.165

Notes: OLS Regression results. Dependent variable: net log hourly wage in local currency for country regressions and in
international dollars for pooled regression. The 1%t and 99" percentile of the net hourly wage distribution is trimmed.
Sample: urban full-time wage workers aged 30-59. Literacy scores standardized to have mean 0 and standard deviation 1
within the corresponding samples. Estimations are the average of 10 estimations using a different plausible value each.
All regressions control for a constant, gender, experience and experience squared. In addition, the pooled sample controls
for country fixed effects, while the country regressions controls for regional fixed effects. In the pooled regression, each
observation is weighted equally. Clustered standard errors in parentheses. Significance levels: * p < 0.10, ** p < 0.05,
*** < 0.01. Source: STEP database.

The results in Table 2 consist of positive, large and highly significant returns to literacy for all sam-
ples. In the pooled regression, a one standard increase in literacy scores is associated with a 28.5%
increase in net hourly wages on average. The standard deviation of the returns to literacy is lower in
the pooled sample than in the country regressions. Interestingly, there is a wide variation of returns
between countries. The Ghanaian and Bolivian samples show the highest returns to literacy, with
above-average values of 38.6% and 31.7% respectively. Colombia and Kenya, with returns to literacy
of 26%-27% show similar magnitudes to the pooled sample estimation. Georgia and Vietnam have

returns between 17%-19%, while the Armenian sample presents the lowest return of 8.3%, which is
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nevertheless considerably high. The standard deviations of Bolivia, Ghana and Kenya are slightly
above 4 percentage points, while the other coefficients are more precisely estimated. These estima-
tions are prone to attenuation bias due to measurement error in literacy skills and hence should at first
be taken as a lower bound estimate. In the pooled sample, the empirical model is able to explain 24%

of the log hourly wage variation, whereas in country samples the R-squared values are slightly lower.

These results arguably show a tendency for falling returns by levels of development, as reported in
cross-country analysis for returns to schooling (Psacharopoulos, 2004, pp. 112-113). In general, the
reported coefficients in Table 2 are larger than the equivalent empirical estimations for developed
countries in Hanushek et al. (2015), who report returns to literacy skills of 17.1% for the pooled
sample.

4.2. Robustness checks

The major threat to the causal interpretation of returns to literacy reported in Table 2 concerns stand-
ard omitted variable bias.® Variables positively correlated with literacy skills might at the same time
affect hourly wages positively.'® Omitting these variables from the wage equation biases the returns
to literacy upwards. In that case, returns to literacy should be interpreted as the combined effect of
literacy and omitted variables on hourly wages. In the worst scenario, this upward bias could generate

a spurious relationship between literacy and wages (Stock and Watson, 2007, pp. 187-191).

The main robustness check | employ to tackle these omitted variable bias concerns consists of adding,

one at a time, meaningful control variables to equation (1), to get:
InY = Bo+ BiL + B2E + B3E? + BoF + BsG + BV +&  (2)

Equation (1) differentiates from equation (2) in that the latter includes an additional control variable
(V). The empirical strategy is straightforward. It consists of observing the movements of the returns

to literacy (B,) after the inclusion of each additional control. If the included control is indeed an

% Reverse causality is considered a smaller issue in the literature, as literacy skills as measured by standardized tests are
presumably determined before working life, such that high-paying jobs cannot influence them largely (Alderman et al.,
1996, p. 40; Alderman et al., 1997, p. 121; Glewwe, 2002, p. 469; Hanushek/Zhang, 2009, p. 117). To confirm this notion,
| subsequently removed individuals with the oldest ages from the sample and run model (1) after each removal. If it is
the case that high-paying jobs steadily increase the literacy skills of individuals, one should observe that estimated re-
turns to literacy decrease as a result of the removal of older individuals. Notice that this reasoning assumes that high-
paying jobs are not overproportionately held by the younger employees of the sample. Estimations from this exercise,
shown in the appendix, are rather stable and hence suggest that reverse causality do not drive the results of Table 2.

10 variables positively correlated with literacy and negatively influencing wages would be causing a downward bias.
However, such variables are economically less plausible.
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omitted variable upwardly biasing returns to literacy in equation (1), we should observe a decrease in

returns to literacy (Oster, 2014, p. 2).

The richness of the STEP database allows for identifying economically meaningful control variables,
that is, variables that are plausibly correlated with literacy skills and, in addition, might have an im-
pact on hourly wages other than through literacy skills. As a result, the set of controls employed is
significantly broader than those used in Hanushek et al. (2015). In that spirit, the literature on educa-
tional production functions and the competing theories of the human capital framework guided the

selection of control variables.

There are two types of control variables | employ. The first type of controls are predetermined varia-
bles in the sense that they are determined previous to observed hourly wages. These are variables
mostly related to family and formal education background: years of schooling, self-reported relative
academic performance at school, kindergarten attendance, mother’s education levels, socioeconomic
status at age 15, household size at age 12, height, and number of economic shocks at age 12. Ideally,
one would prefer control variables that are determined before literacy skills or, more generally, that
are exogenous to the individual’s literacy skills. That way, it is ensured that the control variable is not
itself an outcome of literacy skills, avoiding the possibility that they might embody a channel through
which literacy affects wages (Angrist and Pischke, 2008, pp. 64-68). In fact, all but the first three of
the above-mentioned controls meet this stronger requirement. The second type of control variables
are variables that are not necessarily predetermined to wages. These variables correspond to alterna-
tive indicators of human capital dimensions: self-reported Big Five personality traits, number of lan-
guages mastered, and the burden of chronic diseases in terms of temporary illness-related work una-
vailability. While useful, estimations including this type of controls should be interpreted cautiously,

as controls coefficients might be suffering from reverse causality.

Years of schooling is the main control variable in this empirical analysis. Firstly, it is plausible to
argue that years of schooling tend to positively correlate with literacy skills (Hanushek and Woess-
mann, 2008, p. 610). Secondly, the signaling (Spence, 1973, 2002), credentialism (Bills, 2003) and
Marxist (Bowles and Gintis, 1975) approaches raise the relevance of years of schooling as a determi-
nant of wages. These alternative theories develop mechanisms independent of cognitive production
through which schooling affects wages. A decrease of the coefficient on literacy to insignificant levels
after the inclusion of years of schooling would support these theories. Notice however, that such a
finding would not rule out a positive role of literacy skills in wage determination. As higher literacy
skills have been shown to increase schooling attendance, it could be the case that literacy skills still
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have an indirect wage impact through schooling attendance. In addition, the measurement error of

literacy skills might be driving the empirical impact of schooling (Hanushek and Woessmann, 2008).

Other crucial control variables are mother’s education levels and socioeconomic status at age 15.
These are factors that have been reported as determinants of test scores, and in addition are pointed
out by credentialist, Marxist, and noncognitive skills supporters as factors affecting wages. The pos-
sibility that children with highly educated parents and high socioeconomic status are able to invest in
their cognitive skills production, and later on during their adult life have access to highly paid jobs
mainly due to their socioeconomic background (Bills, 2003, p. 452), would bias returns to literacy
upwardly. Moreover, highly educated parents might be more efficient at transferring noncognitive
skills to their children, later rewarded in the labor market. Mother’s education levels have been re-
ported as an important factor influencing the health and nutrition of their children, which in turn might
affect both literacy skills and wages of their children through a variety of channels (Klasen, 2002, pp.
351-352). By controlling for mother’s education and socioeconomic status at age 15, many concerns

related to these types of processes can be assessed.

Height has been reported as a proxy for cognitive and noncognitive skills that affect wages (see Case
and Paxson (2006), Schick and Steckel (2010) and Sanchez (2013) for examples). The first associa-
tion relates to the biological fact that well-nourishment at early ages fosters both the adult height and
the brain development of individuals. If the literacy skill measure | employ is a good proxy for cog-
nitive skills, the inclusion of height in the regression is redundant and it should not affect the coeffi-
cient on literacy through this channel. However, it has been argued that height also proxies for non-
cognitive skills such as authority and communication skills. Presumably, taller individuals overpro-
portionately engage in sports at school, and as a result develop team-related skills such as discipline,
confidence and leadership (Schick and Steckel, 2010, pp.3-5). If this reasoning is relevant, one should
expect changes in the returns to literacy after the inclusion of height. As final remarks, height controls
in wage equations might be more interesting in studies about developing countries, where undernu-
trition is a larger phenomenon. However, this control is more interpretable in country regressions than
in cross-country ones, as it is less clear whether international height differences are majorly driven

by malnourishment or genetic-related factors.

I also control for self-reported relative academic performance at school. If literacy skills are a good
proxy for cognitive skills, this inclusion is redundant and should not cause a change in returns to
literacy. Once again however, one could associate relative academic performance to noncognitive

skills, in the sense that above-average achievement at school grants children with self-confidence.
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Table 3. Returns to Literacy with predetermined and other control variables

Predetermined control varia- | (1) @) 3) Co(l‘gm_ (5) (6) ) (®)
bles Pooled Armenia Bolivia bia Georgia  Ghana Kenya Vietnam

.BLiteracy BLiteracy BLiteracy ﬂLiteracy BLiteracy ﬂLiteracy BLiteracy .BLiteracy

0.285"  0.083*** 0.317*** 0.262%** (0.171*** 0.386%** 0.271*** 0.190%**
(0.015)  (0.029)  (0.043) (0.035) (0.034) (0.053) (0.048)  (0.024)

Baseline

0.085™" 0.056** 0.123*** 0.080** 0.120*** 0.128**  0.020 -0.001

Yrs schooling (0.019)  (0.028) (0.044) (0.036) (0.034) (0.057) (0.054) (0.028)

0.256™"  0.061** 0.272*** 0.246*** 0.168*** (0.347*** (.269*** (0.180***

Mother’s education (0.020)  (0.029) (0.048) (0.050) (0.037) (0.056) (0.050)  (0.028)

0.267™" 0.076*** 0.280*** 0.252*** 0.166*** 0.379*** 0.261*** (0.172***

Status at age 15 (0.018)  (0.029) (0.041) (0.035) (0.034) (0.052) (0.048)  (0.026)

0.285™" 0.080*** 0.319*** 0.265*** 0.168*** (0.395*** (.270*** (0.189***

HH size at age 12 (0.018)  (0.029) (0.043) (0.034) (0.034) (0.052) (0.048)  (0.024)

0.278™" 0.081*** 0.302*** 0.259*** 0.170*** 0.386*** 0.269*** (0.188***

Height (0.018)  (0.029) (0.042) (0.037) (0.034) (0.056) (0.048)  (0.024)
Kinderaarten attendance 0.289%%*  0319%** 0.260%%% 0.169%%* 0.382%%* 0.269%%% 0.185%*
9 (0.019) (0.043) (0.035) (0.034) (0.052) (0.048) (0.025)

Economic shocks until age 0.273™" 0.080*** 0.286*** (.258*** (0.172*** (.380*** (0.265*** (.181***
12 (0.018)  (0.029) (0.041) (0.032) (0.034) (0.052) (0.047) (0.024)

0.25™"  0.066** 0.296*** 0.247*** (0.140*** (.338*** (0.254*** (.126***

Academic performance (0.018)  (0.03) (0.043) (0.033) (0.036) (0.056) (0.053) (0.026)

Other controls

0.268%%* (.079%** 0.310%** 0.228*** 0.137%%* (.375%** 0.258%%* (,162%**
(0.018)  (0.029)  (0.041) (0.049) (0.036) (0.054) (0.050)  (0.024)

0.244%%% (0,083*** 0.281%%* (.231*** 0.163%** (.254*** 0.250%** (,151***
(0.018)  (0.03)  (0.043) (0.037) (0.038) (0.065) (0.049)  (0.025)

0.285™ 0.082%** 0.322%%* (0.263%%* 0.172%** 0.384*** 0.269%** 0.190%**
(0.018)  (0.029) (0.042) (0.035) (0.034) (0.053) (0.048)  (0.024)

Number of languages

Noncognitive skills

Chronic burden

Notes: OLS Regression results. Each row corresponds to a different estimated model. Dependent variable: net log hourly
wage in local currency for country regressions and in international dollars for pooled regression. The 1%t and 99™ percentile
of the net hourly wage distribution is trimmed. Sample: urban full-time wage workers aged 30-59. Literacy scores stand-
ardized to have mean 0 and standard deviation 1 within the corresponding samples. Estimations are the average of 10
estimations using a different plausible value each. All regressions control for a constant, gender, experience and experi-
ence squared. In addition, the pooled sample controls for country fixed effects, while the country regressions controls for
regional fixed effects. Mother’s education, socioeconomic status at age 15, academic performance and economic shocks
are categorical variables. Years of schooling, household size at age 12, height, chronic burden, the number of mastered
languages and noncognitive skills measures enter the equation linearly. Detailed descriptions of each control variable in
appendix. In the pooled regression, each observation is weighted equally. Clustered standard errors in parentheses. Sig-
nificance levels: * p < 0.10, ** p < 0.05, *** p < 0.01. Source: STEP database.

Kindergarten attendance is seen as strategically important in the formation of cognitive and noncog-
nitive skills of children, and hence in wage determination (see Heckman (2006¢) and Chetty et al.
(2011) for examples), reason for which a dichotomous indicator for kindergarten attendance is used

as a control in this framework. Motivated by the theory (Becker and Lewis (1974)) and empirics
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(Kessler, 1991, pp. 415-416) of the quantity-quality trade-off of children, I also control for household
size at age 12. The literature states that a larger household size results in reduced resource allocation
per child, which has negative influences on socioeconomic outcomes. To the extent that these intra-
household resource allocation effects on wages operate through channels other than literacy skills,
the inclusion of this control variable should generate a downward movement in the coefficient on
literacy. Similar to this reasoning, the number of economic shocks at age 12 is used as an additional

control variable.

Finally, the analysis attempts to control for alternative measures of human capital. First, a set of 5
self-reported noncognitive skills measures known as the Big Five are together included in the estima-
tion. These measures have gained relevance in empirical analysis for developed countries (Heckman,

2006b), which motivates their inclusion in this analysis.

A potentially important drawback of literacy skills assessments such as STEP and PIAAC is that they
measure literacy skills in one language only, such that the number of languages one individual can
speak is perhaps not properly represented by the literacy score. This neglect might be relevant as
languages are an important dimension of human capital and particularly relevant in globalizing econ-
omies and their labor markets, as implied by Angrist and Lavy (1997). To tackle this concern, net
hourly wages are also regressed on the number of languages mastered by each individual. Health
indicators have been previously used as proxies for human capital (see Behrman (1999, pp. 2895-
2901 for empirical review). In that spirit, I employ the burden of chronic disease in terms of temporary

illness-related work unavailability in days as an additional regressor.

All cells of Table 3 show returns to literacy after controlling for predetermined and other control
variables. Each row corresponds to a different estimated model. The first row is the baseline estima-
tion replicated from Table 2, included in the table to ease the detection of coefficient movements. The
following rows belong to estimations with the inclusion of additional control variables, which are
indicated in the first column. Hence, coefficient movements should be detected vertically by compar-
ing the coefficients in the first row with values of the following rows. The dependent variable, the
regressor of interest and clustered standard errors are specified as in the previous estimation. All
regressions control for experience, experience squared, gender and geographical location. The com-

plete tables of each estimation are reported in the appendix.

The most important result to observe in Table 3 is that the returns to literacy remain highly significant,
positive and relatively large for almost all estimations. That is a remarkable finding. Coefficient
movements with respect to the baseline regression estimates have similar directions across samples,

although the magnitude of the changes differs from sample to sample. In all cases, returns to literacy
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are more precisely estimated in the pooled regression. The precision of coefficient estimations are
mostly unaffected by the inclusion of additional variables. Guided by changes in the pooled sample,
I proceed to describe each estimation model, starting with those where coefficient movements are the
largest. In Table 3, one can detect absolute changes easily. | make use of relative changes to capture

the essence of coefficient movements and for comparison purposes.

The control variable generating the largest coefficient movement is years of schooling. In the pooled
sample, returns to literacy drop 20 percentage points to reach a value of 8.5%, that is, a reduction of
70%. Nevertheless, the coefficient remains highly significant and of considerable magnitude. Condi-
tioned on years of schooling, an increase of one standard deviation of literacy scores is associated
with an 8.5% increase of hourly wages on average.

For the Armenian and Georgian sample, the reduction is relatively smaller, accounting for a drop of
33% and 30% to reach returns of 5.6% and 12%, respectively. Negative relative changes in Bolivia,
Colombia and Ghana are double as much, moving within a range of 60% to 70%. Yet, coefficients
remain large and significant, showing returns to literacy of 8%-13%. The point estimates for Ghana
are similar to those reported in Glewwe (1996). For the exceptional cases of Kenya and Vietnam, the
coefficient drop is virtually complete. The reductions are in order of 93% and 100% respectively,
such that returns to literacy descend to insignificant levels. On the contrary, Boissiere et al. (1985)
estimate returns to literacy of 19-22% for Kenya. However, their analysis encompasses individuals
living in Nairobi exclusively, does not control for gender and makes use of a dichotomous rather than

a continuous schooling variable.

An interesting turnover can be identified when comparing the estimated returns to literacy in Table 3
for the pooled sample with those reported in Hanushek et al. (2015) on developed countries.! Without
controlling for years of schooling, returns to literacy seem to be higher for developing countries -
28.5% - than estimations for developed countries - 17.8% -, consistent with expected decreasing mar-
ginal returns. However, after conditioning on years of schooling, returns to literacy seem lower for
developing countries - 8.5% - than those for developed countries - 10.1% -. Moreover, coefficients
on years of schooling seem higher for developing countries - 8.5% - than for developed ones - 5.9%

Turning to the other empirical specifications of Table 3, it is evident that coefficient movements are
significantly smaller than those observed with years of schooling. None of the remaining controls

11 Both estimations control for the same variables and have similar sample restrictions. Estimations for developed coun-
tries correspond to returns to numeracy, although the authors mention that returns to literacy are very similar
(Hanushek et al., 2015, pp. 15-17).
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bring returns to literacy down to insignificant levels in any of the samples. After years of schooling,
controls generating the largest relative changes are noncognitive skills, academic performance at
school, and mother’s education, which reduce estimated returns to literacy by 10%-15% for the
pooled sample. The relative impact on the returns to literacy as a result of the inclusion of mother’s
education seems to be larger for the Armenian, Bolivian and Ghanaian samples, while the inclusion
of a set of 5 noncognitive skills measures has a larger relative impact for the regressions of Ghana
and Vietnam. In Ghana this reduction is of 34%. Self-reported socioeconomic status at age 15 and
number of mastered languages reduce the coefficient on literacy by 5%-7% in the pooled sample. For
the case of socioeconomic status at age 15, larger relative changes are observed for Armenia, Bolivia,
and Vietnam, while number of mastered languages has a larger impact in the Georgian, Vietnamese
and Colombian samples. The control for height, kindergarten attendance, household size at age 12,
economic shocks until age 12 and chronic burden measure are causing minor to no changes in the

returns to literacy in both the pooled and country samples.

Concerning the explanatory power of the control variables themselves, the coefficient on years of
schooling stands out as the largest. The coefficient on schooling is highly significant, positive and
large in all samples. This independent impact of schooling on hourly wages is slightly lower than the
correspondent returns to literacy, with the exception of Colombia, where it is slightly higher, and
Kenya and Vietnam, where years of schooling are several percentage points larger than the virtually
inexistent returns to literacy. As expected, other control variables entering most of the estimations
significantly positive are mother’s education, socioeconomic status at age 15, number of mastered
languages, academic performance at school, and stability and openness measures as a subset of non-
cognitive skills.

Estimations with the control variables of Table 3 generally produce higher R-squared values. In all
samples but the Armenian, upwardly R-squared movements'? are larger when including years of
schooling in the estimation. The pooled model can explain 33.8% of the variation in log net hourly
wages. For country samples, R-squared values from estimations including years of schooling vary
from 23.2% in Armenia to 40.1% in Colombia. Other control inclusions often increasing the explan-
atory power of the empirical model for the country samples are mother’s education, socioeconomic
status at age 15 and number of mastered languages, which raise R-squared values by 3-6 percentage
points with respect to the baseline estimation. Some of these latter R-squared movements represent
relative changes of more than 20%, which could be considered as very large (Oster, 2014, p. 29). The

commented increases in R-squared values are relevant to the extent that they reduce unexplained

12 see control coefficients and R-squared values in the appendix.
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variation in the dependent variable. As a consequence of this reduction, there is less room for other
potential omitted variables not controlled for, such that the likelihood of upward bias in returns to
literacy gets further reduced, especially after considering that R-squared values derived from micro-

econometric analysis are generally not too high (see Oster (2014) for a formalization of this rationale).

After describing the results reported in Table 3, three conclusions can be derived. First, the signifi-
cantly positive effect of literacy skills on net hourly wages is robust to the inclusion of a meaningful
and varied set of control variables for the pooled, Armenian, Bolivian, Colombian, Georgian, and
Ghanaian sample. Kenya and Vietnam are exceptions to this general pattern indicating that returns to
literacy can be very heterogeneous among developing countries. In general, and especially after tak-
ing potential attenuation bias into consideration, the findings reported in Table 3 support the cognitive
skills approach of the human capital theory. Second, larger returns to cognitive skills measures for
developing countries in comparison with estimations for developed countries are no longer observed
after conditioning on years of schooling. Third, contrary to the prediction of the cognitive skills

framework, years of schooling have a literacy-independent impact on hourly wages.

Acknowledging the important empirical role of years of schooling in the previous estimation, I exer-
cise an even stronger robustness check, by again controlling for predetermined control variables but
this time always including years of schooling in the estimation. Cells of Table 4 show returns to
literacy and to schooling corresponding to this exercise. Only estimations causing relevant changes
in the coefficients of interest are reported.*® Each row reports estimations from a different model. The
first row only controls for years of schooling, and is reproduced from Table 3 to ease coefficient
comparisons. In other words, coefficient changes should be identified row-wise by comparing first
row values with estimations of the following rows. Every other feature of the empirical estimation is
identical to that of Table 3.

Returns shown in Table 4 indicate that after jointly controlling for years of schooling and mother’s
education, returns to literacy consistently remain significant and large for the pooled, Ghanaian, Co-
lombian and Georgian sample. For the first two, estimated returns to literacy drop by less than 1
percentage point. For Colombia and Georgia, returns to literacy slightly increase. Conversely, esti-
mated returns to literacy are no longer significant for the Armenian and Bolivian sample. Notice
however, that this is mainly due to relatively large standard deviations. In the Armenian sample the

drop is of one percentage point, from 5.6% to 4.6%. For Bolivia, estimated returns to literacy drop

13 See appendix for extensions of Table 4 .
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Table 4. Returns to Literacy and Years of schooling with predetermined control variables

@) @ ®d Q) (©) (6) U] ®)

Predetermined control variables Pooled Armenia Bolivia Colombia Georgia Ghana Kenya Vietnam

IBLiteracy BSchooling .BLiteracy .BSchooling IBLiteracy .BSchooling .BLiterucy .BSchooling ﬁLiteracy ﬁSchoaling ﬁLiteracy ﬁsahaoling ﬁLiteracy ﬁSchooling ﬁLiteracy ﬁsahooling

0.085*** 0.084*** 0.056** 0.051*** 0.123*** 0.083*** 0.080** 0.092*** 0.120*** 0.082*** 0.128** 0.110*** 0.020 0.105*** -0.001  0.081***

Yrs schooling only (0.019)  (0.004) (0.028) (0.010) (0.044) (0.011) (0.036) (0.010) (0.034) (0.010) (0.057) (0.017) (0.054) (0.013) (0.028  (0.007)

Mother's ed 0.078%%* 0.083*** 0046 0.039*** 0086 0.087*** 0087* 0.095%** 0.125%* 0082%** 0.119%* 0.105*** 0044 0.099*** 0000 0.084***
other's educ (0.021)  (0.004) (0.029) (0.010) (0.053) (0.014) (0.049) (0.010) (0.037) (0.011) (0.057) (0.018) (0.055) (0.013) (0.031)  (0.007)

Notes: OLS Regression results. Each row corresponds to a different estimated model. Dependent variable: net log hourly wage in local currency for country regressions and in
international dollars for pooled regression. The 1t and 99" percentile of the net hourly wage distribution is trimmed. Sample: urban full-time wage workers aged 30-59. Literacy
scores standardized to have mean 0 and standard deviation 1 within the corresponding samples. Estimations are the average of 10 estimations using a different plausible value each.
All regressions control for a constant, years of schooling, gender, experience and experience squared. In addition, the pooled sample controls for country fixed effects, while the
country regressions controls for regional fixed effects. Mother’s education, socioeconomic status at age 15, academic performance and economic shocks are categorical variables.
Years of schooling, household size at age 12, height, chronic burden, the number of mastered languages and noncognitive skills measures enter the equation linearly. Detailed
descriptions of each control variable in appendix. In the pooled regression, each observation is weighted equally. Clustered standard errors in parentheses. Significance levels: * p
<0.10, ** p < 0.05, *** p < 0.01. Source: STEP database.
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less than 4 percentage points to a value of 8.6%. Although large, the coefficient is not precisely esti-
mated. The standard deviation increases by 23%, raising multicollinearity issues. In addition, the
Bolivian sample suffers a loss of statistical power. The number of observations decreased from 413
to 361, as individual information for mother’s education is not always available. For this estimation,
the 95% confidence intervals are very wide, containing values from -2% to 19%. Consistently, the

estimated returns to literacy for Kenya and Vietnam remain insignificant.

Coefficients on years of schooling reported in Table 4 are positive, highly significant and large. The
inclusion of mother’s education as an additional regressor does not considerably affect their magni-
tude. For the pooled sample, an additional year of schooling is related with an 8.3% increase in net
hourly wages, conditioned on literacy scores and mother’s education. In the country samples, school-
ing coefficients vary from 3.9% in Armeniato 10.5% for the Ghanaian sample. Schooling coefficients
are typically more precisely estimated than returns to literacy. This difference in estimation precision
is responsible for schooling coefficients being significant in the Armenian and Bolivian sample, while
coefficients on literacy scores are not, despite the fact that the latter are of larger size than the former.
R-squared values further increase by 1 to 3 percentage points by the inclusion of mother’s education
as a control. As in estimations not controlling for years of schooling, other predetermined control
variables entering most of the estimations significantly positive are socioeconomic status at age 15
and academic performance at school.

All together, the baseline estimation and the robustness checks suggest that estimated returns to liter-
acy present consistent heterogeneity in robustness. Returns corresponding to the pooled, Colombian,
Georgian and Ghanaian samples have consistently shown remarkable robustness. In the case of Ar-
menia and Bolivia, estimations survive the first robustness check, but get challenged by the second
strongest one, in part due to a loss in estimation precision related to multicollinearity and a loss of
observations. The robustness of estimated returns to literacy for Kenya and Vietnam seem rather
fragile, as returns promptly disappear in the first robustness check after including years of schooling
in the empirical model. Granting more weight to the pooled sample estimations, and considering that
the group of country samples with very robust estimations is the largest, these findings are considered
to be sound support for the human capital theory. Nevertheless, it is important to acknowledge that
the robustness checks employed in this analysis ease omitted variable concerns, yet they do not rule
them out. To increase the reliability of causality inference, one would ideally employ more advanced
identification strategies involving panel data techniques, twin data or randomized control trials

(Hanushek et al., 2015), currently restrained due to data unavailability.
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4.2.1. 1V estimation as additional robustness check

Endogeneity issues threatening the validity of the baseline estimations have two counteracting
sources. On the one hand, measurement error in literacy skills tends to downward bias the estimations.
On the other hand, omitted variables, would tend to upwardly bias returns to literacy. As an additional
robustness check, and in an attempt to reveal which of this endogeneity sources outweighs the other,
I employ a 2SLS-1V estimation. The instrumental variables for literacy scores are school starting age
and commuting time to primary school, classified in three categories: less than 30 minutes, 30 to 60

minutes, and more than 60 minutes. This information is collected retrospectively.

Later school entry ages and longer commuting time to primary school are expected to lower cognitive
skills. Early formal education interventions have been reported as being successful at having long-
lasting positive effects on cognitive skills. The idea behind is that the sooner the brain receives struc-
tured stimulus, the better it develops, easing cognitive production in later years (Heckman, 2008, pp.
308-313). For instance, a negative relationship between school starting age and 1Q scores has been
reported in an empirical study covering Norwegian workers (Black et al., 2008). Home-school dis-
tances have been previously used as factors raising the cost of schooling and hence negatively affect-
ing its demanded quantity (Alderman et al., 1996, pp. 38-39). However, the mechanism at work here
is a different one. Longer commuting times reduce the time availability for children to do homework
and learn at home. In addition, longer commuting times to primary school might exhaust the brain,

reducing its capability and appetite to absorb knowledge.

Table 5. 2SLS-1V estimation of Returns to Literacy

1) )
Second stage First Stage
regression regression
Literacy 0.445™"
(0.168)
Yrs schooling 0.047™ 0.109™
(0.019) (0.004)
School starting age -0.071™"
(0.015)
Time to school -0.067""
(0.027)
N 3661 3661
R? 0.268 0.466

Notes: 2SLS-IV Regression results. Dependent variable for second stage regression: net log hourly wage in international
dollars. The 1%t and 99" percentile of the net hourly wage distribution is trimmed. Sample: urban full-time wage workers
aged 30-59. Literacy scores standardized to have mean 0 and standard deviation 1 within the pooled sample. The imple-
mented literacy score values correspond to the arithmetic mean of the 10 plausible values. The second and first stage
regressions control for a constant, experience, experience squared, years of schooling, socioeconomic status at age 15, a
female dummy and country fixed effects. Years of schooling and socioeconomic status at age 15 enter the regression
linearly. The instruments for literacy scores excluded from the second stage regression are school starting age and time
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needed for the home-school travel, both entering the first stage regression linearly. Detailed descriptions of the instru-
mental variables in appendix. Weak identification and overidentification tests support the validity of this instrument set.
Each observation is weighted equally. Clustered standard errors in parentheses. Significance levels: * p < 0.10, ** p <
0.05, *** p < 0.01. Source: STEP database.

As shown in Table 5, 1V estimations are restricted to the pooled sample to exploit larger variation in
the instrumental variables. The estimation controls for socioeconomic status at age 15, gender, expe-
rience, experience squared and country fixed effects. Estimated returns to literacy are positive, highly
significant and larger than OLS estimates. An increase in one standard deviation in literacy scores is
associated with a 44.5% increase in net hourly wages. 1V estimations for returns to cognitive skills in
Behrman et al. (2009) for rural Guatemala show similar magnitudes. As it is expected, standard errors
of the instrumented variable magnify. The coefficient on years of schooling halves but remains sig-
nificant. This finding further supports the human capital theory. The first stage regression is depicted
in the second column of Table 5. As expected, the coefficients on school starting age and time to
school are negative and statistically significant, while years of schooling positively affect literacy

Scores.

The results suggest that attenuation bias dominates potential omitted variable bias of OLS estima-
tions. In addition, the coefficient on years of schooling is reduced. This is in line with the reasoning
that OLS coefficients on years of schooling are upwardly biased by the measurement error in literacy
skills. With respect to the validity of the instruments, corresponding statistical tests perform well. The
test of overidentifying restriction suggests that the exclusion restriction cannot be rejected by means
of the J Hansen statistic. The corresponding p-Value is very large, taking the value of 73%. Hence,
we cannot reject the null hypothesis that the instrument set is exogenous (Stock and Watson, 2007,
pp. 443-449). With respect to the instruments relevance, comparing the cluster-robust Kleibergen-
Paap rk Wald F statistic of 16.035 with the critical values of Stock and Yogo (2005), the estimation
is able to reject already a 15% maximal 1V size, that is, the rejection rate of the Wald test for the
coefficient of interest is not far from the hypothesized 5% rejection rate, implying that the instruments
are not weak (Baum et al., 2007, pp. 489-490).

Although the exclusion restriction cannot be rejected, economic considerations might challenge the
presumed exogeneity of the chosen instrumental variables. For instance, school starting age and dis-
tance to school might well not be exogenous to certain family background characteristics of the child
that could affect future hourly wages, such as parents’ wealth. The inclusion of socioeconomic status
at age 15 and years of schooling in the estimation eases such concerns. However, there are still plau-

sible scenarios in which school starting age or distance to school can affect hourly wages, not ex-
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plained by literacy skills, the socioeconomic background or the obtained school quantity of individ-
uals. For instance, it could be the case that parents from children who lack noncognitive skills such
as the capacity to stay still and pay attention, decide to send their children to school at a later age.
Such deviations from average school starting ages are conceivable in developing countries, where
compulsory starting ages are less binding. In any case, results of Table 5 are consistent with ex-ante
economic and econometrical reasoning and standard instrumental validity tests confirm the appropri-
ateness of the chosen instrumental variables, such that estimations can be interpreted as a useful ad-

ditional robustness check.

4.3. Transmission channels

The findings reported in the previous sections support the role of cognitive skills as a fundamental
determinant of hourly wages. An interesting inquiry that arises from this acknowledgment is: “what
are the transmission channels behind the cognitive skills-wages relation?”” To answer this question, |
conceptualize literacy skills as the fundamental determinants of wages, and work activity categories
by occupation, economic sector, formal/informal status and public/private job as the potential proxi-
mate causes to investigate. The idea behind this rationale is that individuals endowed with higher
cognitive skills benefit from higher labor mobility across different types of work activities. As a re-

sult, they are able to access high-paying work activities.

In this vein, a reduction in the coefficient on literacy after the inclusion of one of the above-mentioned
categorical variables would validate the categorical variable as a transmission channel (Hanushek et
al., 2015, pp. 18-19). It is important to highlight that the inclusion of these variables is not intended
to correct for potential omitted variable biases, but rather to uncover intermediate factors in the cog-
nitive skills-wages relation. For that reason, these variables rather contain information on certain job
characteristics. This clarification is important, as previous studies on returns to human capital
measures combine omitted variable robustness checks and transmission channels investigations in
the same analysis section, which can be misleading (Psacharopoulos and Patrinos, 2004, p. 116; An-
grist and Pischke, 2008, pp. 64-68).

Table 5 shows the results of the transmission channels investigation. All cells show coefficients on
literacy scores. All regressions control for years of schooling, experience, experience squared, gender
and geographical location. Each row corresponds to a separate estimation. The included transmission
variables are respectively indicated in the first column. Movements of the coefficient on literacy
scores can be vertically identified by comparing the first row with subsequent rows. Further estima-

tion specifications are consistent with the analysis shown in the previous section.
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It is remarkable that coefficient movements across estimations are in general relatively low. Signifi-
cance levels of coefficients vary depending on the sample and transmission factor investigated.
Across samples, controlling for occupation fixed effects accounts for the largest coefficient move-
ment. While for the pooled, Colombian and Georgian samples, the coefficient on literacy scores retain
its statistical significance and is just slightly reduced by 1.6, 1 and 2.6 percentage points, in the Bo-
livian sample the coefficient roughly halves and drops to a value of 6.6%, only significant at the 10%
level. For Ghana, the coefficient on literacy is reduced by almost 5 percentage points. It takes the
value of 7.9%, yet it is not statistically different from 0, due to imprecise estimation. The coefficient
on literacy turns insignificant in the Armenian sample by dropping 1.3 percentage points. Coefficients
change less when controlling for economic sector fixed effects. Returns to literacy in the pooled sam-
ple drop by 1 percentage point, with similar drops among country sample estimations. Controlling
for informality has a minor impact across samples. In the pooled sample, the drop is of 1 percentage
point. Ghanaian estimations are an exception to this, as the coefficient drop is of almost 3 percentage

points.

Table 6. Transmission channels controlling for years of schooling

e 1) ) ®) (4) (®) (6) @) (8)
Transmission channels Pooled Armenia Bolivia Colombia Georgia Ghana Kenya Vietnam

ﬁLiteracy ﬁLiteracy ﬁLiteracy ﬁLiteracy ﬁLiteracy ﬁLiteracy ﬁLiteracy ﬁLiteracy

Yrs schooling only 0.085™ 0.056** 0.123*** 0.080** 0.120*** 0.128** 0.020 -0.001
(0.019) (0.028) (0.044) (0.036) (0.034) (0.057) (0.054) (0.028)

0.069***  0.043 0.066* 0.070** 0.094*** 0.079  -0.001 0.006

Oceupation (0.018) (0.028) (0.037) (0.034) (0.034) (0.056) (0.049) (0.026)

0.075*** 0.056* 0.111*** 0.078** 0.102*** 0.123** -0.002 -0.003

Economic Sector (0.019) (0.030) (0.041) (0.037) (0.034) (0.056) (0.052) (0.026)

0.076*** 0.058** 0.130*** 0.082** 0.104*** 0.099* -0.004 -0.005

Informal worker (0.019) (0.028) (0.043) (0.035) (0.034) (0.057) (0.051) (0.028)

Public worker 0.084%*% 0.055% 0.127*** 0.086** 0.121*** 0.107* 0016 -0.001
(0.019)  (0.028) (0.044)  (0.036)  (0.034) (0.058) (0.050) (0.028)

Notes: OLS Regression results. Each row corresponds to a different estimated model. Dependent variable: net log hourly
wage in local currency for country regressions and in international dollars for pooled regression. The 1t and 99™ percentile
of the net hourly wage distribution is trimmed. Sample: urban full-time wage workers aged 30-59. Literacy scores stand-
ardized to have mean 0 and standard deviation 1 within the corresponding samples. Estimations are the average of 10
estimations using a different plausible value each. All regressions control for a constant, years of schooling, gender,
experience and experience squared. In addition, the pooled sample controls for country fixed effects, while the country
regressions controls for regional fixed effects. Occupation and economic sector are categorical variables, while informal
and public worker are dichotomous variables. Years of schooling enters the estimation linearly Detailed descriptions for
each transmission variable in appendix. In the pooled regression, each observation is weighted equally. Clustered standard
errors in parentheses. Significance levels: * p < 0.10, ** p < 0.05, *** p < 0.01. Source: STEP database.
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R-squared values increase several percentage points with the inclusion of the transmission variables.
For instance, the model with occupation fixed effects is able to explain 48% of the log net hourly
wage variation for the Latin American countries. Turning to the significance of the transmission var-
iables themselves, they all mostly enter the estimation significantly. As expected, informality nega-

tively affects hourly wages, while the public worker dummy has a positive sign.

Interestingly, it seems that the access to certain types of occupations plays a meaningful role in the
cognitive skills-wages relation. However, the finding that coefficients on literacy remain significant
and relatively large after including occupation fixed effects suggests that the cognitive skills-earnings
relation is able to explain hourly wage differences within occupations. The role of occupation access
appears to be more important than the economic sector of the work activity. This finding seems plau-
sible as occupation type is arguably more closely related to the cognitive demands of the job than the
economic sector in which the worker operates. Both the type of occupation and the economic sector
seem to be a more relevant transmission channel of cognitive skills than the formal/informal status of
the job held. If informal and formal workers tend to concentrate in different occupations or economic
sectors, then categories of the latter implicitly contain informality information. Notwithstanding, what
strikes as unexpected is that the formal/informal status is not that closely involved in the cognitive
skills-hourly wages relation. As a final remark, for the investigated relation, it seems less important
whether the worker functions in the public or private sector.

5. Conclusion

The present work estimates the private returns to cognitive skills for a set of 7 developing countries.
After conditioning for a set of economically meaningful control variables such as years of schooling,
mother’s education levels, socioeconomic status at age 15, height and noncognitive skills measures
related to personality traits, among others, returns to literacy skills mostly remain positive and statis-
tically significant. Conditioned on years of schooling, estimated returns for the pooled sample are
lower than those reported in Hanushek et al. (2015) for developed countries, such that the assumption
of marginal decreasing returns to cognitive skills is not empirically supported. Among the transmis-
sion channels investigated, increased labor mobility in terms of occupational choice stands out as an

important proximate cause of hourly wage differences.

The analysis indicates considerable heterogeneity across countries. In the specification that controls
for schooling attendance, point estimates for Bolivia, Georgia and Ghana are more than twice as large
as those estimated for the Armenian sample, while estimated returns to literacy for Colombia stand
at average levels. Returns to literacy in Kenya and Vietnam seem to be systematically lower than in
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the rest of the assessed countries. No clear decreasing pattern of returns to literacy skills by level of
economic development can be detected. The heterogeneity of point estimates across countries sug-
gests that while there is a tendency for reward of cognitive skills in most developing countries, labor
markets from specific countries might systematically undervalue such skills. This statement exposes
an exciting research agenda. Given that returns to cognitive skills measures seem to be a factor with
considerable variation, it seems natural to investigate potential causes and consequences of those

differences across economies.

Abstracting from uninvestigated general equilibrium effects, the estimated positive returns to cogni-
tive skills support public interventions encouraging the accumulation of cognitive skills, as they are
shown to yield economic benefits for individuals. Many policy tools involving the education and
health sector fall under this umbrella. Unlike for the case of policy implications of estimations on
returns to schooling, public investments aiming at improving schooling quality regain importance
(Hanushek and Woessmann, 2008, pp. 658-659). Indeed, schooling quality has been suggested to
become one of the building blocks of the post-2015 development agenda (UN, 2012, p. 34; UNESCO,
2014, p. 5). In addition to directly investing in the provision of human capital-enhancing education,
public action might cost-effectively incentivize and efficiently redirect investments in education by
enhancing access to labor market information on returns to cognitive skills (Rosenzweig, 2010, pp.
11-14; Jensen, 2010).
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Appendix

Graph 1. Literacy scores distribution by sample
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Notes: Literacy scores are the arithmetic mean of 10 plausible values. Source: STEP database

Table Al. Baseline regression: Returns to Literacy (extended)

(€] @) Q) 4) (®) (6) @) ®)
Pooled Armenia Bolivia Colombia Georgia Ghana Kenya Vietnam
Literacy 0.285*** 0.083™" 0.317" 0.262"" 0.171™" 0.386™" 0.271™" 0.190™"
(0.018) (0.029) (0.043) (0.035) (0.034) (0.053) (0.048) (0.024)
Experience -0.032"™" -0.001 -0.048™ -0.004 0.006 -0.072™ -0.101™" -0.014
(0.007) (0.012) (0.020) (0.013) (0.019) (0.031) (0.024) (0.012)
Experience”2 0.456™" -0.144 1.150™" 0.001 -0.391 1.202" 1.719™ 0.032
(0.140) (0.251) (0.435) (0.224) (0.416) (0.630) (0.492) (0.253)
Female -0.233™" -0.404™ -0.284™" -0.296™" -0.290™" -0.150 0.062 -0.206™"
(0.025) (0.048) (0.074) (0.050) (0.068) (0.107) (0.079) (0.042)
Constant 1.311™" 6.531™" 2.949™ 8.587"" 1.059™" 1.400™ 5.668™" 10.412™
(0.083) (0.145) (0.207) (0.179) (0.205) (0.386) (0.263) (0.123)
Country fixed effects Yes No No No No No No No
Regional dummies No Yes Yes Yes Yes Yes Yes Yes
N 3727 568 413 496 492 351 541 866
R? 0.240 0.194 0.217 0.253 0.183 0.241 0.173 0.165

Notes: OLS Regression results. Dependent variable: net log hourly wage in local currency for country regressions and in
international dollars for pooled regression. The 1%t and 99" percentile of the net hourly wage distribution is trimmed.
Sample: urban full-time wage workers aged 30-59. Literacy scores standardized to have mean 0 and standard deviation 1
within the corresponding samples. Estimations are the average of 10 estimations using a different plausible value each.
Experience squared divided by 1000. The pooled sample controls for country fixed effects, while the country regressions
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controls for regional fixed effects. In the pooled regression, each observation is weighted equally. Clustered standard
errors in parentheses. Significance levels: * p < 0.10, ** p < 0.05, *** p < 0.01. Source: STEP database.
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Table A2. Returns to Literacy. Control variables: Years of schooling, Mother’s education levels, Socioeconomic status at age 15

@ ) 3 4 ®) (6) (7 ®) ) (10) (11) 12)
Pooled Pooled Pooled Armenia Armenia Armenia Bolivia Bolivia Bolivia Colombia Colombia Colombia
Literacy 0.085™" 0.256™" 0.267" 0.056™ 0.061™ 0.076™ 0.123™ 0.272™ 0.280™" 0.080™ 0.246™ 0.252""*
(0.019) (0.020) (0.018) (0.028) (0.029) (0.029) (0.044) (0.048) (0.041) (0.036) (0.050) (0.035)
Yrs schooling 0.084™" 0.051™ 0.083™" 0.092™
(0.004) (0.010) (0.011) (0.010)
Female -0.219™ -0.239™" -0.249™" -0.392™ -0.410™" -0.402"" -0.294™" -0.286™" -0.328™" -0.319™ -0.267" -0.294™"
(0.024) (0.025) (0.024) (0.048) (0.049) (0.048) (0.071) (0.078) (0.072) (0.038) (0.043) (0.049)
1.mother’s education 0.111™ -0.528"™ 0.271" 0.025
(0.044) (0.218) (0.138) (0.059)
2.mother’s education 0.258™" -0.244 0.023 0.046
(0.051) (0.195) (0.143) (0.133)
3.mother’s education 0.286™" -0.191 0.165 0.357""
(0.050) (0.192) (0.119) (0.126)
4.mother’s education 0.340™" -0.098 0.354™" 0.445™
(0.059) (0.194) (0.134) (0.200)
5.mother’s education 0.450™" 0.068 0.311™ 0.583
(0.061) (0.195) (0.152) (0.447)
6.mother’s education 0.553™" 0.139 0.572™
(0.076) (0.199) (0.161)
Status at age 15 cat. No No Yes No No Yes No No Yes No No Yes
Country fixed effects Yes Yes Yes No No No No No No No No No
Region fixed effects No No No Yes Yes Yes Yes Yes Yes Yes Yes Yes
N 3727 3449 3717 568 560 566 413 361 409 496 453 496
R? 0.338 0.258 0.256 0.232 0.238 0.231 0.340 0.250 0.259 0.401 0.286 0.288
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(continued)

(13) (14) (15) (16) ()] (18) (19) (20) (21) (22) (23) (24)
Georgia Georgia Georgia Ghana Ghana Ghana Kenya Kenya Kenya Vietnam Vietnam Vietnam
Literacy 0.120™ 0.168™" 0.166™" 0.128™ 0.347" 0.379™ 0.020 0.269™ 0.261™" -0.001 0.180™" 0.172™
(0.034) (0.037) (0.034) (0.057) (0.056) (0.052) (0.054) (0.050) (0.048) (0.028) (0.028) (0.026)
Yrs schooling 0.082™" 0.110™ 0.105™ 0.081™
(0.010) (0.017) (0.013) (0.007)
Female -0.310™ -0.305™" -0.309™ -0.178" -0.151 -0.165 0.111 0.050 0.023 -0.157" -0.189™ -0.216™
(0.064) (0.069) (0.067) (0.100) (0.107) (0.102) (0.075) (0.078) (0.076) (0.042) (0.045) (0.042)
1.mother’s education -0.370 0.181 0.354™ 0.066
(0.344) (0.279) (0.152) (0.067)
2.mother’s education 0.113 0.217 0.295™ 0.208™"
(0.274) (0.153) (0.138) (0.074)
3.mother’s education -0.034 0.403™ -0.192 0.278™
(0.259) (0.196) (0.187) (0.083)
4.mother’s education 0.719™ 0.295™"
(0.303) (0.105)
5.mother’s education 0.071 0.174 0.616™" 0.348™
(0.258) (0.346) (0.209) (0.116)
6.mother’s education 0.168 0.594
(0.260) (0.479)
Status at age 15 cat. No No Yes No No Yes No No Yes No No Yes
Country fixed effects No No No No No No No No No No No No
Region fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
N 492 482 491 351 317 350 541 509 539 866 767 866
R? 0.264 0.205 0.202 0.354 0.246 0.268 0.295 0.222 0.220 0.297 0.185 0.192

Notes: OLS Regression results. Dependent variable: net log hourly wage in local currency for country regressions and in international dollars for pooled regression. The 1%t and 99™
percentile of the net hourly wage distribution is trimmed. Sample: urban full-time wage workers aged 30-59. Literacy scores standardized to have mean 0 and standard deviation 1
within the corresponding samples. Estimations are the average of 10 estimations using a different plausible value each. All regressions control for experience, experience squared
and a constant. In addition, the pooled sample controls for country fixed effects, while the country regressions controls for regional fixed effects. Mother’s education and socioec-
onomic status at age 15 are categorical variables. Years of schooling enters the estimation linearly. Detailed descriptions of each control variable in appendix. In the pooled
regression, each observation is weighted equally. Clustered standard errors in parentheses. Significance levels: * p < 0.10, ** p < 0.05, *** p < 0.01. Source: STEP database.
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Table A3. Returns to Literacy. Control variables: Height, academic performance and number of shocks

(@) @) @) 4) ©®) (6) ) ®) 9) (10) (11) (12)
Pooled Pooled Pooled Armenia Armenia Armenia Bolivia Bolivia Bolivia Colombia Colombia Colombia
Literacy 0.278™ 0.250™" 0.273™ 0.081™ 0.066™ 0.080™" 0.302"" 0.296™" 0.286™" 0.259™" 0.247™ 0.258™"
(0.018) (0.018) (0.017) (0.029) (0.030) (0.029) (0.042) (0.043) (0.041) (0.037) (0.033) (0.032)
Height 0.006™" 0.000 0.006™ 0.005
(0.002) (0.004) (0.003) (0.006)
Female -0.168™" -0.254™" -0.234™ -0.400™" -0.416™" -0.402" -0.204™" -0.266™" -0.304™" -0.243™ -0.304™" -0.288™"
(0.029) (0.025) (0.024) (0.068) (0.048) (0.049) (0.078) (0.077) (0.072) (0.093) (0.051) (0.051)
Academic performance No Yes No No Yes No No Yes No No Yes No
Number of shocks No No Yes No No Yes No No Yes No No Yes
Country fixed effects Yes Yes Yes No No No No No No No No No
Region fixed effects No No No Yes Yes Yes Yes Yes Yes Yes Yes Yes
N 3641 3668 3721 566 567 567 413 407 409 496 494 496
R? 0.225 0.252 0.248 0.191 0.217 0.207 0.229 0.235 0.253 0.255 0.278 0.256
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(continued)

(13) (14) (15) (16) @17 (18) (19) (20) (21) (22) (23) (24)
Georgia Georgia Georgia Ghana Ghana Ghana Kenya Kenya Kenya Vietnam Vietnam Vietnam
Literacy 0.170™ 0.140™ 0.172" 0.386™" 0.338" 0.380"" 0.269™ 0.254™ 0.265™" 0.188"™" 0.126™ 0.181™
(0.034) (0.036) (0.034) (0.056) (0.056) (0.052) (0.048) (0.053) (0.047) (0.024) (0.026) (0.024)
Height 0.006 0.000 0.005 0.011™
(0.005) (0.005) (0.004) (0.004)
Female -0.228"™" -0.359"" -0.294™ -0.084 -0.128 -0.160 0.108 0.022 0.058 -0.095 -0.235™" -0.209™"
(0.088) (0.072) (0.068) (0.118) (0.108) (0.106) (0.084) (0.082) (0.078) (0.056) (0.041) (0.042)
Academic performance No Yes No No Yes No No Yes No No Yes No
Number of shocks No No Yes No No Yes No No Yes No No Yes
Country fixed effects No No No No No No No No No No No No
Region fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
N 492 492 492 282 339 350 526 516 541 866 853 866
R? 0.185 0.212 0.186 0.254 0.246 0.244 0.176 0.194 0.181 0.172 0.216 0.178

Notes: OLS Regression results. Dependent variable: net log hourly wage in local currency for country regressions and in international dollars for pooled regression. The 1t and 99™
percentile of the net hourly wage distribution is trimmed. Sample: urban full-time wage workers aged 30-59. Literacy scores standardized to have mean 0 and standard deviation 1
within the corresponding samples. Estimations are the average of 10 estimations using a different plausible value each. All regressions control for experience, experience squared
and a constant. In addition, the pooled sample controls for country fixed effects, while the country regressions controls for regional fixed effects. Academic performance and number
of shocks are categorical variables. Height enters the estimation linearly. Detailed descriptions of each control variable in appendix. In the pooled regression, each observation is
weighted equally. Clustered standard errors in parentheses. Significance levels: * p < 0.10, ** p < 0.05, *** p < 0.01. Source: STEP database.
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Table A4. Returns to Literacy

. Control variable: Kindergarten attendance

1) ) ®) (4) () (6) @)
Pooled Bolivia Colombia Georgia Ghana Kenya Vietnam
Literacy 0.289™" 0.319"™ 0.260™" 0.169™" 0.382"" 0.269™" 0.185™"
(0.019) (0.043) (0.035) (0.034) (0.052) (0.048) (0.025)
Kindergarten 0.106™" 0.011 0.077 0.100 0.207" 0.102 0.096"
(0.030) (0.079) (0.052) (0.076) (0.114) (0.084) (0.055)
Female -0.200™" -0.280™" -0.290™" -0.296™" -0.174" 0.061 -0.205™"
(0.028) (0.076) (0.051) (0.068) (0.106) (0.078) (0.042)
Country fixed effects Yes No No No No No No
Region fixed effects No Yes Yes Yes Yes Yes Yes
N 3134 407 493 491 347 532 864
R? 0.256 0.222 0.252 0.186 0.255 0.174 0.169

Notes: OLS Regression results. Dependent variable: net log hourly wage in local currency for country regressions and in international dollars for pooled regression. The 1%t and 99t
percentile of the net hourly wage distribution is trimmed. Sample: urban full-time wage workers aged 30-59. Literacy scores standardized to have mean 0 and standard deviation 1
within the corresponding samples. Estimations are the average of 10 estimations using a different plausible value each. All regressions control for experience, experience squared
and a constant. In addition, the pooled sample controls for country fixed effects, while the country regressions controls for regional fixed effects. Kindergarten attendance is a

dichotomous variable. In the pooled regression, each observation is weighted equally. Clustered standard errors in parentheses. Significance levels: * p < 0.10, ** p < 0.05, *** p
< 0.01. Source: STEP database.
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Table A5. Returns to Literacy. Control variables: Chronic burden, Number of languages mastered, self-reported noncognitive skills

@ 2 ©)] 4 ®) (6) (1) ®) ) (10 (11) (12)
Pooled Pooled Pooled Armenia Armenia Armenia Bolivia Bolivia Bolivia Colombia Colombia Colombia
Literacy 0.285™" 0.268™" 0.244™ 0.082"" 0.079™ 0.084™" 0.322™ 0.310™ 0.293™ 0.263™ 0.228™" 0.243™
(0.018) (0.018) (0.018) (0.029) (0.029) (0.030) (0.042) (0.041) (0.043) (0.035) (0.049) (0.036)
Chronic burden -0.021™" -0.022™ -0.038™ 0.002
(0.007) (0.009) (0.011) (0.046)
Female -0.231™ -0.228"™" -0.201™" -0.397™ -0.410™" -0.403™" -0.273™ -0.267™ -0.257"" -0.296™" -0.263™ -0.230™"
(0.025) (0.024) (0.025) (0.048) (0.048) (0.050) (0.074) (0.072) (0.076) (0.050) (0.047) (0.053)
Languages 0.150™" 0.099™" 0.165™" 0.611™
(0.021) (0.029) (0.058) (0.183)
Extraversion 0.065™" 0.060" 0.041 0.022
(0.021) (0.037) (0.063) (0.039)
Conscientiousness -0.004 -0.033 0.008 -0.000
(0.026) (0.053) (0.076) (0.059)
Openness 0.145™ 0.111™ 0.019 0.147™
(0.024) (0.052) (0.066) (0.040)
Stability 0.098™" 0.075™ 0.136™ 0.105™"
(0.019) (0.038) (0.057) (0.033)
Agreeableness 0.009 -0.034 -0.032 0.030
(0.023) (0.048) (0.066) (0.028)
Country fixed effects Yes Yes Yes No No No No No No No No No
Region fixed effects No No No Yes Yes Yes Yes Yes Yes Yes Yes Yes
N 3726 3725 3640 568 567 567 413 413 409 496 496 496
R? 0.242 0.256 0.219 0.201 0.214 0.209 0.231 0.234 0.234 0.253 0.317 0.281
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(continued)

(13) (14) (15) (16) @17 (18) (19) (20) (21) (22) (23) (24)
Georgia Georgia Georgia Ghana Ghana Ghana Kenya Kenya Kenya Vietnam Vietham Vietham
Literacy 0.172%** 0.137*** 0.161*** 0.384*** 0.375*** 0.254*** 0.269*** 0.258*** 0.247%** 0.190*** 0.162*** 0.156***
(0.034) (0.036) (0.038) (0.053) (0.054) (0.065) (0.048) (0.050) (0.049) (0.024) (0.024) (0.025)
Chronic burden -0.019 0.021* -0.055 -0.016
(0.015) (0.011) (0.044) (0.015)
Female -0.297*** -0.326*** -0.314*** -0.157 -0.138 0.016 0.073 0.073 0.079 -0.206*** -0.180*** -0.138***
(0.068) (0.066) (0.068) (0.108) (0.106) (0.118) (0.079) (0.079) (0.077) (0.042) (0.041) (0.045)
Languages 0.207*** 0.075 0.086 0.277***
(0.041) (0.067) (0.065) (0.038)
Extraversion 0.034 0.290*** 0.061 0.068
(0.059) (0.098) (0.063) (0.044)
Conscientiousness 0.035 0.158 0.053 -0.039
(0.072) (0.127) (0.085) (0.048)
Openness 0.185*** 0.060 0.299*** 0.162***
(0.059) (0.107) (0.086) (0.042)
Stability 0.108** -0.180* 0.066 0.147%**
(0.043) (0.104) (0.072) (0.046)
Agreeableness 0.040 -0.053 0.061 0.000
(0.060) (0.085) (0.082) (0.046)
Country fixed effects No No No No No No No No No No No No
Region fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
N 491 492 487 351 350 278 541 541 537 866 866 866
R2 0.186 0.222 0.220 0.242 0.243 0.199 0.175 0.176 0.214 0.166 0.214 0.201

Notes: OLS Regression results. Dependent variable: net log hourly wage in local currency for country regressions and in international dollars for pooled regression. The 1%t and 99™

percentile of the net hourly wage distribution is trimmed. Sample: urban full-time wage workers aged 30-59. Literacy scores standardized to have mean 0 and standard deviation 1

within the corresponding samples. Estimations are the average of 10 estimations using a different plausible value each. All regressions control for experience, experience squared
and a constant. In addition, the pooled sample controls for country fixed effects, while the country regressions controls for regional fixed effects. Chronic burden, number of
languages mastered and the Big Five noncognitive skills measures enter the estimation linearly. Detailed descriptions of each control variable in appendix. In the pooled regression,
each observation is weighted equally. Clustered standard errors in parentheses. Significance levels: * p < 0.10, ** p < 0.05, *** p < 0.01. Source: STEP database.
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Table A6. Returns to Literacy conditioned on Years of Schooling. Control variables: Mother’s education, Status, Height

@ ) 3 4 ®) (6) (M ®) ©) (10) (11) 12)
Pooled Pooled Pooled Armenia Armenia Armenia Bolivia Bolivia Bolivia Colombia Colombia Colombia
Literacy 0.078™ 0.083™" 0.081™ 0.046 0.050" 0.056" 0.086 0.107™ 0.123™ 0.087" 0.086™ 0.080™
(0.021) (0.019) (0.019) (0.029) (0.029) (0.029) (0.053) (0.042) (0.044) (0.049) (0.035) (0.036)
Yrs schooling 0.083"" 0.082"" 0.083"™ 0.039™" 0.050™" 0.051™" 0.087"" 0.083"™ 0.082"" 0.095™" 0.089" 0.092""*
(0.004) (0.004) (0.004) (0.010) (0.010) (0.010) (0.014) (0.012) (0.011) (0.010) (0.012) (0.011)
1.mothers’ education 0.016 -0.513™ 0.050 -0.150™"
(0.043) (0.223) (0.119) (0.042)
2.mother’s education 0.138™ -0.247 -0.065 -0.143
(0.049) (0.200) (0.116) (0.121)
3.mother’s education 0.122" -0.215 0.013 0.066
(0.046) (0.197) (0.104) (0.115)
4.mother’s education 0.173"™ -0.150 0.214" 0.139
(0.054) (0.200) (0.114) (0.138)
5.mother’s education 0.222"* -0.012 0.128 0.343
(0.057) (0.201) (0.133) (0.426)
6.mother’s education 0.303"" -0.021 0.142
(0.073) (0.208) (0.145)
Female -0.225™" -0.228™" -0.184™" -0.398™" -0.387"" -0.398™" -0.306™" -0.333™ -0.272™" -0.323™" -0.315™" -0.310™"
(0.025) (0.023) (0.028) (0.049) (0.048) (0.067) (0.072) (0.068) (0.072) (0.035) (0.044) (0.076)
Height 0.003" -0.001 0.002 0.001
(0.002) (0.004) (0.003) (0.005)
Status at age 15 cat. No Yes No No Yes No No Yes No No Yes No
Country fixed effects Yes Yes Yes No No No No No No No No No
Region fixed effects No No No Yes Yes Yes Yes Yes Yes Yes Yes Yes
N 3449 3717 3641 560 566 566 361 409 413 453 496 496
R? 0.344 0.345 0.323 0.258 0.265 0.229 0.361 0.370 0.341 0.430 0.416 0.402
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(continued)

(13) (14) (15) (16) ()] (18) (19) (20) (21) (22) (23) (24)
Georgia Georgia Georgia Ghana Ghana Ghana Kenya Kenya Kenya Vietnam Vietnam Vietnam
Literacy 0.125™ 0.117™ 0.119™ 0.119™ 0.123™ 0.110" 0.044 0.025 0.020 0.000 -0.006 -0.000
(0.037) (0.034) (0.034) (0.057) (0.055) (0.061) (0.055) (0.053) (0.055) (0.031) (0.029) (0.028)
Yrs schooling 0.082"™" 0.080™" 0.082™" 0.105™" 0.115™ 0.117™ 0.097™" 0.099™ 0.105™" 0.084™ 0.079™ 0.080™"
(0.011) (0.010) (0.010) (0.018) (0.016) (0.020) (0.013) (0.013) (0.013) (0.007) (0.007) (0.007)
1.mother’s education -0.273 0.042 0.294™ 0.015
(0.273) (0.256) (0.145) (0.063)
2.mother’s education 0.153 0.040 0.246" 0.084
(0.237) (0.145) (0.129) (0.069)
3.mother’s education -0.059 0.195 -0.251 0.103
(0.221) (0.184) (0.194) (0.078)
4.mother’s education 0.542 0.193"
(0.331) (0.102)
5.mother’s education -0.038 -0.063 0.450™ 0.119
(0.224) (0.316) (0.175) (0.112)
6.mother’s education 0.027 0.359
(0.224) (0.471)
Female -0.310™ -0.320™" -0.247 -0.191" -0.174 -0.118 0.109 0.079 0.158™ -0.139™ -0.165™" -0.095
(0.066) (0.065) (0.084) (0.105) (0.093) (0.112) (0.074) (0.074) (0.079) (0.045) (0.042) (0.056)
Height 0.006 -0.001 0.005 0.006
(0.005) (0.005) (0.004) (0.004)
Status at age 15 cat. No Yes No No Yes No No Yes No No Yes No
Country fixed effects No No No No No No No No No No No No
Region fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
N 482 491 492 317 350 282 509 539 526 767 866 866
R? 0.278 0.275 0.267 0.344 0.383 0.371 0.322 0.322 0.296 0.310 0.314 0.299

Notes: OLS Regression results. Dependent variable: net log hourly wage in local currency for country regressions and in international dollars for pooled regression. 1%t and 99™
percentile of the net hourly wage distribution is trimmed. Sample: urban full-time wage workers aged 30-59. Literacy scores standardized to mean 0 and standard deviation 1 within
corresponding samples. Estimations are the average of 10 estimations using a different plausible value each. All regressions control for experience, experience squared and a
constant. In addition, the pooled sample controls for country fixed effects, while the country regressions controls for regional fixed effects. Mother’s education and socioeconomic
status at age 15 are categorical variables. Years of schooling and height enter the estimation linearly. Detailed descriptions of control variables in appendix. In the pooled regression,
each observation is weighted equally. Clustered standard errors in parentheses. Significance levels: * p < 0.10, ** p < 0.05, *** p < 0.01. Source: STEP database.
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Table A7. Returns to Literacy conditioned on Years of Schooling. Control variables: Academic performance, Number of shocks, kindergar-

ten attendance

@ 2 ©)] 4 ®) (6) (M (18) ® ©) (19)
Pooled Pooled Pooled Armenia Armenia Bolivia Bolivia Bolivia Colombia Colombia Colombia
Literacy 0.085™" 0.081™" 0.084™" 0.055" 0.055" 0.119™ 0.113™ 0.132™ 0.073™ 0.078™ 0.077™
(0.020) (0.019) (0.021) (0.029) (0.028) (0.045) (0.044) (0.044) (0.036) (0.035) (0.037)
Yrs schooling 0.085™" 0.083™ 0.086™" 0.044™ 0.049™ 0.082" 0.080"" 0.083™ 0.091™ 0.092" 0.092"
(0.004) (0.004) (0.004) (0.012) (0.010) (0.012) (0.011) (0.011) (0.010) (0.010) (0.010)
Female -0.233™ -0.221™ -0.185™" -0.395™" -0.391™" -0.280™" -0.310™" -0.291™" -0.323™ -0.3177 -0.313™
(0.024) (0.024) (0.027) (0.048) (0.049) (0.072) (0.069) (0.072) (0.039) (0.038) (0.039)
Kindergarten 0.034 -0.067 0.045
(0.027) (0.066) (0.039)
Academic performance Yes No No Yes No Yes No No Yes No No
Number of shocks No Yes No No Yes No Yes No No Yes No
Country fixed effects Yes Yes Yes No No No No No No No No
Region fixed effects No No No Yes Yes Yes Yes Yes Yes Yes Yes
N 3668 3721 3134 567 567 407 409 407 494 496 493
R? 0.339 0.341 0.357 0.236 0.241 0.345 0.358 0.341 0.416 0.403 0.401
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(continued)

(10) (11) (20) (12) (13) (21) (14) (15) (22) (16) 17) (23)
Georgia Georgia Georgia Ghana Ghana Ghana Kenya Kenya Kenya Vietnam Vietnam Vietnam
Literacy 0.113™ 0.121™ 0.119™ 0.101" 0.128™ 0.130™ 0.036 0.018 0.017 -0.005 -0.002 -0.003
(0.035) (0.034) (0.034) (0.061) (0.057) (0.057) (0.055) (0.054) (0.055) (0.028) (0.028) (0.029)
Yrs schooling 0.075™ 0.081™ 0.081™ 0.122™ 0.109™" 0.107™ 0.118™ 0.104™ 0.107™ 0.076™" 0.079™ 0.080™"
(0.011) (0.010) (0.010) (0.019) (0.016) (0.017) (0.014) (0.013) (0.013) (0.007) (0.007) (0.007)
Female -0.331™ -0.312™ -0.314™ -0.196™ -0.181" -0.191" 0.068 0.107 0.115 -0.172™ -0.160™" -0.156™"
(0.070) (0.065) (0.065) (0.099) (0.099) (0.101) (0.076) (0.074) (0.074) (0.041) (0.042) (0.042)
Kindergarten 0.074 0.130 -0.015 0.060
(0.075) (0.107) (0.076) (0.051)
Academic performance Yes No No Yes No No Yes No No Yes No No
Number of shocks No Yes No No Yes No No Yes No No Yes No
Country fixed effects No No No No No No No No No No No No
Region fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
N 492 492 491 339 350 347 516 541 532 853 866 864
R? 0.268 0.265 0.266 0.350 0.353 0.361 0.330 0.300 0.300 0.310 0.304 0.298

Notes: OLS Regression results. Dependent variable: net log hourly wage in local currency for country regressions and in international dollars for pooled regression. The 1%t and 99%
percentile of the net hourly wage distribution is trimmed. Sample: urban full-time wage workers aged 30-59. Literacy scores standardized to have mean 0 and standard deviation 1
within the corresponding samples. Estimations are the average of 10 estimations using a different plausible value each. All regressions control for experience, experience squared
and a constant. In addition, the pooled sample controls for country fixed effects, while the country regressions controls for regional fixed effects. Academic performance and number
of shocks are categorical variables. Kindergarten attendance is a dichotomous variable. Years of schooling enters the estimation linearly. Detailed descriptions of each control
variable in appendix. In the pooled regression, each observation is weighted equally. Clustered standard errors in parentheses. Significance levels: * p < 0.10, ** p < 0.05, *** p <
0.01. Source: STEP database.
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Table A8. Reverse causality Robustness check

@) @ ©) @ ®) ©) @ ®) ©) (10) (11) (12) (13) (14) (15) (16)
age Pooled Pooled Armenia Armenia Bolivia Bolivia Colombia  Colombia Georgia Georgia Ghana Ghana Kenya Kenya Vietnam Vietnam
sample
ﬁLiteracy BLiteracy BLiteracy ﬂLiteracy ﬂLiteracy ﬁLiteracy ﬁLiteracy ﬁLiteracy ﬁLiteracy ﬁLiteracy ﬁLiteracy ﬁLiteracy ﬁLiteracy ﬁLiteracy ﬁLiteracy ﬁLiteracy
30-59 0.282™" 0.083™ 0.083™ 0.056™ 0.317™ 0.123™ 0.262™" 0.080™ 0.171™ 0.120™ 0.369™" 0.118™ 0.271™ 0.020 0.190™" -0.001
(0.018) (0.019) (0.029) (0.028) (0.043) (0.044) (0.035) (0.036) (0.034) (0.034) (0.055) (0.058) (0.048) (0.054) (0.024) (0.028)
30-57 0.287™" 0.087" 0.090™" 0.063™ 0.331™ 0.138™ 0.274™ 0.084™ 0.168™" 0.114™ 0.353™ 0.120™ 0.274™ 0.021 0.203™ 0.015
(0.018) (0.020) (0.029) (0.028) (0.042) (0.045) (0.040) (0.040) (0.036) (0.036) (0.057) (0.060) (0.047) (0.053) (0.025) (0.028)
30-54 0.280™" 0.079™ 0.086™ 0.049 0.303™ 0.105™ 0.279™ 0.087" 0.169™" 0.114™ 0.336™ 0.101 0.279™ 0.024 0.194™ 0.009
(0.019) (0.020) (0.034) (0.032) (0.043) (0.048) (0.044) (0.042) (0.036) (0.035) (0.059) (0.064) (0.048) (0.053) (0.025) (0.028)
30-52 0.279™ 0.083™" 0.088"™ 0.054 0.311™ 0.117™ 0.277™ 0.083" 0.173™ 0.118™ 0.336™ 0.103 0.272™" 0.024 0.182™" 0.008
(0.019) (0.021) (0.037) (0.035) (0.044) (0.048) (0.044) (0.043) (0.037) (0.036) (0.059) (0.065) (0.048) (0.053) (0.026) (0.030)
30-49 0.271™" 0.082™" 0.066" 0.034 0.286™" 0.082" 0.241™ 0.080" 0.185™" 0.128™ 0.344™ 0.124" 0.252™" 0.007 0.173™ 0.010
(0.019) (0.021) (0.040) (0.039) (0.042) (0.046) (0.040) (0.042) (0.041) (0.041) (0.056) (0.065) (0.048) (0.055) (0.028) (0.030)
30-47 0.266™" 0.088™" 0.075" 0.042 0.283™ 0.076 0.239™ 0.089™ 0.186™" 0.135™ 0.339™ 0.111 0.247™ 0.021 0.163™ 0.013
(0.020) (0.022) (0.044) (0.043) (0.043) (0.048) (0.036) (0.041) (0.044) (0.044) (0.060) (0.068) (0.049) (0.056) (0.027) (0.030)
30-44 0.269™" 0.096™" 0.078 0.040 0.280™" 0.054 0.227™ 0.068" 0.185™" 0.137™ 0.334™ 0.133" 0.261™" 0.042 0.151™" 0.008
(0.022) (0.025) (0.051) (0.051) (0.048) (0.056) (0.031) (0.039) (0.050) (0.050) (0.059) (0.072) (0.050) (0.057) (0.031) (0.035)
Change 0.013 -0.013 0.005 0.016 0.037 0.069 0.035 0.012 -0.014 -0.017 0.035 -0.015 0.01 -0.022 0.039 -0.009
30-
59:30-
44

Notes: OLS Regression results. Dependent variable: net log hourly wage in local currency for country regressions and in international dollars for pooled regression. The 1%t and 99™
percentile of the net hourly wage distribution is trimmed. Sample: urban full-time wage workers aged 30-59. Literacy scores standardized to have mean 0 and standard deviation 1
within the corresponding samples. Estimations are the average of 10 estimations using a different plausible value each. All regressions control for a constant, gender, experience
and experience squared. The second column of each sample controls additionally on years of schooling, which enters the estimation linearly. In addition, the pooled sample controls
for country fixed effects, while the country regressions controls for regional fixed effects. In the pooled regression, each observation is weighted equally. Clustered standard errors
in parentheses. Significance levels: * p < 0.10, ** p < 0.05, *** p < 0.01. Source: STEP database.
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Regional controls

Clusters

Years of schooling

Mother’s (Father’s)
education

Socioeconomic
status at age 15

Household size at
age 12

Kindergarten
attendance

Number of eco-
nomic shocks

Academic
performance

Number of mas-
tered languages

Openness

Conscientiousness

Table A9. List of variables STEP

Armenia: 11 districts

Bolivia: 4 districts

Colombia: 21 municipalities

Georgia: 11 regions

Ghana: 10 regions

Kenya: 4 regions

Vietnam: 2 provinces

For Armenia, Bolivia, Georgia, Kenya and Vietnam, each cluster consists of a census enu-
meration area with 15 observations per cluster. For Colombia, the clusters are 21 municipali-
ties.

The International Standard Classification of Education (ISCED) 1997 and 2011 scales are
used to derive individual years of schooling. This variable represents the number of years of
formal education corresponding to the highest level completed. In Bolivia, Colombia, Georgia
and Vietnam, intervals of levels completed are narrow, such that one additional year often
coincides with one level increase. In Armenia, Ghana and Kenya, however, the intervals of
established levels in the education system are large, such that relevant years’ variation gets
lost. Hence, for these three countries, the actual years of formal education completed are
taken. This variable captures primary, secondary, vocational and university education.
Highest education level of the mother (ISCED 1997 scale):

0= Pre-school education, 1= Primary education, 2= Lower secondary education, 3= Upper
secondary education, 4= Post-secondary non-teriary education , 5= Non-PhD tertiary educa-
tion, 6=Phd.

Survey question: Imagine a 10-step stairs where on the bottom, the FIRST step, stand the
poorest people, and on the highest step, the TENTH, stand the richest. On which step do you
think your family was when you were 15 years old?

Survey question: Which of your relatives usually lived in your household with you when you
were 12 years old? (Father, Mother, Step-, Grand-, Brothers, Sisters, In-law-, Uncle and Aunt
and their partners).

Survey question: Did you attend Pre-Kindergarten or Kindergarten?

Survey question: Before you reached age 15, was the households financial situation signifi-
cantly worsened because of death of household member, illness/serious accident of household
member, family breakup/separation/divorce, alcohol problem/alcoholism or drug problem of
household member, loss of employment for household member, bankruptcy or loss of family
business, loss of crops, fire, drought, flood or other natural catastrophe, violence, theft, forced
displacement or other? Scale: 0=no shocks, 1= 1 shock, 2= 2 or more shocks.

Survey question: From what you remember, how did you compare academically to your class-
mates in the highest grade you attended in primary or secondary school? Scale: 1= Below
average, 2= Average, 3= Above average, 4= Excellent/among the best in class.

Survey question: In which languages do you speak, and in which languages do you read and
write, well enough to work in a job that requires that language?

Survey questions:

Do you come up with ideas other people haven't thought of before? Are you very interested
in learning new things?

Do you enjoy beautiful things, like nature, art and music?

Final measure corresponds to the average of the 3 responses on the following scale: 1=al-
most always, 2=most of the time, 3= some of the time, 4= almost never.

Survey questions:

When doing a task, are you very careful?

Do you work very well and quickly?

Do you prefer relaxation more than hard work?

Final measure corresponds to the average of the 3 responses on the following scale: 1=al-
most always, 2=most of the time, 3= some of the time, 4= almost never.
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Survey questions:

Avre you talkative?

Are you outgoing and sociable, do you make friends very easily?

Do you keep your opinion to yourself?

Final measure corresponds to the average of the 3 responses on the following scale: 1=al-

most always, 2=most of the time, 3= some of the time, 4= almost never.

Survey questions:

Do you forgive other people easily?

Are you very polite to other people?

Are you generous to other people with your time or money?

Final measure corresponds to the average of the 3 responses on the following scale: 1=al-

most always, 2=most of the time, 3= some of the time, 4= almost never.

Survey questions:

Are you relaxed during stressful situations?

Do you tend to worry?

Do you get nervous easily?

Final measure corresponds to the average of the 3 responses on the following scale: 1=al-

most always, 2=most of the time, 3= some of the time, 4= almost never.

Survey question: During the last 4 weeks, because of this chronic illness (diabetes, asthma,
Chronic burden cancer, heart disease, high blood pressure, hepatitis, or other) how many days were you unable

to carry out your usual activities?

Starting school age  Survey question: At what age did you start first course of primary? (age in completed years).

Survey question: When you were in Grade 1 or equivalent, how long did it take you to get to

your primary school, by the usual method of transport you used? Scale: 1=Less than half an

hour, 2= Between 0.5-1 hour, 3=More than an hour.

The 1-digit ISCO Rev.8 occupation codes are used: 0=Armed forces occupations, 1= Man-

agers, 2= Professionals, 3=Technicians and associate professionals, 4=Clerical support

Occupation workers, 5=Service and sales workers, 6=Skilled agricultural, forestry and fishery workers,

7=Craft and related trades workers, 8=Plant and machine operators, and assemblers, 9=Ele-

mentary occupations.

The 2 digits ISIC revision 4 codes are used:1= Agriculture, forestry and fishing, 2= Mining

and quarrying, 3= Manufacturing, 4= Electricity, gas, steam and air conditioning, 5= Water

supply; sewerage, waste management and remediation activities, 6= Construction, 7=

Wholesale and retail trade; repair of motor vehicles and motorcycles, 8= Transportation and

storage, 9= Accommodation and food service activities, 10= Information and communica-

tion, 11= Financial and insurance activities, 12= Real estate activities, 13= Professional, sci-

entific and technical activities, 14= Administrative and support service activities, 15= Public

administration and defence; compulsory socialsecurity, 16= Education, 17= Human health

and social work activities, 18= Arts, entertainment and recreation, 19= Other service activi-

ties, 20= Activities of households as employers; undifferentiated goods- and services-pro-

ducing activities of households for own use, 21= Activities of extraterritorial organizations

Extraversion

Agreeableness

Stability

Commuting time to
school

Economic sector

and bodies.
Informal wage Individuals who are currently working and reported not having social security or benefits are
worker informal.

Survey question:

What is the main method you used to find your work?
Through public employment agency

private employment agency

university/school career office

social network (friends/relative/other)

media/internet

Employer contacted you

Contacted employer directly

Started own business

Job obtained after training/Apprenticeship with employer
Other.

Source: STEP database, World Bank (2014), ILO (2007)

Social Network as
job searching
method
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