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Abstract

This paper explores the relationship between human capital inequality and income inequality, us-
ing an updated data set on human capital inequality for 146 countries from 1950 to 2010 and a novel
database on earnings inequality. We find an inverted U-shaped relationship between these two
inequality indicators, but with significant differences across countries regarding the turning point
where the relationship between human capital inequality and earnings inequality becomes posi-
tive. Along with the development process in dual economies, we find that skill-biased technological
change is an additional force that may blur the relationship between human capital and earnings
inequality. We also find that the effect of earnings inequality on income inequality is statistically sig-
nificant, relatively stable and economically relevant. Approximately each one-point change in the
Gini coefficient of earnings contributes on average to a half-point change in the Gini coefficient for
income. Finally, the paper shows that, over and above the effect exerted through earnings inequality,
human capital inequality has a direct positive effect on income inequality.
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1. Introduction

In the last few decades, most developing countries have made major efforts to eradicate il-
literacy, reducing the number of illiterates by several hundreds of millions. As a result, the
inequality in the distribution of education in the world has halved: the average Gini coef-
ficient for human capital inequality dropped from 0.55 in 1960 to 0.28 in 2005. Conversely,
the evolution of income inequality has remained quite stable over the long run. The value
of the average income Gini coefficient was almost the same in 2005 (0.41) as it had been in
1960 (0.42). This divergent path could indicate that human capital and income inequality
are uncorrelated. Conversely, the reduction in human capital inequality could have been
offset by other forces that have driven income inequality upwards. The aim of this paper
is to explore whether there is a relationship between human capital inequality and income
inequality or if, on the contrary, the two distributions are uncorrelated.

So far, the literature has not provided a clear answer to the question. As a theoret-
ical foundation for the empirical exercise, most of the studies compute the variance of a
standard earning function that relates earnings with the average years of schooling and its
return. However, the majority of the empirical evidence is from data on income inequal-
ity instead of earning inequality. As long as capital income represents a relatively small
fraction of total income, earnings inequality and income inequality should be highly cor-
related. However, some studies suggest labor shares have declined in several countries
since the early 1980s (Karabarbounis and Neiman, 2013), and others show an increase in
wealth-to-income ratios since the 1970s (Piketty and Zucman, 2014).

The lack of consensus in the literature analyzing the relationship between education
inequality and income inequality could be explained by the use of different measures of
inequality, samples and econometric techniques. Chiswick (1971) finds a positive relation-
ship between earnings inequality, measured through different percentiles, and inequality
of schooling, measured through the Lorenz curve, in a small sample of nine countries.
In line with this finding, but using a measure of income instead of earnings, Winegarden
(1979) finds an inverse relationship between the variance in schooling and income equal-
ity in a sample of 32 countries. These results were questioned by Ram (1984), who finds no
evidence that the variance of years of schooling is negatively related to several measures
of income equality in a sample that includes 28 countries, of which 26 were classified as
"developing’. More recent contributions that include samples with a large number of coun-
tries and periods also report contradictory findings. De Gregorio and Lee (2002) find that
a more equal distribution of education, as measured with the standard deviation of edu-
cational attainment, is related to a more equal distribution of income. Using fixed-effects
estimates, Foldvari and van Leeuwen (2011) do not find a positive relationship between
education inequality and the income Gini coefficients, whereas Lee and Lee (2018) show



HUMAN CAPITAL AND INCOME INEQUALITY 3

the Gini coefficient of educational attainment has a significant and positive effect on in-
come inequality.

In this paper we provide a comprehensive analysis of the relationships among the
levels of inequality in human capital, earnings and income in a broad section of coun-
tries. We estimate models that use the cross-sectional variation in the data, as inequality
variables are quite persistent over time, and check the robustness of the results in specifica-
tions that control for time-invariant characteristics. Since the relationship between human
capital and income inequalities may depend on the level of development, we also check
whether the relationships differ in less developed and in advanced economies.

We first compile a comprehensive data set on human capital inequality variables,
covering 146 countries from 1950 to 2010, extending the previous data set produced by
Castell6 and Doménech (2002). In this new version, we use the educational attainment
data set provided by Barro and Lee (2013), which includes more countries and years, re-
duces some measurement errors, and solves some of the shortcomings pointed out by De
la Fuente and Doménech (2006 and 2015) and Cohen and Soto (2007). We also compute
a more precise human capital Gini coefficient using seven levels of schooling, and distin-
guishing between those individuals that have completed a given level of education and
those that have not.

Secondly, in contrast to most studies that use data on income inequality instead
of earnings inequality to analyze the effects of human capital inequality, in this paper
we use a novel data set on earnings inequality computed by Hammar and Waldenstrém
(2020). The data includes information on earnings, taxes, working hours, and local prices
for workers in the main representative occupations in 68 countries. An additional advan-
tage of this data set is that variables are comparable across countries and periods, since
data have been collected in the same way every third year since 1970.

We then analyze the relationship between human capital inequality and earnings
inequality, and we find an inverted U-shape between the two inequality indicators. On
average, the Gini coefficient for labor earnings inequality reaches its maximum when the
share of illiterates is about 40 percent. Nevertheless, we show significant differences across
countries regarding the turning point where the relationship between human capital in-
equality and earnings inequality becomes positive.! The literature has explained the in-
verted U-shaped relationship as a composition effect resulting from the fall in the share
of the population with no schooling in dual developing economies (e.g., Robinson, 1976,

1" Lim and Tang (2008) and Morrison and Murtin (2013) use the Mincer specification of human capital to de-

velop a separate measure of human capital inequality from that of education inequality. When they plot the
relationship between human capital and human capital inequality, they find that, as average human capital in-
creases, human capital inequality first increases and then decreases. They thus name it the "Human Capital
Kuznets Curve". Unlike these studies, and in line with our previous papers, we refer to education inequality as
human capital inequality.
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Knight and Sabot, 1983, and Anand and Kanbur, 1993). We test this explanation formally
and find a non-linearity between the Gini of earnings and the share of illiterates that holds
even after controlling for the level of income and its square, and is robust in specifications
that control for country-specific effects.

Thirdly, we analyze an additional force to the development process in dual economies
that may blur the relationship between human capital and earnings inequality, as it is skill-
biased technological change (SBTC). Thus, the reduction in the share of illiterates over the
years and, consequently, in the human capital Gini coefficient has coincided with a process
of technological change that has mainly benefited the skilled workers (e.g., Katz and Mur-
phy, 1992). Despite the increase in the relative supply of skilled workers, the growing
wage gap between wages at the top and at the bottom of the wage distribution could have
partially offset the improvements in the distribution of human capital. We test the SBTC
hypothesis in our relatively large sample of countries. We find evidence confirming that,
despite the increase in the relative supply of skilled workers, labor earning inequality has
increased over the years due to SBTC. We find that earning inequality has increased by an
average of 0.62 percent each year in our sample period.

Fourthly, after analyzing the effects of human capital inequality on earnings in-
equality, we then estimate the average contribution of earnings inequality to income in-
equality. Our findings indicate that this contribution is statistically significant, relatively
stable and economically relevant. Our results also suggest that approximately each one-
point change in the Gini coefficient of earnings contributes to a half-point change in the
Gini coefficient of income.

Finally, to complete the analysis, we show that in addition to its effects through
earnings inequality, human capital inequality also influences income inequality directly.
In a regression where the income Gini coefficient is the dependent variable, our results
indicate that even after controlling for earnings inequality, the coefficient of the human
capital Gini index is positive and statistically significant. A large part of the direct effect of
human capital inequality on income inequality is found to be driven by channels related
to redistribution, fertility, trade openness and financial globalization. Our results hold
in a fixed-effects model that controls for country-specific characteristics and exploits the
within-country variation in the data.

The structure of the paper is as follows. Section 2 computes the improved measures
of human capital inequality and documents some stylized facts about the evolution of
human capital inequality. Section 3 analyzes the distribution of income inequality and
compares it with that of human capital inequality. Section 4 analyzes the relationship
between human capital inequality and income inequality through its effect on earnings
inequality. Section 5 estimates the contribution of human capital inequality to income
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inequality through indirect channels. Finally, section 6 presents the main conclusions.

2. Evolution of human capital inequality over time

Castell6 and Doménech (2002) were the first to provide a comprehensive data set on hu-
man capital inequality, taking the educational attainment levels from Barro and Lee (2001)
and calculating the Gini coefficient and the distribution of education by quintiles for a large
number of countries and periods. However, some studies have demonstrated a number
of problems with the Barro and Lee (2001) data set: for example, Cohen and Soto (2007)
and de la Fuente and Doménech (2006) reveal that the data show implausible time series
profiles for some countries. Barro and Lee (2013) addressed most of these concerns in an
improved data set that reduces measurement error and improves the accuracy of the es-
timates by using more information from census data and a new methodology that makes
use of disaggregated data by age group. The old and the new measures of the average
years of schooling are highly correlated in levels but there is little relationship when the
variables are measured in differences. This suggests lower measurement error in the new
indicators due to a smoother trend in the attainment levels. Using the new Barro and
Lee (2013) data set, we have updated and expanded the inequality indicators to cover 146
countries for five-year time spans between 1950 and 2010, thereby obtaining 1898 obser-
vations.

To compute the human capital Gini coefficient, we have extended the methodology
of Castell6 and Doménech (2002) to include a broader set of educational levels that dis-
tinguish between completed and incomplete levels. This is particularly relevant in less
developed economies with high student dropout rates. Our Gini coefficient is now calcu-
lated as follows:

. 1 PN
Gini" = ﬁzz |X; — x| ninj 1)

where H is the average years of schooling in the population aged 15 and over, i and j stand
for different levels of education, X refers to the cumulative average years of schooling of
each level of education, and # is the share of the population with a given level of educa-
tion: no schooling (0), incomplete primary (1), completed primary (2), lower secondary
(3), upper secondary (4), incomplete tertiary (5), and completed tertiary education (6).2

2 x; is the duration in years of schooling of each educational level, and the cumulative average years of

schooling are computed as: ¥p = xp = 0, X1 = x1, X2 = %1+ X, X3 = X1 + X2+ X3, X4 = x1 + X2 + x3 + x4,
X5 = X1+ X2 + X3+ X4 + x5, X = X1 + X2 + X3 + X4 + X5 + x6. Appendix Al describes the procedure followed to
compute duration in years of schooling of each educational level from Barro and Lee’s (2013) data set, and shows
how the additional information provided by the larger number of educational levels increases the precision of
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Figure 1: Human Capital Gini Coefficient of population aged 15+.

In spite of the large differences in the distribution of education across regions, there
has been a general reduction in human capital inequality worldwide, as clearly shown
in Figure 1. In most regions, the decline has been remarkable, with the Gini coefficients
reduced by more than half. As shown in Appendix 2, the overall increase in the share of
education going to the third quintile and the increase in the ratio of the bottom to the top
quintile suggests the improvement in equality has mainly benefited the lowest part of the
distribution.?

Further examination of the data reveals that the large reduction in education in-
equality is mainly due to a sizable decline in illiteracy. Without exception, all the countries
that have experienced a substantial reduction in the share of illiterates also show a simi-
lar decline in the human capital Gini coefficient over time, suggesting the reduction in the
Gini coefficient over time has been largely determined by the decline in the share of illit-
erates, as pointed out by Morrison and Murtin (2013). This fact can be explained by the
weight of the share of illiterates in the computation of the human capital Gini coefficient.

the new Gini coefficient.

35 We compute the ratio of the bottom to the top quintile as a measure of equality, instead of the top to the

bottom quintile as a measure of inequality, since in many countries more than 60 percent of the population were
illiterate and therefore the value of the bottom quintile in that case is equal to zero.
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To illustrate this point, we reorganize equation (1) as follows:

. A
Gini" = ny + g 2)
where:
6 6
A= YY [5- 5l mn
i=1j=1

The Gini coefficient of education is, therefore, a proportional measure of the share of
illiterates. A notable reduction in this share translates into a similar reduction in the Gini
coefficient. Whether the reduction in the Gini coefficient is greater or smaller than that in
the share of illiterates will depend on the changes in the distribution of education among
the literates. Given that:

.y L&
G’mm:ﬁﬁggm— | nb T T ®)

where Ginil!T is the human capital Gini coefficient among the literates, n-'T = n; /(1 — ny)
and ny is the share of the population with no education, equation (3) can be rewritten as
follows:

1 A

Ginit'" = ——
(1—-no) H

)
Then, the human capital Gini coefficient can be formally decomposed into a combination
of the share of illiterates and the Gini coefficient among the literates as follows:

Gini" = ng + (1 — ng)Gini*'" (5)

When the share of illiterates is very high, the evolution of the human capital Gini coeffi-
cient is mainly determined by the share of illiterates, as in the case of less developed coun-
tries. On the other hand, in advanced economies, where the share of illiterates is almost
zero, the distribution of primary, secondary and tertiary education is what determines the
evolution of education inequality.

We can use the previous expression to analyze the contribution of the share of illit-
erates to the changes in Gini" from 1950 to 2010:

. . . LLIT . LLIT
Giniggyg — Ginijosy = (102010 — 10,1950) + (1 = 10,n0.2010) GiMigg10 — (1 — 10,19 1950 ) GiMtizosg

In our sample of 146 countries, the average reduction in Gini" is 0.3 (from 0.557 in 1950 to
0.257 in 2010), whereas the average reduction in the share of illiterates is 0.34. Therefore,
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the change in 1 explains on average 114 percent of the change in Gini".

3. Evolution of Income Inequality

To analyze the relationship between income and human capital inequality, we start by
comparing the mean values of the human capital and income Gini coefficients for those
countries with available data on income inequality. We measure income inequality through
the disposable income Gini coefficient taken from the Standardized World Income Inequal-
ity Database (SWIID), version SWIID v8.1, which uses a custom missing-data algorithm to
standardize WIID from the Luxembourg Income Study (LIS) data set.* The data cover 96
countries with observations from 1985 to 2010.

If we compare the average values of the income (Gini¥) and the human capital
(Gini") Gini coefficients, we observe that the countries with the highest and the lowest
inequality in the distribution of income and those with the highest and the lowest inequal-
ity in the distribution of education do not coincide.® The most remarkable example is that
of Latin America and the Caribbean, which is one of the regions with the highest income
inequality but only moderate inequality in the human capital distribution. At the other ex-
treme, countries in South Asia display high inequality in the distribution of education but
relatively low inequality in the distribution of income.

Education and income inequality have also evolved differently over recent decades.
The data indicate that the income Gini coefficient, on average, has remained quite stable
over the long run. For the whole sample, the income Gini coefficient was 0.361 in 1985
and 0.377 in 2010. This evidence is illustrated in Figure 2, which plots the evolution of the
income Gini coefficient for all the regions and available time periods. In some regions, the
income Gini coefficient has slightly increased over the years, whereas in Latin America
and the Caribbean, and in the Middle East and North African regions, it has decreased.

4 Most of the studies that have analyzed the determinants and the effects of income inequality have used the
UNU/WIDER-UNDP World Income Inequality Database (WIID), which is an updated version of Deininger and
Squire’s (1996) data set and reports income inequality measures for developed as well as developing economies.
However, there are concerns about the poor quality of income inequality data covering multiple countries due to
problems of cross-country comparability and the incompleteness of coverage across countries and over time (e.g.,
Atkinson and Brandolini, 2001). The most reliable data set on income inequality is the Luxembourg Income Study
(LIS), which provides improved data for income inequality measures in terms of their quality and comparability
across countries. Nevertheless, the main drawback of the LIS data set is that it only contains data for a reduced
sample of advanced economies, mostly starting in 1980, which reduces the sample size considerably.

5 The income inequality data in version 8.1 is of higher quality than in previous versions (SWIID v3.0). How-

ever, the data set contains fewer observations in the initial years. For instance, the 8.1 version contains only 14
observations in 1960, 41 observations in 1970, and 63 observations in 1980. In order to include a greater number
of countries in the sample, we have chosen 1985 as our starting period.

6 Appendix A.2 shows the mean values of the income and human capital Gini coefficients for several regions

of the world.
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Figure 2: Evolution of the income Gini coefficient across regions

In the following sections we explore whether human capital inequality has any ef-
fect on income inequality or if, on the contrary, the two distributions are totally uncorre-
lated.” Before explaining in more detail the effects of human capital inequality on income
inequality, it should be taken into account that there are other sources of income apart
from wages, such as those coming from capital ownership and entrepreneurship, or from
net transfers and taxes, which also influence income inequality.

Changes in the income Gini coefficient are also affected by composition effects re-
sulting from changes in the distribution of labor and capital income. Karabarbounis and
Neiman (2013) report evidence of a decline in the labor share in a large majority of coun-
tries and industries since 1975. At the same time, although the evidence is very scarce due
to the lack of data on asset distribution for a broad set of countries, Piketty and Zucman
(2014) have documented an increase in wealth-to-income ratios since the 1970s in the top

7 Previous contributions to the literature have found that income inequality is positively correlated with edu-

cation inequality and negatively related to education (e.g., Becker and Chiswick, 1966, Ahluwalia, 1976, or Park,
1996). Others, however, found that schooling inequality has a marginal negative, rather than positive, effect on
income inequality (Ram, 1984). Sylwester’s (2002) findings suggest that government expenditures for public ed-
ucation are associated with falling income inequality. De Gregorio and Lee (2002) show that, although countries
with higher educational attainments and a more equal distribution of education have a more equal distribution of
income, a significant proportion of the variation in income inequality remains unexplained. In a comprehensive
analysis of the determinants of inequality, Roser and Cuaresma (2016) show the evolution of income inequal-
ity in 32 developed countries has been explained by international trade, the government size, the interaction of
technology and education, and political and institutional factors.
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eight developed economies. In other countries for which we have only recent data and no
evidence about the changes over time, the distribution of wealth is more unequal than the
distribution of income. Additionally, Checchi and Garcia-Pefialosa (2010) show that the
labor share is negatively correlated with the income Gini coefficient. In what follows, we
focus on how changes in the distribution of human capital have affected the distribution
of the labor income component, and whether there is any direct effect of human capital
inequality on income inequality over and above wage inequality.

4. Human capital inequality, earnings inequality and income
inequality

4.1 Human capital inequality and earnings inequality

To analyze the correlation between human capital and labor income inequality, we use a
new global inequality data set on labor earnings in the working population for 68 devel-
oped and developing countries from 1970 to 2018 assembled by Hammar and Walden-
strom (2020). These authors show that changes in the labor income inequality trend have
been mainly driven by real wage growth, rather than hours worked, taxes or changes in
employment by occupations.

In this sample of countries and years we find an inverted U-shaped relationship be-
tween the human capital and the labor income Gini coefficients.® On average, the Gini
coefficient of labor income reaches its maximum when the share of illiterates is around 40
percent, which corresponds to an average of 5.5 years of schooling. However, the non-
linear relationship between the share of the population with no schooling and the Gini
of labor income found for the whole sample hides the fact that this relationship is, as ex-
pected, not uniform across countries.

To illustrate this point, in Figure 3 we have selected five countries to show that, al-
though they provide a good approximation of the result for the whole sample, there are
significant differences across them regarding the turning point where the relationship be-
tween population with no schooling and labor income inequality changes from positive to
negative. Thus, the average estimated turning point (when ny = 0.37) is a good approx-
imation for a country like India. Conversely, for other countries such as Pakistan (0.45),
Kenya (0.27), Colombia (0.12) or France (0.05), the turning points occur at different values

8  Previous contributions to the literature have simulated a monetary equivalent of years of schooling in a

Mincerian wage equation. Lim and Tang (2008) estimate a Mincerian measure of human capital income from
1960 to 2000 and find an inverted U-shape assuming the same world average rates of return that decrease with
the level of education. Morrison and Murtin (2013) also report a human capital Kuznets curve over the course of
educational development for 32 ‘macro-countries” over the period 1870-2010, imposing homogeneity of returns
across countries.
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Figure 3: Share of the population with no schooling and Gini coefficient of labor
income in several countries, 1970-2010.

of the share of the population with no schooling.

The main explanation for the non-linearity is the composition effect of the share of
the population with no schooling. Several papers have shown that in an economy with
two population groups—low and high educational level—a transfer of workers from the
former to the latter raises the inequality of wages to the point where the high-education
group reaches a certain share (see Robinson, 1976; Knight, 1976; Knight and Sabot, 1983;
Anand and Kanbur, 1993; Fields, 1993). Note that, while the share of the population with
no education is still large, the increase in wage inequality as a result of the transfer of
workers from the low- to the high-education group is, according to Fields (1979), a statisti-
cal artifact and not an economically meaningful worsening of the income distribution. On
the contrary, this is a transitory effect of an economic development process that is good
in absolute income terms and that reverts when 1y falls sufficiently and more people are
educated, at least to the level of completed primary schooling. Eradicating illiteracy and
completing primary schooling are, therefore, necessary conditions for the subsequent im-
provement of per capita income and equality, showing that there is no trade-off between
them. They are not sufficient conditions because, as discussed before, other factors such
as the increase in the capital income share, wealth inequality or a less redistributive fiscal
system may more than offset the fall in wage inequality.

Table 1.a provides a formal analysis of the relationship between the Gini coefficients
of human capital (Gini") and labor income (Gini (WE))in a sample of 68 countries from
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1970 to 2010. Column (1) displays a strong correlation between the two variables. The re-
sults indicate the relationship is not linear: the estimate of Gini" is positive but the square
term is negative, and both are statistically significant at the 1 percent level. As stated
above, the explanation given for the non-linearity is the composition effect from the re-
duction in the share of illiterates. We test this explanation and decompose the human cap-
ital Gini coefficient into two components: the part explained by the share of illiterates, and
the part explained by inequality among the literates (see equation (2)). Column (2) shows
that the estimated coefficient of the share of illiterates is positive, its squared term is neg-
ative, and both are statistically significant at the 1 percent level. This finding suggests the
composition effect is an important explanation for the non-linearity observed between the
Gini coefficient of human capital and the Gini coefficient of earnings. However, the com-
position effect of the share of illiterates is not the only explanation since human capital
inequality among literates is also statistically significant. Thus, column (2) also shows a
slightly convex relationship between the Gini of labor income and the component of hu-
man capital inequality that reflects inequality among the literate population. Columns (3)
and (4) control for per capita income (In y) and its square, to take into account the level of
development. Results show the non-linearity with regard to the human capital Gini coef-
ficient and its two components still holds even when we include the level of income per
capita and its square.

In order to analyze the results in more detail, we have split the sample into less
developed (41 countries) and developed economies (23 countries). Columns (5) to (12)
show the results for the same specifications in columns (1) to (4). In general, the main
results for the whole sample still hold in the sample of less developed economies, as is
the case with the inverted U-shaped relationship between the human capital and the labor
income Gini coefficients, or the relevance and significance of the share of illiterates. In
the case of advanced economies, however, the statistical significance of many coefficients
vanishes, suggesting that the results obtained in the whole sample are mainly driven by
less developed economies. In the sample of advanced economies the coefficient of Gini"
is positive and statistically significant, but its squared term is not significant, although it
is still negative. This is not surprising since only 3 observations for Turkey, out of 207 in
the sample of advanced economies, present a Gini" greater than the turning point of the
U-shaped inverted relationship between human and labor Gini coefficients.
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In Table 1.b we present the results for the same specifications and samples as before,
but now including country fixed effects. As we can see in Table 1, the main results are ro-
bust to the estimation method. In particular, the non-linearity of Gini" and the inverted
U-shaped relationship between the human capital and the labor income Gini coefficients,
the significance of the share of illiterates, and the robustness of the results to the inclusion
of income per capita still hold when fixed effects are taken into account. In this case, the in-
verted U-shaped relationship between Gini" and Gini(WFE) is also statistically significant,
suggesting that fixed effects are relevant to control for heterogeneity across countries.

4.2 Skill-biased technological change

Despite the increase in the supply of educated workers, the demand for skills may have
kept pace with the human capital investment, leaving earnings dispersion unchanged.
For example, it could be the case that an individual (or quintile) with no education in ¢
becomes educated in t + 1, but the increase in their income occurs at the same time as the
increase achieved by individuals with higher educational attainment, who benefit from the
increase in wages due to skill-biased technological change (SBTC). As a result, although
there is a reduction in schooling inequality, income inequality remains unchanged.

The "canonical model" of the race between education and technological change (e.g.,
Katz and Murphy, 1992, Card and Lemieux, 2001, or Acemoglu and Autor, 2012, among
others) provides a well-founded explanation of the effects of SBTC. The motivation behind
this literature is the observation that in the United States and other developed countries,
in spite of the growing supply of college graduate workers, there has been an increase in
wage inequality, proxied by the increase in the wage of college graduate workers relative
to the wages of high school graduates. This model argues that the returns to skills are de-
termined by a race between the demand for skills, driven by SBTC, and the increase in the
supply of skills. When the relative demand increases faster than the relative supply, wage
dispersion rises. Conversely, when the supply outpaces the demand, wage dispersion de-
creases.

We test the canonical model of the race between education and technological change.
Following the seminal work of Katz and Murphy (1992), we relate the earning gap or skill
premium (i.e., the wage ratio of skilled to unskilled workers wp, /wy, ) to the relative sup-
ply of skills (H/L) and the relative technology trend (Ay/A}), proxied by a time trend
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Table 2
Dependent variable: Gini(WF) Yearly Earnings
OLS FE
Whole Less Dev. Advanced Whole Less Dev. Advanced
@ 2 (€) @ ®) (©)
In % -0.0994 -0.061% -0.069° -0.053% -0.0594 -0.044¢
(0.011) (0.015) (0.014) (0.014) (0.019) (0.023)
t 0.0317 0.0197 0.0237 0.0167 0.017° 0.015
(0.006) (0.007) (0.008) (0.005) (0.006) (0.009)
Constant  -1.586" -1.297 -1.734° -1.408" -1.2814 -1.638"
(0.070) (0.077) (0.087) (0.060) (0.078) (0.097)
R? 0.099 0.050 0.093 0.026 0.030 0.020
Obs. 576 369 207 576 369 207
Countries 64 41 23 64 41 23
O¢ N N N N N N

Notes: Robust standard errors in parentheses. a, b and c are 1, 5, and 10 percent significance levels respectively.
Dependent variable is the Gini coefficient of yearly earnings

t):?

c—1 c—1 1, Hi

wh,
In(LHey — ~ 21
n( w0, ) - Yo+ - Tt o n( L (6)

t

where ¢ is the elasticity of substitution between high-skilled and low-skilled labor, H refers
to the share of the population aged 25 and over with tertiary education, and L is the share
of the population aged 25 and over with primary schooling.!°

The results displayed in Table 2 suggest that SBTC could have offset the effect of the
fall in human capital inequality over time. Column (1) shows the relative supply H/L en-
ters with the correct sign; a higher relative share of the population with tertiary education
is related to less earnings inequality. The elasticity of substitution between the population
with tertiary education and those with primary schooling is about 10.1 (¢ = 1/0.099). On
the demand side, the coefficient of the time trend is positive, statistically significant and
equal to 0.031, that is, earning inequality has increased by an average of 0.62 percent each
year. The results hold in the less developed countries, in the advanced economies, and in
the specification that controls for country fixed effects.

° In the literature it is commonly assumed that there is a log-linear increase in the demand for skills over time

coming from technology, captured as follows:

A
In( A*H’t )= +mt
Lt

10 We proxy the earning gap or skill premium, that is, the wage ratio of skilled to unskilled workers, with the

Gini coefficient of earnings.
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4.3 Earnings inequality and income inequality

We complete the analysis of the relationship between years of schooling and income in-
equality with an estimation of the contribution of earnings inequality to total income in-
equality.!!

The literature on inequality provides different methods to compute the contribution
of a particular component of income, factor or subgroup of population to income inequal-
ity (see, for example, the review by Cowell and Fiorio, 2011). Here we use the method
proposed by Fei, Ranis, and Kuo (1978) and Pyatt, Chen, and Fei (1980), who decompose
total income inequality in terms of the inequality distributions of its components. In the
case of the Gini coefficient of total income, it can be decomposed as:

Gini(Y Z‘P]R Gini(Y;) (7)

where Gini(Y;) is the Gini coefficient of income source Y}, ¢ is the share of income from
factor j in total income and R; is the rank correlation ratio:

~ Cou(Y}, Fy)
I Cou(Y;, F)

that is, the correlation coefficient between Y; and the ranking of Y, where Ei and Fy are the
cumulative distribution of Y; and Y respectively. The product of the Gini coefficient of Y;
and its rank correlation ratio is usually referred to as the pseudo-Gini coefficient of income
from factor j or the concentration ratio.

According to equation (7), the contribution of the Gini coefficient of earnings to
income inequality is given by

4’witsz‘tGi”i(Wit)

As an example of this approach, Deutsch and Silber (2004) analyze the relationship be-
tween wage inequality and income inequality in a sample of 23 countries between 1983
and 1990. They present empirical evidence that Ry, is close to one, with an average equal to
0.992, ranging from 0.938 in Rwanda to 1.002 in Pakistan. Therefore, differences in the rank
correlation ratio Ry, across countries are relatively minor when it comes to explaining dif-
ferences in the contribution of wage inequality to income inequality. However, although

11 Both Lim and Tang (2008) and Morrison and Murtin (2013) have analyzed the relationship between years

of schooling and the distribution of simulated wages, but not with respect to income inequality. Conversely,
Folvari and van Leeuwen have analyzed the relationship between years of schooling and income inequality,
without estimating a distribution of the Mincerian human capital income, obtaining a (non-inverted) U-curve
from 1950 to 2000. Only when they instrument the Gini coefficient of years of education, taking into account the
effect of the unobserved skill premium, do they find an inverted U-curve from 1950 to 2000.
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wages are the most important source of income, there are significant differences across
countries. The average value of ¢, is 0.542, ranging from 0.105 in Rwanda (where the
most important income source is entrepreneurial income) to 0.940 in Japan. The evidence
also shows that the share of wages is strongly correlated with the log of per capita income
(equal to 0.654) whereas entrepreneurial income exhibits a negative correlation (—0.776).
According to Deutsch and Silber (2004), these correlations and composition effects can ex-
plain the Kuznets curve: the rising section of the curve is mainly the consequence of the
increasing share of wages, whereas the declining section is explained by the decreasing
share of entrepreneurial income and the increasing role played by public transfers, which
more than compensate for the rising contribution of property income inequality. Taking to-
gether the averages values ¢, and Ry, the weight of Gini(W) as a determinant of Gini(Y')
is equal to 0.538 in equation (7).

In our case, we have information on the distribution of earnings for more countries
(62) and years (from 1970 to 2010) than Deutsch and Silber (2004), but not for (/J]- and R;.
To overcome this limitation, we approximate the contribution of Gini(W;,) to Gini(Yj) by
estimating the following equation:

Gini(Yy) = a + B,Gini(W;,) + A Gini(W;,) Inyiy + 6 + uz 8
assuming that

where y;; is per capita income (in deviations from the sample mean). Note that the country
heterogeneity is approximated by Iny;;, as suggested by the results of Deutsch and Silber
(2004).

Although equation (8) gives us an indirect approximation of the contribution of
inequality in years of schooling to income inequality, it should be noted that OLS estimates
of B and A could be biased if the residuals in (8) are correlated with Gini(W;,). This could
be the case if omitted variables (e.g., the Gini coefficients of other sources of incomes)
are correlated with Gini(W;,). Additionally, measurement errors generate a bias towards
zero. Nevertheless, the OLS estimates of  and A in Deutsch and Silber’s (2004) sample
imply that ¢, Ry, = 0.606 on average, which is not statistically different to the true average
weight of 0.538 in the data. This result in a small sample of very heterogeneous countries
suggests that our approach to estimating the contribution of Gini(W;,) to Gini(Yj;) could
be appropriate for a larger sample of countries.

We begin by estimating equation (8) assuming that A; = 0. We allow for time dum-
mies (J;) for each period but impose the same value p for the whole sample, estimating
a value of 0.565 for the coefficient of Gini(W,,), which is highly statistically significant
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(t—ratio equal to 16.3). When we allow for different values of B, for each subperiod be-
tween 1965 and 2010, we observe that estimated values remain relatively stable, slightly
below the average of 0.538 reported for the sample of Deutsch and Silber (2004). When
we include the interaction term with per capita income, we obtain a very similar value
of B (0.543) for the average of Iny;;, again highly statistically significant (t—ratio equal to
14.8).12

Two main conclusions can be drawn from the results of this subsection. First, our
approach produces estimates of the contribution of Gini(W,,) to Gini(Y}) in a large sam-
ple of countries that are quite close to the values obtained by Deutsch and Silber (2004).
Second, the estimated coefficients indicate that approximately each one-point change in
the Gini coefficient of earnings contributes to a half-point change in the Gini coefficient of
income. This effect is statistically significant and economically relevant.

5. Effect of human capital inequality on income inequality through
direct channels

The effect of human capital inequality on income inequality is expected to be exerted pri-

marily through the effect of the former on earnings inequality. However, other channels

could be at work. In this section we explore whether human capital inequality has any

effect on income inequality over and above its effect on earnings inequality.

To do so, we start by analyzing the effect of earnings inequality on income inequal-
ity. As shown in Table 3, earnings inequality has a positive, statistically significant, and
economically meaningful effect on income inequality (column 1). The quantitative effect is
substantial: a one standard deviation increase in earnings inequality (0.110) is associated
with an increment of about 20 percent in the income Gini coefficient (that is, 0.064 percent-
age points), computed as its mean value of 0.316. In column (2), we add the human capital
Gini coefficient in the set of controls. The results reveal that human capital inequality has
a direct effect on income inequality over and above its effect on earnings inequality. The
human capital Gini coefficient is also positive and statistically significant at the 1 percent
level, even when controlling for earnings inequality. The direct effect of human capital
inequality on income inequality is economically meaningful: a one standard deviation in-
crease in the human capital Gini coefficient (0.150) is associated with a 7.7 percent increase
in the income Gini coefficient, evaluated as its mean value of 0.309.

In column (3) we control for some variables related to human capital that can affect
income inequality not only through earnings inequality, but also through other factors.

12 To facilitate the comparisons of the estimated coefficient of G(W*®), we have defined Iny in deviations from

the sample mean. Therefore, the value of f = 0.543 is the coefficient of G(W*) when the normalized value of Iny
is equal to zero.
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Table 3.a

Dependent variable: Income Inequality (Gini¥)

OLS estimates

20

Whole sample Less Developed Advanced
@ @ €] @ ©) (6) @) ®) ©
Gini® 0.5887 0.497" 0.28%" 0.440™ 0.400" 0.2897 0.484" 0.4577 0.270"
(0.035) (0.036) (0.044) (0.051) (0.051) (0.057) (0.051) (0.056) (0.047)
Gini" 0.159*  -0.013 0.127%  -0.040 0.039 0.043
(0.025) (0.031) (0.037) (0.047) (0.047) (0.029)
Redist -0.4617 -0.428° -0.4227
(0.062) (0.094) (0.059)
Fertility 0.0197 0.0197 0.024"
(0.003) (0.005) (0.005)
Openness 0.002 -0.012 -0.034"
(0.005) (0.008) (0.009)
FD -0.015 0.539" 0.018°¢
(0.008) (0.159) (0.011)
Constant  0.179*  0.143%  0.242° 0.269° 0.218"  0.286" 0.172%  0.167° 0.288°
(0.016) (0.017) (0.024) (0.023) (0.032) (0.029) (0.016) (0.016) (0.017)
R? 0.505  0.550  0.652 0314 0.353  0.443 0.385  0.388 0.679
Obs. 448 448 448 261 261 261 187 187 187
Countries 61 61 61 38 38 38 23 23 23
Ot Y Y Y Y Y Y Y Y Y
Notes: OLS Regression. Robust standard errors in parentheses. a, b and care 1,5, and 10 percent significance levels
respectively.

Capital and entrepreneurial incomes as well as taxes and transfers are the other compo-
nents of disposable income. Whereas measures of capital inequality are not readily avail-
able for a large number of countries and periods, measures of taxes and transfers are easier
to obtain. To analyze the role of taxes and transfers, we control for a measure of redistribu-
tion of income, approximated by the difference between the income Gini coefficient before
and after taxes and transfers. In models of political economy, more unequal societies will
demand more redistributive policies (Alesina and Rodrik, 1994; Persson and Tabellini,
1993). If the redistributive policies are implemented, their effect should be a reduction
in income inequality. Since inequality of opportunities is adequately approximated by
inequality in the distribution of education, a society with higher inequality in the distrib-
ution of human capital is likely to demand more rigorous redistributive policies, which at
the same time influence income inequality.

Fertility is another variable highly related to human capital inequality and income
inequality. For example, Moav (2005) develops a model with multiple steady states in
which the dynasties within a country can converge to two alternative equilibria: one is
a poverty trap characterized by high fertility rates, low investment in human capital and
low income, whereas the other is described by low fertility, higher investment in offspring
education and, therefore, higher income.

The relationship between international trade and inequality has been widely ana-
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Table 3.b
Dependent variable: Income Inequality (Gini¥)
Fixed Effects estimates

Whole sample Less Developed Advanced
(1) 2 ) @) ©) (6) @) ®) ©)

Gini® 0.0527 0.076" 0.075" 0.057" 0.085" 0.0807 0.04T 0.046 0.049
(0.018) (0.018) (0.017) (0.021) (0.021) (0.020) (0.041) (0.041) (0.041)

Gini" 0.121*  0.053¢ 0.154°  0.085" 0.083¢ 0.059
(0.022) (0.027) (0.032) (0.035) (0.044) (0.050)

Redist -0.207° -0.235 -0.028
(0.094) (0.177) (0.125)

Fertility 0.010° 0.016* 0.008
(0.002) (0.003) (0.006)
Openness 0.003 0.000 -0.027¢
(0.004) (0.006) (0.015)

FD 0.012 0.036 0.036
(0.019) (0.095) (0.023)

Constant  0.338" 0.2827  0.285° 0379° 0296 03317 02757 02507  0.2527
0.007) (0.012) (0.014)  (0.009) (0.019) (0.017)  (0.010) (0.017)  (0.026)

R? within ~ 0.115  0.179 0224 0.096 0184 0.276 0.197  0.216 0.249
Obs. 448 448 448 261 261 261 187 187 187
Countries 61 61 61 38 38 38 23 23 23

Ot Y Y Y Y Y Y Y Y Y
Notes: Fixed-effects regression. Standard errors in parentheses. a, b and care 1, 5, and 10 percent significance levels
respectively.

lyzed in the literature, with special attention paid to the role of globalization in the rela-
tion between skilled and unskilled workers” wages. According to Hecksher-Ohlin theory,
countries specialize in the production of goods that intensively use the factors of produc-
tion in which they are relatively abundant. Less developed economies, where unskilled
labor is more abundant and cheaper, will specialize in exports of goods that are inten-
sive in unskilled labor. The increase in the demand for unskilled labor will raise unskilled
wages relative to skilled wages, reducing income inequality. In richer economies, glob-
alization could increase income inequality, since it will increase the relative demand for
skilled labor. The evidence, however, does not show that globalization is related to a re-
duction in income inequality in less developed countries (Goldberg and Pavenic, 2007). In
fact, the effect of globalization on income inequality remains a topic of debate in the liter-
ature. Epifani and Gancia (2008) show that increases in market size, proxied by measures
of country size and trade openness, lead to higher returns to education, skill premia and
income inequality. Jaumote et al. (2013), however, find that trade globalization is associ-
ated with a reduction in income inequality, whereas financial globalization is associated
with an increase in inequality.!

In column (3) we include measures of redistribution, fertility, trade openness and

13 We also tried including other variables, such as measures of democracy and the quality of institutions, prox-
ied by polityiv, but the coefficients of these variables were not statistically significant in any specification.
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financial globalization in the set of controls.'* As expected, greater redistribution is con-
ducive to a reduction in income inequality. The coefficient of redistribution through taxes
and transfers is negative and statistically significant at the 1 percent level. Also as ex-
pected, results indicate that higher fertility is associated with higher income inequality.
The coefficient of fertility is positive and statistically significant at the 1 percent level.
These results are robust across samples and hold in the fixed-effects specification as well,
as shown in Table 3. Conversely, in line with the literature, the relationship between glob-
alization and income inequality is not conclusive. Trade and financial globalization seem
to have different effects on income inequality, and the effect differs depending on the level
of development of the countries included in the sample and the econometric specifica-
tion. Nevertheless, there is some evidence suggesting that in advanced economies, trade
openness leads to less income inequality, whereas more financial globalization seems to
be related to higher income inequality. As expected, when we include all the variables in
the set of controls, we observe a marked reduction in the coefficient of the human capital
Gini index, suggesting that these channels could explain some of the influence that human
capital inequality exerts on income inequality.

6. Conclusions

Does a reduction in human capital inequality translate into a reduction in income inequal-
ity? The answer to this question has been a topic of debate in the literature. Whereas
some studies find a positive correlation between the two inequality indicators, other stud-
ies have cast doubt on this result. Differences in the sample, measures of inequality and
econometric techniques could explain some of the discrepancies found in the empirical
literature. This paper addresses the relationship between human capital inequality and
income inequality from a comprehensive perspective and examines the role of earnings
inequality in the interaction between the two indicators.

We start the analysis by exploring the relationship between human capital inequal-
ity and wage inequality, using an improved data set on human capital inequality and
a novel data set on earnings inequality. We find an inverted U-shaped relationship be-
tween these two inequality indicators. On average, the Gini coefficient for labor earnings
inequality reaches its maximum when the share of illiterates is about 40 percent, which
corresponds to an average of 5.5 years of schooling. Nevertheless, we show significant
differences across countries regarding the turning point where the relationship between

14 The results in this section should be interpreted as correlations and not evidence of causal effects. In fact,
some of the channels analyzed are bidirectional. For example, in fertility models with a trade-off between quality
and quantity of children, higher human capital/income inequality is associated with higher differential fertility
among individuals with different human capital/income levels. At the same time, higher differential fertility
among individuals with different levels of schooling will influence the distribution of human capital and income.
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human capital inequality and earnings inequality becomes positive. Thus, a share of il-
literates of around 40 percent is a world average, but not a universal indicator that can
be directly applied to every country. This result is consistent with the hypothesis that in
an economy with two population groups—low and high educational level—a transfer of
workers from the former to the latter raises the inequality of earnings, up to the point
where the high-education-level group reaches a certain share. Our results confirm the in-
verted U-shaped relationship with regard to the share of illiterates.

Along with the development process in dual economies, an additional force that
may blur the relationship between human capital and earnings inequality is skill-biased
technological change. In this vein, we find evidence confirming that, despite the increase
in the relative supply of skilled workers, labor earnings inequality has increased by an
average of 0.62 percent each year in our sample period.

We then estimate the average contribution of earnings inequality to income inequal-
ity. We find that the estimated coefficient of earnings inequality is statistically significant,
relatively stable and economically relevant: approximately each one-point change in the
Gini coefficient of earnings contributes on average to a half-point change in the Gini coef-
ficient for income.

Finally, we show that human capital inequality influences income inequality in
other ways besides its effect through earnings inequality. We find a positive and direct ef-
fect of human capital inequality on income inequality, even when controlling for the Gini
of earnings. Most of the direct effect is explained by channels related to redistributive poli-
cies, fertility, trade openness and financial globalization. Overall, earnings inequality and
the direct channels explain about 65 percent of the variation in income inequality. The re-
maining 35 percent could be explained by other forces that have driven income inequality
upwards.

The evidence presented in this paper is highly relevant for development policies.
Many governments have made major efforts to eradicate illiteracy rates, but these policies
have not been accompanied by a more even distribution of income, due to the presence of
different offsetting forces. However, this evidence does not imply that educational policies
have failed to reduce poverty or improve the earnings and standard of living of hundreds
of millions through better education. On the contrary, eradicating illiteracy and ensuring
the completion of primary schooling are necessary conditions for the subsequent improve-
ment in per capita income and inequality, showing that there is no trade-off between them.
Better education is crucial in order to increase average earnings per worker, to avoid the
negative effects of skill-biased technological change and to offset other driving forces that
may contribute to greater income inequality.
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8. Online Appendix Al. The duration of levels of education
Barro and Lee (2013) provide data on total average years of schooling (TYR). Years of ed-
ucation are available for different levels of schooling, namely primary (PYR), secondary
(SYR) and tertiary (HYR) education. The dataset also provides information on the highest
level attained, disaggregated into total and complete levels. For example, for the popu-
lation aged 15 years and over, the attainment levels include the share of population with
total primary (PRI), primary completed (PRIC), total secondary (SEC), secondary com-
pleted (SECC), tertiary (HIGH), and tertiary completed (HIGHC). We compute incom-
plete attainment levels by subtracting the complete value from the total attainment in each
educational level.

The calculation of the Gini coefficient requires the duration of each level of educa-
tion (x;). We use Barro and Lee’s (2013) data set to compute duration as follows:

HYR = DURH * HIGH (10)
HYR
DURH =tz (11)

where DURH stands for the duration in years of tertiary education. Expression (10) can
be disaggregated into complete and incomplete education. Thus, the average years of
schooling of tertiary education can be rewritten in terms of both levels of education:

HYR = DURH™¢ « HIGH™® + DURH® « HIGH® (12)

where the superscripts INC and C account for incomplete and complete education respec-
tively. As we do not have information on the duration of each level, we assume the dura-
tion of incomplete levels to be half that of the corresponding complete level of schooling.
Rearranging the above expressions gives the duration of completed tertiary education,

HYR

DURH® = 13
[HIGHINC /2] + HIGHC (13

A similar procedure is used to compute the duration of secondary education
DURs = 2R (14)

SEC+ HIGH
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SYR

DURS® = 15
[SECINC /2] 4 [SECE + HIGH] (15
and primary schooling
PYR
DURP = 1
u PRI+ SEC + HIGH (16)
DURPC = PYR (17)

[PRI'NC /2] + [PRIC + SEC + HIGH]

The additional information provided by the larger number of educational levels
makes the new Gini coefficient more precise than previous versions.

9. Online Appendix A2. Summary statistics of human capital and
income Gini coefficients

Table A.1 shows the summary statistics for the average human capital Gini coefficient for
some regions. The data show that the group of countries with the largest human capital
inequality is South Asia, with an average human capital Gini coefficient equal to 0.676,
followed by Sub-Saharan African (SSA) countries (average Ginill equal to 0.663), and the
Middle East and the North African (MENA) region (average Gini" equal to 0.615). At the
other end, the Eastern European and Central Asian countries (EECA) and the advanced
economies are the regions where the average years of schooling are most evenly distrib-
uted. Lying in between these extremes, the Latin American and Caribbean countries (LAC)
and the East Asian and the Pacific region (EAP) have average Gini coefficients of 0.421 and
0.452, respectively.
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Table A.2
Summary Statistics
Countries  Gini" _ Ginilgey  Ginil . Gin¥¥  Ginilgey  GiniJys
World 75 0352 0454 0243 0373 0.381 0.379
Advanced 22 0212 0.233 0.160 0294  0.307 0.308
East Asia and the Pacific 9 0341 0.524 0.225 0377  0.397 0.382
Europe and Central Asia 6 0.139 0.181 0.085  0.247 0.241 0.293
Latin America and the Caribbean 15 0.300 0.388 0.214 0470 0.481 0.463
Middle East and North Africa 7 0582  0.794 0.358  0.395 0.397 0.384
South Asia 4 0578  0.698 0411 0330  0.321 0.371
Sub-Saharan Africa 12 0577  0.744 0399 0478 0461 0.448

As explained in the main text, we measure income inequality through the net in-
come Gini coefficient taken from the Standardized World Income Inequality Database
(SWIID), version SWIID v8.1, which uses a custom missing-data algorithm to standard-
ize WIID from the LIS data set. The data include 96 countries with observations from
1985 to 2010. Table A. 2 displays the mean values of the income and human capital Gini
coefficients for several regions in the world.
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