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1. Introduction

The relationship between aggregate output and the distribution of income is an important topic in
macroeconomics. The effect that income inequality has on economic growth has recently received
also quite a bit of attention in policy circles. To speak to those debates, this paper provides estimates
of the relationship between income inequality and GDP per capita for different levels of countries'
initial incomes.

Economic theory suggests that inequality affects aggregate output and that the effects differ
between rich and poor countries. Galor and Zeira (1993) proposed a model with credit market
imperfections and indivisibilities in human capital investment to show that inequality affects
aggregate output in the short run as well as in the long run. The Galor and Zeira model predicts that
the effect of inequality differs across countries and time depending on initial wealth. Motivated by
that theoretical work, we estimate a panel data model that includes a measure of income inequality
(the income Gini) and an interaction term between that variable and countries' initial GDP per
capita.

Estimates of the panel model show that differences in initial incomes have a substantial
effect on the relationship between income inequality and GDP per capita. At an initial income of
1000USD (below which countries are classified according to the World Bank as Low Income
Countries) the predicted effect of a 1 percentage point increase in the Gini coefficient on the long-
run level of GDP per capita is around 4 percent. At an initial income of 12000USD (above which
countries are classified according to the World Bank as High Income Countries) a 1 percentage
point increase in the Gini decreases the long-run level of GDP per capita by around 6 percent. The
estimates from the model thus show that in Low Income Countries income inequality is positively
correlated with transitional GDP per capita growth; in High Income Countries income inequality
and growth are negatively correlated.

According to the instrumental variables estimates, the threshold above which inequality has



a negative effect on GDP per capita is at an initial income of around 3000USD. The higher the
initial income above the 3000USD threshold, the more negative is the effect of inequality on
transitional growth and the long-run level of GDP per capita. For the median country in the world,
with a year 2015 PPP GDP per capita of around 10000USD, inequality has a significant negative
effect on transitional growth: a 1 percentage point increase in the Gini decreases GDP per capita
growth over a 5-year period by over 1 percentage point; the long-run effect on the level of GDP per
capita is around -5 percent.

Additional evidence that our empirical results are consistent with the Galor and Zeira (1993)
model comes from the relationship between inequality and human capital. Panel model estimates
show that the relationship between income inequality and human capital is significantly decreasing
in countries' initial incomes. In poor countries income inequality and human capital are
significantly positively correlated. In rich countries the relationship between income inequality and
human capital is negative.

Identification of the causal effect of income inequality on aggregate output is complicated
by the endogeneity of the former variable. Income inequality may be affected by countries' GDP per
capita as well as other variables related to deep-rooted differences in countries' geography and
history. We address this issue by estimating a panel model with country and time fixed effects. We
instrument income inequality with the residual variation in income inequality that is not due to GDP
per capita. In order to obtain that residual variation, we build on the work of Brueckner et al. (2015)
who provide estimates of the causal effect that GDP per capita has on the Gini. Using the residual
variation in income inequality that is not due to GDP per capita as an instrument for inequality
means that we use a zero covariance restriction to identify the effect of inequality on GDP per
capita in a simultaneous equation model where inequality affects GDP per capita and vice versa.'

The zero covariance restriction generates an instrument for inequality. We document that this

1 See Hausman et al. (1987) for econometric theory of identifying simultaneous equation models with zero covariance
restrictions.



instrument has a highly significant first stage effect.

In the IV approach identification of a causal effect of inequality on GDP per capita requires
that the instrument is uncorrelated with the second-stage error term. If there are time-varying
variables that directly affect GDP per capita and income inequality, then an instrumental variables
approach that uses the residual variation in inequality that is not due to GDP per capita yields
inconsistent estimates. The sign of the bias arising from omitted variables is difficult to pin down.
To partially address omitted variables bias, we document that our IV estimates are robust to
controlling for a set of time-varying variables that have been used as controls in the empirical
literature on growth and inequality. We also show that overidentification tests fail to reject the
hypothesis that the instrument is uncorrelated with the second-stage residual.

It may be the case that our IV estimates only reflect a correlation between inequality and
GDP per capita and not a causal effect of the former variable on the latter. That correlation is
interesting, and a novel contribution to the literature, as it says something about how transitional
growth is related to inequality that is not due to variation in countries' average incomes. Our
instrumental variables approach has the objective to ensure that estimates are not biased due to
reverse causality running from higher GDP per capita to less inequality as suggested by the model
of Galor and Zeira (1993). The IV approach is not suited to provide an estimate of a causal effect of
inequality on GDP per capita in a richer model where the distribution of income is driven by social
policies, changes in tax policy, changes in trade policy, or changes in immigration policy — all of
which may directly affect economic growth and are hard to measure in a cross-country time-series
context.

The rest of the paper is organized as follows. Section 2 reviews related literature and
clarifies the contribution of the paper to the literature. Section 3 describes the data. Section 4

presents the econometric model. Section 5 discusses the empirical results. Section 6 concludes.



2. Contribution to Literature

This paper makes two contributions to the empirical literature on inequality and growth, one is
conceptual, the other is methodological. The conceptual contribution is to examine how the effect of
inequality on transitional growth differs depending on countries' initial incomes. For that purpose,
an econometric model is specified and estimated that includes an interaction term between
inequality and initial income. This is an important contribution. First, the estimates from the model
enable to compare estimates for specific countries, such as the United States, with estimates based
on cross-country time series data. Second, the econometric model enables to test the theoretical
model of Galor and Zeira (1993). The theoretical model of Galor and Zeira predicts that the effect

of inequality on transitional growth differs depending on the average wealth in the economy.

Two papers that estimate effects of inequality on growth and education for the United States
are Panizza (2002) and Galor et al. (2008). Panizza (2002) uses state-level panel data for the United
States during 1940-1980. His GMM estimates show a significant negative effect of the Gini on
transitional GDP per capita growth. Specifically, column (9) of Table 7 in Panizza shows that a 1
percentage point increase in the Gini decreases GDP per capita growth by around 4 percentage
points. In order to compare that result to the estimates of this paper, one needs information on the
average income of the United States during the sample period analysed by Panizza. According to
the World Development Indicators (2017) the United States had in 1960 (the mid-point of Panizza's
sample period) a GDP per capita of around 17000USD; equal to around 9.7 logs. According to the
estimates shown in Table 4 of this paper -- for an initial income equal to 9.7 logs -- the effect of a
one percentage point increase in the Gini on GDP per capita growth over a five-year period is

around -2 percentage points.

Galor et al. (2008) estimate the effect of land inequality on education expenditures for the
United States during 1880-1950. Instrumenting land inequality with the interaction between

nationwide changes in the relative prices of agricultural crops and variation in climatic



characteristics across states, the authors find that inequality had on average a significant negative
effect on education expenditures. According to Maddison (2013), the GDP per capita of the United
States at the beginning of the 20" century was around 5000USD. Using a value of the natural
logarithmn of 5000USD (8.7) and plugging this into the estimates shown in Appendix Table 12 of
this paper, one obtains a significant negative effect of inequality on education: a one percentage
point increase in the net (market) Gini reduces the average years of schooling in the population by
around 0.2 (0.1) years.

The estimates of this paper's econometric model that includes an interaction between
inequality and initial income are consistent with Galor et al. (2008) and Panizza (2002): For a High
Income Country like the United States, this paper's estimates show that there is a significant
negative effect of inequality on transitional GDP per capita growth and education.

Forbes (2000) was the first paper in the literature to estimate an effect of inequality on
transitional GDP per capita growth using a dynamic panel model that includes country fixed effects.
Her sample spanned the period 1966-1995 and covered 45 countries. Forbes found that inequality
has a significant positive effect on transitional GDP per capita growth. The estimates in her paper,
see column (1) of Table 3, show that the level of GDP per capita is around 5 percent higher in the
long run due to a one percentage point increase in the Gini coefficient.”? Using our instrumental
variables approach and a model specification that does not include an interaction term between the
Gini and initial income (as in Forbes), we find that the estimated coefficient on the Gini is positive
and significantly different from zero. Instrumental variables estimates of a model which restricts the
effect of inequality on GDP per capita to be the same across countries' initial incomes show that the
level of GDP per capita is around 6 percent higher in the long run due to a one percentage point

increase in the Gini coefficient.

2 The long-run effect is calculated as 0.0036/0.076=0.047 (see column (1) of Table 3 in Forbes). The relevant equation
is Iny=ylny.,+ BInequality.; see equation (2) in Forbes where control variables have been left out to simplify. The
equation can be rewritten as Alny=xlny.,+ fInequality.,, where k=(y-1). Because |y|<l, a permanent increase in
inequality has a permanent effect on the level of GDP per capita. This follows from solving the first-order difference
equation and differentiating with respect to inequality, i.e. Oln(y)/0lnequality=P/(1-y)= B/-x.
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Forbes also reported estimates for different income groups (e.g. below and above $1000,
$3000, $6000, respectively). Only in the group of countries below the specified threshold (i.e. the
low-income group) is there a significant positive effect of inequality on transitional growth; in the
group of countries above the specified threshold the effect is insignificant. Forbes's finding that
inequality has a positive effect on transitional growth in poor countries is qualitatively the same as
in our paper. What Forbes's analysis does not show is the effect of inequality on growth at relatively
high levels of income. The advantage of our model that includes an interaction between inequality
and initial income is that this model examines the effect of inequality on transitional growth for
various levels of initial income. This matters as we find that for high levels of initial income, such
as for example those of OECD countries, inequality has a statistically significant and quantitatively

large negative effect on transitional growth.

The paper's methodological contribution is to propose an instrument for inequality that is
strong in the econometric sense, i.e. it has a highly significant first-stage effect. The first stages in
the IV regressions yield Kleibergen Paap F-statistics that are well in excess of 10; Staiger and Stock
(1997) proposed a first-stage F-statistic of 10 as a rule-of-thumb below which instruments are
declared weak. A number of recent papers (Castello-Climent (2010); Halter et al. (2014); Ostry et al.
(2014); and Dabla-Norris et al. (2015)) have estimated effects of inequality on GDP per capita using
lags as instruments. Kraay (2016) examines instrument strength and finds that the IV estimates
reported in those papers suffer from weak instrument bias; i.e. the first-stage F-statistics are
substantially below 10. IV estimates based on weak instruments are biased towards least squares
estimates (Bound et al., 1995). We show that the least squares estimate of the relationship between
transitional GDP per capita growth and inequality yields a negative coefficient. Thus, least squares
estimation suggests that the effect of income inequality on transitional GDP per capita is negative.
This is the same result as obtained by recent papers that use lags as instruments. On the other hand,

our instrumental variables approach that uses as instrument the residual variation in inequality that



is not affected by GDP per capita yields a positive coefficient on inequality.

3. Data

Income Inequality. Our main indicator of income inequality is the Gini. This variable measures the
area between the Lorenz curve and a hypothetical line of absolute equality. In the empirical analysis
we use two different Ginis from the Standardized World Income Inequality Database (Solt, 2015):
(1) the market Gini that measures inequality in pre-tax, pre-transfer income; (ii) the net Gini that
measures inequality in post-tax, post-transfer income. These data are available from 1960 onward.
As a robustness check, we will present estimates that are based on Gini data from the World
Development Indicators (2017), available from 1980 onwards, and Gini data of Brueckner et al.
(2015), available from 1960 onwards.’

Other Data. Data on real GDP per capita, investment, and the relative price of investment are from
the Penn World Tables (Heston et al., 2012). Data on the share of population ages 15 years and
above with tertiary education, the share of population ages 15 years and above with secondary
education, and average years of schooling are from Barro and Lee (2010). Descriptive statistics for

the above variables are provided in Appendix Table 1.

4. Estimation Framework
The baseline econometric model is:
(1) In(y)i - In(y)i1 = ai + b + 6,Inequality; + 0.Inequality;*In(yi.1) + @In(y)i1 + Ui

where In(y); stands for the natural logarithmn of real GDP per capita in country i and period t;

3 Brueckner et al.'s (2015) primary data source is the UN-WIDER World Income Inequality Database. The authors
filtered the data to drop low-quality observations. The data were supplemented with data from the World Bank’s
POVCALNET database for developing countries. To ensure comparability between the two data sources, Brueckner
et al. made adjustments to the data sets for individual countries so that the income shares consistently correspond to
those of a consumption (or income) survey. The authors then identified and dropped duplicates; eliminated duplicate
survey-years with inferior quality data from the WIID; eliminated survey-years for which no extra information
(consumption/income; etc.) is available as well as survey-years for which the income shares add up to less than 99
or more than 101 percent. The authors then aggregated the inequality data to the 5-year level by taking a simple
average of the observed annual observations over five years. In the regression analysis only countries are included
for which inequality data are available for at least two or more consecutive 5-year intervals.
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Inequality; is the Gini in country i and period t minus the sample average Gini; a; are country fixed
effects; b, are time fixed effects; u; is an error term. We note that this equation can be re-written as:
(1" In(y)i = ai + b, + 0,Inequality; + 0,Inequality;*In(yi.1) H(1+@)In(y)i1 + ui

We estimate equation (1') with 5-year non-overlapping panel data. The parameter ¢
measures the convergence rate over a 5-year period. The contemporaneous effect of the Gini on the
natural logarithmn of GDP per capita is measured by 0,+0,*In(yi.1). If ¢ is significantly negative, so
that 1+¢ is below unity in absolute value (i.e. there is convergence), then, at sample average Gini,
the long-run effect of the Gini on the level of GDP per capita is given by (6,+0,*In(yi.1))/-¢.

An important issue in the estimation of equation (1°) is the endogeneity of inequality to
GDP per capita. Brueckner et al. (2015) use an instrumental variables approach to identify the effect
of GDP per capita on inequality. Their instrumental variables for GDP per capita are trade-weighted
world income and the interaction between the international oil price and countries' net-export shares
of oil in GDP. Specification tests reported by the authors indicate that these are valid instruments.
According to Brueckner et al. (2015) within-country variations in GDP per capita have a significant
negative effect on income inequality. That is, in the equation below, a is negative:
(2) Inequality;, = e; + f; + aln(y)i + &
The negative coefficient on GDP per capita is consistent with the model of Galor and Zeira (1993).

If a is negative in equation (2) then the least squares estimate of 8 in equation (1) is
downward biased. That is, least squares estimation is biased towards finding a negative effect of
income inequality on GDP per capita. We note that instrumental variables estimates based on weak
instruments suffer from a similar bias (Bound et al., 1995).

In order to correct for reverse causality bias of 0 in the estimation of equation (1”) we use the
residual variation in inequality that is not due to GDP per capita: Z; = Inequality; - aln(y).* Using Z

as an instrument for inequality ensures that the estimated 6 is not subject to reverse causality bias.

4 An analogous instrumental variables strategy has been used in the macro literature on fiscal policy, see e.g.
Blanchard and Perotti (2002) or Fatas and Mihov (2003). Brueckner (2013) applies this instrumental variables
strategy to estimating the effect of foreign aid on economic growth.
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In our baseline model we instrument both Inequality; and Inequalityi*Inyi.;. The instruments are
Zi; and Zi*Inyi.,. There are two first stages, two endogenous variables, and two instruments.
Appendix Table 2 shows that Inequality;*Inyi.; is not significantly affected by Iny;. We will
therefore present also estimates of a model where there is only one endogenous variable

(Inequalityi) and one instrument (Z;); in that model Inequality;*Inyi. is not instrumented.

S. Results

5.1 Model Without Interaction between Inequality and Initial Income

In this section we discuss instrumental variables estimates of econometric models that do not
include an interaction between inequality and initial income. We report these results to compare
them with the existing literature, discussed in Section 2, that has estimated models in which the
effect of inequality on GDP per capita is restricted to be the same across countries' initial incomes.

Table 1 presents estimates of an econometric model where lagged GDP per capita, the Gini
coefficient, and country and time fixed effects are on the right-hand side of the equation; the
interaction between inequality and initial income, Inequality;*Iny;.i, is not part of the model. As can
be seen from Table 1, the estimated coefficient on the Gini is positive. One can reject the hypothesis
that the estimated coefficient on inequality is equal to zero at the 1 percent significance level.
Quantitatively the estimated coefficient on inequality is around 1.2. This is the case for the market
Gini and for the net Gini; it holds in the sample that includes transition countries as well as in a
sample that excludes these countries.

The interpretation of the estimates shown in Table 1 is that inequality has a significant
positive effect on transitional growth. Over a five year period, a one percentage point increase in the
Gini raises GDP per capita growth by over 1 percentage point. Since the AR(1) coefficient on GDP
per capita is significantly below unity, a permanent increase in the Gini has a significant effect on

transitional growth; and a long-run effect on the level of GDP per capita.” The long-run effect of an

5 We performed a panel unit root test, using the xtfisher command in STATA, and were able to reject the null
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increase in the Gini on GDP per capita is positive. A one percentage point increase in the Gini
increases GDP per capita by around 6 percent in the long run. The long-run effect is significantly
different from zero at the 1 percent significance level.

The bottom panel of Table 1 shows the first stage estimates. As can be seen residual
inequality has a positive effect on inequality.® The effect is significantly different from zero at the 1
percent level. The Kleibergen Paap F-statistics are well above the critical values tabulated in Stock
and Yogo (2005) for instruments to be declared weak. That is, we can reject at the 5 percent
significance level the hypothesis that the IV size distortion is larger than 10 percent.

Table 2 reports estimates of a model that is estimated in first differences.” The estimated
coefficient on the change in the Gini is positive. The null that this estimated coefficient is equal to
zero can be rejected at the 1 percent significance level. This is case for both the market Gini and the
net Gini. The estimated coefficient on the change in the market Gini is around 1.6; for the net Gini it
is around 1.5. Instrumental variables estimates of a model specified in first differences thus show a
similar contemporaneous effect of inequality on GDP per capita as a model specified in levels.

Table 3 shows estimates of a model that does not include the lagged dependent variable on
the right-hand side. Instrumental variables estimation of the static panel model yields coefficients
on the Gini that are positive and significantly different from zero at the 1 percent significance level.
The estimated coefficient on the market Gini is around 4.1 in the sample that includes transition
countries and around 4.4 in the sample that excludes these countries. For the net Gini the estimated
coefficient is around 4.3 in the sample that includes transition countries and around 4.4 in the
sample that excludes these countries. These coefficients are of the same sign as in Table 1 and larger
in size. The larger size is expected because of positive serial correlation in GDP per capita.

Appendix Table 3 shows estimates of a model that includes lags of inequality on the right-

hypothesis of a unit root in the level of log GDP per capita at the 1 percent significance level; both for a model with
trend and for a model with drift.

6 Appendix Figure 1 plots the bivariate relationship between inequality and residual inequality for the different Ginis
used in the estimates shown in Table 1.

7 First-differencing eliminates information contained in the level of the series; first differencing also implies that the
country fixed effects drop out.
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hand side of the equation. In the instrumental variables regression of column (1) inequality in period
t, t-1 and t-2 is instrumented with residual inequality in period t, t-1, and t-2. The IV coefficients on
inequality in period t and t-2 are positive and significantly different from zero at the 5 percent level,
the IV coefficient on period t-1 inequality is positive but not significantly different from zero at the
conventional significance levels. The sum of coefficients on period t to t-2 inequality is around 2.7
and has a standard error of 0.8. The cumulative effect over 15 years (period t to t-2) is thus positive;
and one can reject that the cumulative effect is equal to zero at the 1 percent significance level. The
Kleibergen Paap F-statistic that summarizes the strength of the instruments in the first-stages is
around 936. According to the tabulations of Stock and Yogo (2005) one can reject the hypothesis
that the IV size distortion is larger than 10 percent at the 5 percent significance level.

For comparison, column (2) of Appendix Table 3 reports least squares estimates. The least
squares estimates show negative coefficients on period t and t-1 inequality; the coefficient on period
t-2 inequality is positive. Only for the period t-1 effect can one reject the hypothesis that this
coefficient is equal to zero at the 5 percent significance level. The coefficients on period t and t-2
inequality are not significantly different from zero at the conventional significance levels. An F-test
on the hypothesis that the coefficients on inequality in period t, t-1, and t-2 are jointly equal to zero
yields a p-value equal to 0.02. The sum of coefficients on period t, t-1, and t-2 inequality is equal to
-0.75 and has a standard error of around 0.49. The negative least squares coefficients on inequality
can be explained by negative reverse causality bias: as GDP per capita in the economy increases
inequality decreases (as predicted by the model of Galor and Zeira, 1993; and shown empirically in

Brueckner et al., 2015).

5.2 Model With Interaction Between Inequality and Initial Income
Table 4 presents instrumental variables estimates of the econometric model specified in equation (1)

that includes an interaction between inequality and initial income. The estimated coefficient on
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inequality; is positive and significantly different from zero at the conventional significance levels.
The estimated coefficient on inequality; *In(yi.1) is negative and significantly different from zero at
the conventional significance levels. The negative coefficient on inequality; *In(yi.1) means that the
relationship between GDP per capita and inequality is decreasing in countries' initial income. An F-
test on the hypothesis that the coefficients on inequality;; and inequality; *In(yi.1) are jointly equal to
zero yields a p-value of below 0.01.

Figure 1 shows how the effect of the Gini on GDP per capita varies across sample values of
initial income. As can be seen from the figure for low values of initial income the effect of income
inequality on GDP per capita is positive while for high values of initial income it is negative. The
threshold above which inequality has a negative effect on GDP per capita is at around 8 logs of
initial income (equivalent to about 3000USD).

According to the World Development Indicators, the median country in the world had a year
2015 PPP GDP per capita of around 10000USD (9.2 logs). According to the estimates shown in
Table 4, at an initial income of 10000USD, the predicted effect of an increase in income inequality
on transitional growth is negative. Specifically, the estimates in column (1) of Table 4 show that at
an initial income of 10000USD a 1 percentage point increase in the market Gini decreases GDP per
capita growth over a 5-year period by around 1.6 percentage point; the long-run (cumulative) effect
on the level of GDP per capita is around -5 percent. For the net Gini, see column (2) of Table 4, the
long-run effect is around -4 percent.

For Low Income Countries, the estimates in Table 4 show that an increase in income
inequality has a significant positive effect on transitional growth. Consider, for example, a country
with an initial income of 1000USD. At an initial income of 1000USD (6.9 logs) a 1 percentage
point increase in the Gini increases GDP per capita growth over a 5-year period by around 1
percentage points; the long-run effect on the level of GDP per capita is around 4 percent.

For High Income Countries, the estimates in Table 4 show that an increase in income

13



inequality has a significant negative effect on transitional growth. Consider, for example, a country
with an initial income of 50000USD. At an initial income of 50000USD (10.8 logs) a 1 percentage
point increase in the market Gini decreases GDP per capita growth over a 5-year period by around 4
percentage points; the long-run effect on the level of GDP per capita is around -12 percent.

It is noteworthy that, qualitatively, the instrumental variables estimates (reported in Table 4)
and least squares estimates (reported in Table 5) show the same result. The estimated coefficients on
inequality; are positive and significantly different from zero at the 1 percent significance level; the
coefficients on inequality; *In(yi.) are negative and significantly different from zero at the 1 percent
significance level. Quantitatively, the IV coefficient on inequality is larger than the LS coefficient.
An explanation for why the IV coefficient on inequality is larger than the LS coefficient is negative
reverse causality bias: inequality decreases as GDP per capita increases.

The IV estimates shown in Table 4 are based on a strong instrument set. The Kleibergen
Paap F-statistics are in excess of 10. According to the tabulations provided in Stock and Yogo
(2005), one can reject that the IV size distortion is larger than 10 percent at the 5 percent
significance level. Appendix Table 4 shows estimates where only inequality; is instrumented. This
yields coefficients on inequality; and inequality; *In(yi.1) that are of the same sign as in Table 4
where both inequality; and inequality; *In(yi.1) are instrumented. In Appendix Table 4 the size of
the coefficients on inequality;; and inequality; *In(yi.1) is somewhat larger than in Table 4. The
standard errors are smaller in Appendix Table 4 than in Table 4; and this is expected since there is
only one endogenous variable in Appendix Table 4 while there are two endogenous variables in
Table 4. In Appendix Table 4 the Kleibergen Paap F-statistic is more than 10 times the size of the
Kleibergen Paap F-statistic in Table 4.

Table 6 presents difference-GMM estimates. Difference-GMM estimation yields coefficients
on Ainequality; and Ainequality; *In(yi.1) that are of the same sign as the baseline estimates shown

in Table 4. The coefficient on Ainequality; is positive and significantly different from zero at the 1
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percent significance level. The coefficient on Ainequality; *In(yi.1) is negative and significantly
different from zero at the 1 percent signifcance level. Autocorrelation tests show that the model is
correctly specified: there is significant first-order serial correlation (p-value below 0.01); but no
significant second-order serial correlation (p-value above 0.1). The Hansen J tests yield p-values
above 0.1. Hence, one cannot reject the hypothesis that the instruments are valid at the conventional
significance levels.

In columns (1) and (4) of Table 7, we report two-stage least squares estimates that use a
time-varying instrument for inequality that was developed by Scholl and Klasen (2016). Scholl and
Klasen's instrument is the interaction between the ratio of wheat to sugar production (following
Easterly's, 2007, cross-sectional study) and the lagged oil price. Column (1) of Table 7 reports
estimates for the sample that includes transition countries; column (4) reports estimates for the
sample that excludes transition countries. For both samples one can see that the coefficient on
inequality is significantly positive while the coefficient on the interaction between inequality and
initial income is significantly negative. For comparison, we report in columns (2) and (5) of Table 7
IV estimates that use as instrument the residual variation in inequality that is not due to GDP per
capita (and the interaction of that variable with initial income) for the sub-sample for which data are
available on the interaction between the wheat-sugar ratio and the lagged oil price.

One can see from Table 7 that IV estimation based on the Klasen and Scholl instrument
yields coefficients on inequality (and the interaction between inequality and initial income) that are
of similar size as the coefficients produced by instrumental variables estimation that uses the
residual variation in inequality that is not due to GDP per capita. For example, in column (4) the IV
coefficient on inequality (inequality*initial income) is around 9.2 (-1.2); in column (5) it is 9.1 (-
1.1).

In columns (3) and (6) of Table 7 we report IV estimates that use both instruments (and their

interactions with initial income), i.e. the Klasen and Scholl instrument and the residual variation in
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the Gini that is not due to GDP per capita. With four instruments and two endogenous variables the
model is overidentified and we can compute the Hansen J test. The p-value from the Hansen test is

above 0.1. Hence, the Hansen test does not reject instrument validity.

5.3 Robustness

5.3.1 Additional Controls

Appendix Table 6 presents estimates of a model that includes additional time-varying variables as
controls on the right-hand side of equation (1'). The empirical literature on inequality and growth
that estimates panel models with fixed effects includes only a few time-varying control variables.
Forbes (2000), for example, includes as controls years of schooling and the relative price of
investment. More recent papers follow that tradition. Halter et al. (2014) includes the same set of
control variables as Forbes in the baseline. In a robustness check, Halter et al. (2014) includes as
additional control variables the investment rate and population growth. Following that literature,
Appendix Table 6 shows estimates of a model that includes average years of schooling, the
investment rate, population growth, and the relative price of investment. The model also includes
trade-weighted world income and the oil price shocks variable to control for external shocks. As can
be seen from Appendix Table 6, the estimated coefficients on inequality; and inequality; *In(yi.,) are
significantly different from zero at the 1 percent significance levels. Quantitatively, the estimated
coefficients on inequality; and inequality; *In(yi.,) are similar to the baseline estimates shown in

Table 4.

5.3.2 Interaction Inequality and Income in 1970
Appendix Table 7 presents instrumental variables estimates of equation (1') where inequality is

interacted with GDP per capita in 1970.% For the time period analysed, most of the variation in

8 For the subsequent analysis the sample is restricted to the 1970-2010 period; i.e. income in 1970 is the income at the
beginning of the sampe period.
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national incomes comes from the cross-section of countries. One would therefore expect similar
results if the estimated model includes an interaction term constructed as inequality times income in
1970 (instead of inequality times income in period t-1). Panel A of Appendix Table 7 shows that this
is indeed the case. The estimated coefficient on inequality is significantly positive while the
coefficient on the interaction between inequality and income in 1970 is significantly negative.

Panel B of Appendix Table 7 re-estimates the model in first-differences. One can see that this yields

similar results to the estimates of the level specification shown in Panel A.

5.3.3 Static Panel Model

Appendix Table 8 presents estimates from a static panel model where the natural logarithm of GDP
per capita is regressed on inequality and the interaction between inequality and income in 1970.°
The estimates of the static panel model show that the coefficient on inequality is significantly
positive while the coefficient on the interaction between inequality and income in 1970 is
significantly negative. It is noteworthy that the magnitude of the estimated effect that the Gini has
on GDP per capita is similar in the static panel model as the long-run effect that can be computed
from the dynamic panel model. Consider, for example, a country with a 1970 income of around
5000USD (8.5 logs). According to the static panel estimates shown in Appendix Table 8, a one
percentage point increase in the Gini reduces GDP per capita by around 0.2 to 0.5 log points. The
estimates of the dynamic panel model (see Appendix Table 7) showed that a 1 percentage point

increase in the Gini reduces GDP per capita in the long-run by around 0.3 to 0.5 log points.

5.3.4 Model with Lagged Inequality
Appendix Table 9 reports estimates of a model that includes period t and t-1 inequality as well as

the interaction of that variable with income in 1970. As can be seen, the estimated coefficients on

9 Income in 1970 does not show up in Appendix Table 7 because the variable is perfectly collinear with the country
fixed effects.
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period t and t-1 inequality are positive and significantly different from zero at the conventional
significance levels. The estimated coefficients on the interaction between inequality and income in
1970 are significantly negative, both in period t and period t-1. Furthermore, the cumulative effects
(over periods t and t-1) are of similar magnitude as the long-run effect of the dynamic panel model.
Consider, for example, a country with a 1970 income of around 5000USD (8.5 logs). According to
the estimates of Appendix Table 9, the cumulative effect on GDP per capita of a 1 percentage point
increase in the Gini is around -0.2 to -0.5 log points.'” The estimates of the dynamic panel model
(see Appendix Table 7) show that a 1 percentage point increase in the Gini reduces GDP per capita

in the long-run by around 0.3 to 0.5 log points.

5.4 Relation Between Human Capital and Inequality
In the Galor and Zeira (1993) model the mechanism through which inequality affects GDP per
capita is human capital."" The Galor and Zeira (1993) model predicts that the effect of inequality on
human capital is a decreasing function of average income in the economy. In relatively poor
countries, an increase in inequality leads to an increase of the average human capital of the
population. In countries with relatively high average income the opposite is the case.

Table 8 shows estimates of the relationship between income inequality and the share of

population with tertiary education. Panel A contains two-stage least squares estimates. In Panel B

10 The cumulative effect is calculated as the sum of coefficients on period t and t-1 inequality and inequality*In(y 197).
For a country with income of 5000USD in 1970, a value of 8.5 needs to be plugged in for /n(yi97).

11 In the Galor and Zeira model there are: (i) fixed costs to human capital accumulation; (ii) financial market
imperfections. The financial market imperfections arise because of moral hazard, i.e. borrowers can default. A
positive risk of default means that the lending rate exceeds the deposit rate (which is what we observe for all
countries in the sample). Due to the interest rate spread, only children of sufficiently rich parents accumulate human
capital. In economies where average income is high, a reduction in inequality (such that rich families are made a
little bit poorer but can still pay the cost of education) makes some of the relatively poorer families (that before
redistribution were unable to pay the cost of education) send their children to university. This implies that the share
of population ages 15 and above with tertiary education increases when inequality decreases. In economies where
average income is low, a decrease in inequality (such that poor families are made a little bit richer but still cannot
pay the cost of education) prevents some of the relatively richer families (that before redistribution were able to pay
the cost of education) to send their children to university. This implies that the share of population ages 15 and
above with tertiary education decreases when inequality decreases. Hence, inequality and education are positively
related in poor countries but negatively related in rich countries. The same holds for the relationship between
inequality and GDP per capita since in the Galor and Zeira model human capital has a positive effect on aggregate
output.
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least squares estimates are reported. One can see that the estimated coefficients on inequality are
significantly positive while the coefficients on the interaction between inequality and initial income
are significantly negative. This is the case regardless of whether the measure of inequality is the
market Gini or the net Gini; or whether transition countries are part of the sample or excluded from
the sample. The interpretation of these estimates is that the relationship between the Gini and
human capital is significantly decreasing in countries' initial incomes. Noteworthy is that this result
emerges both in two-stage least squares estimation and in least squares estimates.

The two-stage least squares coefficient on inequality is larger than the coefficient on
inequality that is generated by least squares estimation. This suggests that least squares estimation
of the effect that inequality has on human capital suffers from endogeneity bias. The sign of the bias
is negative. A negative bias of least squares estimation is consistent with the Galor and Zeira model:
in that model, higher average income leads to an increase of the average human capital in the
population; as more people accumulate human capital inequality decreases.'? Endogeneity bias
decreases the coefficient on inequality that is obtained by least squares estimation. Two-stage least
squares estimation that uses the residual variation in inequality that is not due to GDP per capita as
an instrument is not subject to this bias.

Table 9 repeats estimation for the sample that excludes high and low values of inequality. In
columns (1) and (2) observations are excluded from the sample that fall within the top 5 percentile
of the Gini. Columns (1) and (2) excludes observations within the bottom 5" percentile of the Gini.
Both two-stage least squares and least squares estimates show that the relationship between human
capital and inequality is decreasing in countries' initial incomes. Two-stage least squares estimation
yields larger coefficients on inequality than least squares estimation.

Table 10 presents two-stage least squares estimates that use as instrument the interaction

between the sugar-wheat ratio and the lagged oil price. One can see that two-stage least squares

12 Brueckner et al. (2015) document that national income -- through its effect on human capital — has a negative impact
on inequality.
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estimation with this alternative instrument yields significant positive coefficients on inequality and
significant negative coefficients on the interaction between inequality and initial income. This is the
case for the largest sample (column (1)) as well as for sub-samples that exclude the top and bottom
5" percentile of the Gini (column (2)) and transition economies (column (3)). Again it is noteworthy
that coefficients on inequality generated by the two-stage least squares estimation are larger than
those generated by least squares estimation.

The main message of these estimates is that the relationship between inequality and human
capital depends on countries' initial incomes: In countries where initial incomes are low inequality
has a significant positive relationship with human capital; in countries with high initial incomes the

relationship between inequality and average human capital of the populatin is negative."

5.5 Further Results
In our working paper version (Brueckner and Lederman, 2015) we present a number of further
results. The first extension is to interact initial (i.e. 1970) average years of schooling with income
inequality. If schooling is a determinant of GDP per capita then one should find similar results to
those in Section 5.3. The second extension is to include in the model an interaction between income
inequality and the GDP share of government expenditures (in addition to an interaction between
schooling and income inequality). This extension allows to answer the question whether initial
cross-country differences in schooling have an effect on the impact that income inequality has on
GDP per capita independent of a relationship between schooling and the size of government.

Table 9 in Brueckner and Lederman (2015) shows estimates of an econometric model where
initial (1970) average years of schooling in the population are interacted with income inequality.

The estimated coefficient (standard error) on the interaction term between average years of

13 In the Appendix we document robustness to including in the model additional control variables (Appendix Table
10); restricting the sample to the 1970-2010 period and using as initial income the GDP per capita of countries in
1970 (Appendix Table 11); using alternative measures of human capital such as average years of schooling of the
population and the share of population with secondary education (Appendix Table 12); including in the model
current and lagged inequality as well as interactions of those variables with initial income (Appendix Table 13).
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schooling and the Gini coefficient is -0.49 (0.09), see column (1). This suggests that the effect of
income inequality on transitional GDP per capita growth is significantly decreasing in countries'
initial level of human capital. The same message is obtained when considering the income quintiles,
see columns (2)-(6).

To illustrate the implied difference in effects, it is useful to consider some specific values of
the average years of schooling in the sample. At the 25th percentile, the average years of schooling
is around 4.2 years. Plugging the value of 4.2 into the estimates shown in column (1) of Table 9
yields a predicted effect of 0.5 with a standard error of 0.2; that is, a one percentage point increase
in the Gini coefficient increases GDP per capita by around 0.5 percent. Consider now the sample
median of average years of schooling. The sample median is around 6.4 years. The predicted
marginal effect (standard error) at the median value of schooling is -0.56 (0.22). It is also instructive
to consider the effect at the 75th percentile. At the 75" percentile the value for average years of
schooling is around 8.6 years. The predicted marginal effect (standard error) is in that case -1.64
(0.39).

Table 10 of Brueckner and Lederman (2015) shows that the interaction between initial years
of schooling and inequality is robust to restricting the sample to: (i) Asia (column (1)); (ii) Latin
America and the Caribbean (column (2)); the pre-1990 period (column (3)); and the post-1990
period (column (4)). As can be seen from Table 10, the coefficient on the Gini coefficient is
significantly positive while the coefficient on the interaction between the Gini coefficient and
schooling is significantly negative.

Table 11 of Brueckner and Lederman (2015) reports estimates from an econometric model
that includes an interaction between income inequality and schooling as well as an interaction
between income inequality and government size (as measured by the GDP share of government
expenditures). The table shows that there is a negative interaction effect between income inequality

and the size of government. Hence, income inequality is less beneficial for transitional GDP per
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capita growth in countries with a high share of government expenditures in GDP. The table also
shows that the interaction between income inequality and schooling remains negative and

significant when controlling for an interaction between income inequality and government size.

5. Conclusion

This paper provided panel estimates of the relationship between income inequality and GDP per
capita. Motivated by the theoretical work of Galor and Zeira (1993), the econometric model
included an interaction between measures of income inequality and countries' initial incomes.
Estimates of the model showed that the relationship between inequality and GDP per capita is
significantly decreasing in countries' initial incomes. Instrumental variables estimates suggest that
inequality has a negative effect on aggregate output for the median country with a 2015 PPP GDP
per capita of around 10000USD. For Low Income Countries, income inequality has a positive effect
on GDP per capita. The paper documented that the relationship between inequality and human
capital is significantly decreasing in countries' initial incomes. Overall, the empirical results provide
support for the hypothesis that income inequality is beneficial for transitional growth in poor

countries but that it is detrimental for growth in high-income economies.
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Figure 1: Effect of Inequality on GDP per capita: The Role of Initial Income
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Note: The figure is based on the estimates shown in column (1) of Table 4. The model is In(y)i = a;
+ b, + 6iInequality; + 0,Inequality;*In(yi.1) +(1+o)In(y)i.1 + i Initial Income = Iny;.;, where y
stands for GDP per capita and /n is the natural logarithm; Inequality is the Gini. The continuous line
is the estimated period t effect of inequality on GDP per capita: él +é2 In(y, ,). The dashed lines
are the 95% confidence bands.
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Appendix Figure 1. Residual Inequality and Inequality
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Table 1. Model Without Interaction Between Inequality and Initial Income

Dependent Variable is:

In(yi)

(M

Inequality Variable is:

Sample:
Inequality; 1.23%%%
(0.14)
ln(yh_l) 0.79%*%*
(0.03)
Residual Inequality;, 0.85%**
(0.02)
Kleibergen Paap F-statistic 2556
Country FE Yes
Time FE Yes
Observations 768

Market Gini

Including Transition Countries

Net Gini

(2) (3) (4)
Market Gini Net Gini

Excluding Transition Countries

1. 18*** 1.24%** 1.15%%*
(0.20) 0.17) 0.21)
0.82%** 0.79%** 0.83%**
(0.04) (0.03) (0.04)

First Stage for Inequality;

0.90%** 0.85%** 0.90%**
(0.02) (0.02) (0.01)
3658 2400 3642

Yes Yes Yes
Yes Yes Yes
768 725 725

Note: The method of estimation is two-stage least squares. Bootstrapped standard errors are shown in parentheses. Residual Inequality, = Inequality;
— aln(yy), where o measures the effect that In(y;) has on Inequality. *Significantly different from zero at the 10 percent significance level, ** 5 percent

significance level, *** | percent significance level.
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Table 2. Model Without Interaction Between Inequality and Initial Income
(First Difference Specification)

Dependent Variable is:

Aln(yi)

Inequality Variable is:

Sample:

Alnequality;

Aln(yie1)

AResidual Inequalityy

Kleibergen Paap F-statistic
Country FE
Time FE

Observations

(1) (2)
Market Gini Net Gini

Including Transition Countries

1.6 1% | 47%%%
(0.22) (0.23)
0.23%%+ 0.26%**
(0.05) (0.05)

(3) 4)
Market Gini Net Gini

Excluding Transition Countries

1.62%%x | 45wk
(0.23) (0.23)
0.23%%+ 0.26%**
(0.05) (0.05)

First Stage for Alnequality;

0.8 %** 0.88#**
(0.02) (0.02)
1424 2823
No No
Yes Yes
622 622

0.81%** 0.88#**
(0.02) (0.02)
1340 2748
No No
Yes Yes
591 591

Note: The method of estimation is two-stage least squares. Bootstrapped standard errors are shown in parentheses. AResidual Inequality, =
Alnequality, — adln(v:), where o measures the effect that In(y,) has on Inequality. *Significantly different from zero at the 10 percent significance
level, ** 5 percent significance level, *** 1 percent significance level.
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Table 3. Model Without Interaction Between Inequality and Initial Income

(Static Panel)
Dependent Variable is: In(yi)
) 2 A3) “4)
Inequality Variable is: Market Gini Net Gini Market Gini Net Gini
Sample: Including Transition Countries Excluding Transition Countries
Inequality; 4.14%** 4.25%** 4.39%%* 4.43%%*
(0.38) (0.49) (0.36) (0.52)

First Stage for Inequality;

Residual Inequality; 0.62%** 0.72%** 0.61%** 0.71%**
(0.02) (0.03) (0.03) (0.03)
Kleibergen Paap F-statistic 914 1031 833 942
Country FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
Observations 789 789 735 735

Note: The method of estimation is two-stage least squares. Bootstrapped standard errors are shown in parentheses. Residual Inequality, = Inequality;
— aln(yy), where o measures the effect that In(y;) has on Inequality. *Significantly different from zero at the 10 percent significance level, ** 5 percent
significance level, *** 1 percent significance level.
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Table 4. Model With Interaction Between Inequality and Initial Income

Dependent Variable is: In(yi)
(1) (2) 3) 4)
Inequality Variable is: Market Gini Net Gini Market Gini Net Gini
Sample: Including Transition Countries Excluding Transition Countries
Inequality; 9.26%** 6.35%** 10.11%** 5.93%**
(2.11) (2.30) (3.53) (2.00)
Inequality; -1.19%** -0.78** -1.32%%* -0.72%*
*In(¥ie1) 0.31) (0.35) (0.51) (0.29)
In(yie1) 0.70%*%* 0.78%*%* 0.71%%** 0.79%*%*
(0.06) (0.04) (0.06) (0.04)
Kleibergen Paap F-Statistic 14 15 13 15
First Stage: Inequalityj
Residual Inequality; 0.76%** 0.93*** 0.75%** 0.93%**
(0.03) (0.02) (0.03) (0.02)
Residual Inequality; 0.01%** -0.00%* 0.01*** -0.00%*
*In(yi1) (0.00) (0.00) (0.00) (0.00)
First Stage: Inequality; *In(yi.1)
Residual Inequality; 4.52%** 6.52%** 4.50%** 6.53%**
(0.24) (0.19) (0.25) (0.21)
Residual Inequality; 0.15%** -0.08%** 0.15%** -0.08%**
*In(yi1) (0.02) (0.01) (0.02) (0.01)
Country FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
Observations 768 768 725 725

Note: The method of estimation is two-stage least squares. Bootstrapped standard errors are shown in parentheses. Residual Inequality, = Inequality;
—aln(yy), where o measures the effect that In(y;) has on Inequality. *Significantly different from zero at the 10 percent significance level, ** 5 percent
significance level, *** | percent significance level.
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Table 5. Model With Interaction Between Inequality and Initial Income
(Least Squares Estimation)

Dependent Variable is: In(yi)
(1 2 3) 4)

Inequality Variable is: Market Gini Net Gini Market Gini Net Gini
Sample: Including Transition Countries Excluding Transition Countries
Inequalityy 1.61*** I 1.74%** [.16%***

(0.51) (0.46) 0.51) 0.47)
Inequality; -0.21%%* -0.16%** -0.23%%* -0.17%%*
*In(yie1) (0.07) (0.07) (0.07) (0.07)
In(yic1) 0.80%** 0.82%** 0.81#** 0.83#**

(0.03) (0.03) (0.03) (0.03)
Country FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
Observations 768 768 725 725

Note: The method of estimation is least squares. Standard errors (shown in parentheses) are Huber robust and clustered at the country level.
*Significantly different from zero at the 10 percent significance level, ** 5 percent significance level, *** 1 percent significance level.
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Table 6. Model With Interaction Between Inequality and Initial Income

(Difference-GMM Estimation)

Dependent Variable is: Aln(yq)
(M 2 ) “

Inequality Variable is: Market Gini Net Gini Market Gini Net Gini
Sample: Including Transition Countries Excluding Transition Countries
Alnequalityy 20.00%*** 23.68%** 19.30%** 24 43%*x

(4.11) (3.56) (4.13) (3.86)
Alnequality; Sl Rt -3.35%%* -2.63%%* -3.47%H*
*Aln(yie1) (0.53) (0.48) (0.54) (0.52)
Aln(yie1) 0.26*** 0.35%** 0.27%%* 0.38%**

(0.08) (0.09) (0.08) (0.11)
AR(1) test, p-value 0.00 0.01 0.00 0.00
AR(2) test, p-value 0.75 0.51 0.97 0.51
Hansen J-test, p-value 0.15 0.20 0.14 0.30
Country FE No No No No
Time FE Yes Yes Yes Yes
Observations 614 614 590 590

Note: The method of estimation is difference GMM. Standard errors are shown in parentheses. The instrument for Alnequality is AResidual
Inequality, = Alnequality, — aAln(y,), where o measures the effect that In(yi) has on Inequality. *Significantly different from zero at the 10 percent
significance level, ** 5 percent significance level, *** 1 percent significance level.
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Table 7. Model With Interaction Between Inequality and Initial Income
(Alternative Instrument)

Dependent Variable is: In(yi)
Including Transition Countries Excluding Transition Countries
(M 2 A3) 4 ®) (6)

Inequality; 9.67%%* 8.92%** 9.13%%* 9.21%** 9.06%** 9.20%**

(3.66) (2.62) (2.16) (2.11) (2.98) (1.79)
Inequality; -1 16%** -1.07%** -1.10%** -1.19%** -1.09%** -1.13%**
*In(yi1) (0.46) (0.35) (0.28) (0.31) (0.39) (0.24)
In(yie1) 0.61%** 0.62%** 0.61%** 0.61%** 0.62%** 0.61%**

(0.06) (0.06) (0.05) (0.06) (0.06) (0.05)
Hansen J, p-value 0.98 0.86
Kleibergen Paap 13 21 18 13 20 17

F-Statistic

First Stage: Inequality;

SWratio;*Oil price,.. 0.44%%* 0.09* 0.32%%* 0.06
(0.14) (0.05) (0.14) (0.05)
SWratio;*Oil price., -0.05%* 0.01%* -0.05%** 0.01%*
*In(yic1) (0.01) (0.00) (0.01) (0.0)
Residual Inequality; 0.74*** 0.73%** 0.73%** 0.72%**
(0.04) (0.05) (0.04) (0.05)
Residual Inequality; 0.02%** 0.02%** 0.02%** 0.02%**
*In(yi1) (0.01) (0.01) (0.01) (0.01)

First Stage: Inequality; *In(yi.1)

SWratio;*Oil price., 4.10%** 1.27%** 0.33%** 1.04%*
(1.11) (0.47) (0.12) (0.48)
SWratio;*Oil price.., -0.37%%* 0.15%** -0.36%** 0.16%**
*In(yi-1) (0.10) (0.05) (0.10) (0.05)
Residual Inequality; 4.46%** 4.20%** 4.42%*%* 4.23%%*
(0.36) (0.38) (0.36) (0.38)
Residual Inequality; 0.22%** 0.25%** 0.22%** 0.26%**
*In(yic1) (0.04) (0.04) (0.03) (0.04)
Country FE Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes
Observations 487 487 487 472 472 472

Note: The method of estimation is two-stage least squares. The inequality variable is the market Gini from Solt (2015). Residual Inequality;, =
Inequality;, — aln(y), where a measures the effect that In(y;) has on Inequality. Bootstrapped standard errors are shown in parentheses. * Significantly
different from zero at the 10 percent significance level, ** 5 percent significance level, *** 1 percent significance level.
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Table 8. Relationship Between Inequality and Human Capital

Dependent Variable is: Share of Population Tertiary Education

(1 2 3) 4)
Inequality Variable is: Market Gini Net Gini Market Gini Net Gini
Sample: Including Transition Countries Excluding Transition Countries

Panel A: 2SLS

Inequalityy 0.57*** 0.59%** 0.49%** 0.54%**
(0.16) (0.13) (0.15) (0.12)
Inequality; -0.06%** -0.08*** -0.05%* -0.08%**
*In(yi-1) (0.02) (0.02) (0.02) (0.02)
In(yic1) 0.02%** 0.02%*** 0.02%** 0.03%**
(0.01) (0.01) (0.01) (0.01)
Country FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
Observations 768 768 725 725
Panel B: LS
Inequality; 0.41%** 0.46%** 0.43%* 0.48%**
(0.16) (0.16) (0.17) (0.16)
Inequality; -0.04* -0.06%** -0.04* -0.07%%*
*In(yice1) (0.02) (0.02) (0.02) (0.02)
In(yic1) 0.02%* 0.03*** 0.02** 0.03%**
(0.01) (0.01) (0.01) (0.01)
Country FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
Observations 768 768 725 725

Note: The method of estimation in Panel A is two-stage least squares; Panel B least squares. Bootstrapped standard errors are shown in parentheses.
The instrument for Inequality is Residual Inequality, = Inequality, — aln(y;), where o measures the effect that In(y;) has on Inequality. *Significantly

different from zero at the 10 percent significance level, ** 5 percent significance level, *** 1 percent significance level.
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Table 9. Relationship Between Inequality and Human Capital
(Excluding High and Low Values of Inequality)

Dependent Variable is: Share of Population Tertiary Education

(M 2) A3) 4
Inequality Variable is: Market Gini Net Gini Market Gini Net Gini
Sample: Excluding Top 5" Percentile Excluding Bottom 5™ Percentile

Panel A: 2SLS

Inequality; 0.61%** 0.64%** 0.48%** 0.56%**
(0.16) (0.13) (0.19) (0.14)
Inequality; -0.07%** -0.09%** -0.05* -0.07%**
*In(Yie1) (0.02) (0.02) (0.02) (0.02)
In(yie1) 0.02%** 0.03*** 0.02%** 0.02%**
(0.01) (0.01) (0.01) (0.01)
Country FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
Observations 736 736 736 736
Panel B: LS
Inequality; 0.48%*%* 0.53%** 0.31 0.43%**
(0.18) (0.16) (0.19) (0.18)
Inequality; -0.05%* -0.07*** -0.03 -0.06**
*In(yie1) (0.02) (0.02) (0.03) (0.03)
In(yie1) 0.02* 0.03*** 0.02** 0.03**
(0.01) (0.01) (0.01) (0.01)
Country FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
Observations 736 736 736 736

Note: The method of estimation in Panel A is two-stage least squares; Panel B least squares. Bootstrapped standard errors are shown in parentheses.
The instrument for Inequality is Residual Inequality;, = Inequality, — aln(y;), where o measures the effect that In(y;) has on Inequality. *Significantly
different from zero at the 10 percent significance level, ** 5 percent significance level, *** 1 percent significance level.
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Table 10. Relationship Between Inequality and Human Capital
(Alternative Instrument)

Dependent Variable is: Share of Population Tertiary Education

(1) ) 3)

Excluding Top and Bottom  Excluding Top and Bottom
5™ Percentile of Inequality 5™ Percentile of Inequality &
Transition Countries

Inequality; 1.48%* 2.65%* 2.57%*
(0.74) (1.29) (1.29)
Inequality; -0.16* -0.27* -0.26*
*In(yie1) (0.09) (0.15) (0.16)
In(yic1) 0.01 -0.00 -0.00
(0.01) (0.02) (0.02)

First Stage: Inequalityy

SWratio;*Oil pricec., 0.44%** 0.32%** 0.28%*

(0.14) (0.14) (0.12)
SWratio;*Oil price., -0.05%** -0.03%* -0.03%*
*In(yic1) (0.01) (0.01) (0.01)

First Stage: Inequality; *In(yi.1)

SWratioi*Oil price., 4.10%** 3.09%** 2. 77F**
(1.11) (1.02) (1.04)
SWratio;*Oil pricec., -0.37*%* -0.19* -0.18*
*In(yie1) (0.10) (0.10) (0.10)
Country FE Yes Yes Yes
Time FE Yes Yes Yes
Observations 487 436 428

Note: The method of estimation is two-stage least squares. The inequality variable is the market Gini from Solt (2015). Robust standard errors are
shown in parentheses. *Significantly different from zero at the 10 percent significance level, ** 5 percent significance level, *** 1 percent
significance level.
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Appendix Table 1. Descriptive Statistics

Variable Source Mean Standard deviation
Gini Brueckner et al. (2015) 0.39 0.11
Gini WDI (2017) 0.39 0.10
Net Gini Solt (2015) 0.38 0.11
Market Gini Solt (2015) 0.46 0.10
Ln GDP per capita Heston et al. (2012) 6.82 1.09
ALn GDP per capita Heston et al. (2012) 0.28 0.19
Investment/GDP Heston et al. (2012) 0.23 0.09
Population Growth Heston et al. (2012) 0.08 0.06
Relative Price of Investment Heston et al. (2012) 0.76 1.36
Average Years of Schooling Barro and Lee (2010) 6.45 2.67
Share of Pop. Secondary Education Barro and Lee (2010) 0.32 0.17
Share of Pop. Tertiary Education Barro and Lee (2010) 0.08 0.07
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Appendix Table 2. Effect of GDP per capita on Income Inequality

1) ) 3)
Gini Variable is: Gini Net Gini Market Gini
Brueckner et al. (2015) Solt (2015) Solt (2015)

Panel A: Dependent Variable is Gini

In(yi) -0.09%* -0.04%* -0.06*
(0.04) (0.02) (0.03)
Hansen J, p-value 0.47 0.40 0.40
Country Fixed Effects Yes Yes Yes
Time Fixed Effects Yes Yes Yes

Panel B: Dependent Variable is Ginii*In(yic1)

In(yi) -0.54 -0.15 -0.35
(0.36) (0.15) (0.23)
Hansen J, p-value 0.65 0.37 0.58
Country Fixed Effects Yes Yes Yes
Time Fixed Effects Yes Yes Yes

Panel C: First Stage for In(yi)

OPS 2.64%* 2.64%* 2.64%*
(1.15) (1.15) (1.15)
TWWI 0.50%** 0.50%** 0.50%**
(0.09) (0.09) (0.09)
Country Fixed Effects Yes Yes Yes
Time Fixed Effects Yes Yes Yes

Note: The method of estimation is two-stage least squares. Huber robust standard errors (shown in parentheses) are clustered at the country level. OPS
is the interaction between the natural logarithm of the international oil price and countries' net-export GDP shares of oil. TWWTI is trade-weighted
world income. These instruments were used in Brueckner et al. (2015) for estimating the effect that countries' GDP per capita has on the Gini.
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Appendix Table 3. Model Without Interaction Between Inequality and Initial Income
(Period t, t-1, and t-2 Inequality; Instrumental Variables Estimation vs. Least Squares Estimation)

Dependent Variable is: In(yi)
(1 2
IV Estimation LS Estimation
Inequality; 1.14%* -0.45
(0.55) (0.42)
Inequality;., 0.55 -0.74**
(0.54) (0.40)
Inequality; ., 0.97%* 0.44
(0.37) (0.33)
Endogenous Variables Inequality;, Inequality;.i, Inequality;..
Instruments Residual Inequality;, Residual Inequality;.,

Residual Inequality;.»

Kleibergen Paap F-Statistic 936

Country FE Yes Yes
Time FE Yes Yes
Observations 320 320

Note: The method of estimation in column (1) is two-stage least squares; column (2) least squares. Bootstrapped standard errors are shown in
parentheses. Residual Inequality, = Inequality, — aln(y:), where o measures the effect that In(yi) has on Inequality. Inequality is the Gini coefficient;
the Gini data are from Brueckner et al. (2015). *Significantly different from zero at the 10 percent significance level, ** 5 percent significance level,
**% 1 percent significance level.
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Appendix Table 4. Model With Interaction Between Inequality and Initial Income
(Instrumenting only Inequality;)

Dependent Variable is: In(yi)
(M 2 A3)
Inequality Variable is: Gini Net Gini Market Gini
Brueckner et al. (2015) Solt (2015) Solt (2015)
Inequality; 9.15%** 10.16%** 14.71%**
(1.13) (1.11) (1.37)
Inequalityy -1.15%%* -1.35%%* -2.10%**
*In(yic1) (0.14) (0.14) (0.30)
In(yie1) 0.71%** 0.74%%* 0.65%**
(0.05) (0.04) (0.03)
Kleibergen Paap F-Statistic 463 402 171

First Stage: Inequalityy

Residual Inequality; 1.49%** LI 1.61%**
(0.56) (0.46) (0.51)
Country FE Yes Yes Yes
Time FE Yes Yes Yes
Observations 589 768 768

Note: The method of estimation in Panel A is two-stage least squares. Bootstrapped standard errors are shown in parentheses. The instrument is
Residual Inequality, = Inequality; — aln(y;), where o measures the effect that In(y;) has on Inequality. *Significantly different from zero at the 10
percent significance level, ** 5 percent significance level, *** 1 percent significance level.
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Appendix Table 5. Model With Interaction Between Inequality and Initial Income

(WDI Data)

Dependent Variable is:

In(yi)

(D

Giniy 40.52%%*

(7.11)
Giniy -5.48%**
*ln(yilggo) (099)
Giniy
*In(yi1)
In(yi1)
Kleibergen Paap F-Statistic 72
Country FE Yes
Time FE Yes
Observations 495

2

21.88%%*
(3.69)

2.98%%*
(0.50)

0.53%#*
(0.08)

100
Yes
Yes
490

(€)

25.05%%*
(5.67)

-3.39%%*
(0.79)

0.43%%*
(0.10)

70
Yes
Yes
554

Note: The method of estimation is two-stage least squares. Bootstrapped standard errors are shown in parentheses. The instrument for Gini; is
Residual Gini, = Gini, — aln(y;), where a measures the effect that In(y;) has on Ginij.
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Appendix Table 6. Model With Interaction Between Inequality and Initial Income
(Additional Controls)

Dependent Variable is: In(yi)
(M 2 A3)
Inequality Variable is: Market Gini Net Gini Gini
Solt (2015) Solt (2015) Brueckner et al. (2015)
Inequality; 14.27%*%* 9.33 %% 8.29%**
(1.97) (1.17) (1.07)
Inequalityy -1.98%** -1.27%%* -1.10%**
*In(yie1) 0.27) (0.16) (0.13)
In(yie1) 0.56%** 0.66%** 0.64%**
(0.07) (0.04) (0.06)
OPS; 2.72%%% 2.23%** 2.14%%*
(0.65) (0.66) (0.98)
TWWI; 0.16%** 0.15%** 0.24%%*
(0.05) (0.05) (0.09)
Investment/GDP; 0.68%** 0.96%** L11%%*
(0.23) (0.20) (0.20)
Average Years of Schooling 0.01 0.05%* -0.01
(0.02) (0.02) (0.02)
PopulationGrowth;, 0.53 0.03 -0.98*
(0.57) (0.56) (0.52)
Relative Price of Investment; -0.01 0.01 0.00
(0.06) (0.02) (0.04)
Kleibergen Paap F-Statistic 113 278 345
Country FE Yes Yes Yes
Time FE Yes Yes Yes
Observations 543 543 398

Note: The method of estimation is two-stage least squares. Bootstrapped standard errors are shown in parentheses. The instrument for Inequality is
Residual Inequality, = Inequality, — aln(y:), where o measures the effect that In(yi) has on Inequality. *Significantly different from zero at the 10
percent significance level, ** 5 percent significance level, *** 1 percent significance level.
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Appendix Table 7.Model With Interaction Between Inequality and Initial Income
(Interaction with Income in 1970)

(1 2 3)
Inequality Variable is: Gini Net Gini Market Gini
Brueckner et al. (2015) Solt (2015) Solt (2015)

Panel A: Dependent Variable is In(yi)

Inequality; 25.80%** 43.87#%* 31.50%**
(5.60) (7.07) (5.55)
Inequalityy -3.95%** -6.70%** -4.64%%*
*Inyiion (0.82) (1.06) (0.82)
In(yie1) 0.74*** 0.74*** 0.72%**
(0.07) (0.03) (0.06)
Kleibergen Paap F-Statistic 77 67 63
Country FE Yes Yes Yes
Time FE Yes Yes Yes
Observations 494 706 706

Panel B: Dependent Variable is Aln(yi)

Alnequality; 21.26%%* 55.64%** 41.98***
(4.39) (10.16) (7.01)
Alnequality; -3.26%** -8.71%%* -6.31%%*
Aln(yi1) 0.32%** 0.22%** 0.19%**
(0.07) (0.09) (0.08)
Kleibergen Paap F-Statistic 55 42 47
Country FE No No No
Time FE Yes Yes Yes
Observations 369 602 602

Note: The method of estimation is two-stage least squares. Bootstrapped standard errors are shown in parentheses. The instrument for Inequality is
Residual Inequality, = Inequality, — aln(y;), where a measures the effect that In(y;) has on Inequality.
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Appendix Table 8. Model With Interaction Between Inequality and Initial Income

(Static Panel Model)
Dependent Variable is: In(yi)
M 2 (€))
Inequality Variable is: Gini Net Gini Market Gini
Brueckner et al. (2015) Solt (2015) Solt (2015)
Inequality; 64.55%** 161.79%** 90.23%**
(19.35) (42.73) (17.43)
Inequality; -9.92%* -24.76%** -13.26%%*
*In(yiio70) (2.83) (6.48) (2.58)
Kleibergen Paap F-Statistic 34 26 38
Country FE Yes Yes Yes
Time FE Yes Yes Yes
Observations 497 744 744

Note: The method of estimation is two-stage least squares. Bootstrapped standard errors are shown in parentheses. The instrument for Inequality is
Residual Inequality, = Inequality, — aln(y;), where a measures the effect that In(y;) has on Inequality.
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Appendix Table 9. Model With Interaction Between Inequality and Initial Income
(Current and Lagged Inequality)

Dependent Variable is: In(yi)
1) 2 3)
Inequality Variable is: Gini Net Gini Market Gini
Brueckner et al. (2015) Solt (2015) Solt (2015)
Inequality; 46.52%** 105.45%%* 61.33%**
(11.31) (24.40) (12.32)
Inequality;., 50.10%** 50.82%* 23.49*
(16.63) (22.97) (12.54)
Inequality; -6.93%** -16.12%%* -9.07***
*In(yiio70) (1.63) (3.72) (1.81)
Inequality;, ST 12%%* -7.67%* -3.25%
*In(Yiio70) (1.66) (3.35) (1.83)
Kleibergen Paap F-Statistic 9 12 17
Country FE Yes Yes Yes
Time FE Yes Yes Yes
Observations 361 592 592

Note: The method of estimation is two-stage least squares. Bootstrapped standard errors are shown in parentheses. The endogenous variables are
Inequality, and Inequality;.;; the instruments are Residual Inequality, and Residual Inequality,.,. Residual Inequality, = Inequality, — aln(y;), where o
measures the effect that In(yi) has on Inequality;.
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Appendix Table 10. Relationship Between Inequality and Human Capital

(Additional Controls)
Dependent Variable is: Share of Population Tertiary Education
(M 2 A3)
Inequality Variable is: Gini Net Gini Market Gini
Brueckner et al. (2015) Solt (2015) Solt (2015)
Inequality; 0.36%** 0.31%** 0.35%**
(0.12) (0.15) (0.18)
Inequality; -0.05%* -0.04** -0.04*
*In(yic1) (0.02) (0.02) (0.02)
In(yie1) 0.01** 0.02%** 0.02*
(0.01) (0.01) (0.01)
OPS, -0.01 -0.04 -0.03
(0.11) (0.06) (0.05)
TWWI; 0.01 0.00 -0.00
(0.01) (0.01) (0.01)
Investment/GDP;, 0.04 0.05 0.04**
(0.03) (0.03) (0.02)
PopulationGrowth;, -0.06 -0.05 -0.05
(0.06) (0.06) (0.05)
Relative Price of Investment; 0.01** 0.01 0.01*
(0.00) (0.01) (0.01)
Kleibergen Paap F-Statistic 571 299 113
Country FE Yes Yes Yes
Time FE Yes Yes Yes
Observations 440 543 543

Note: The method of estimation is two-stage least squares. Bootstrapped standard errors are shown in parentheses. The instrument for Inequality is
Residual Inequality, = Inequality, — aln(y;), where a measures the effect that In(y;) has on Inequality.
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Appendix Table 11. Relationship Between Inequality and Human Capital
(Interaction with Income in 1970)

Dependent Variable is:

Share of Population Tertiary Education

M

Inequality Variable is: Gini

Brueckner et al. (2015)

Inequality; 1.47*
(0.78)
Inequalityy -0.22%*
*ll’l(y“qm) (0 12)
Kleibergen Paap F-Statistic 34
Country FE Yes
Time FE Yes
Observations 497

(2)
Net Gini
Solt (2015)

4.79%*
(2.12)

-0.73%*
(0.32)

23
Yes
Yes
677

3

Market Gini
Solt (2015)

2.46%%*
(0.87)

-0.35%%
(0.13)

38
Yes
Yes
677

Note: The method of estimation is two-stage least squares. Bootstrapped standard errors are shown in parentheses.

Residual Inequality, = Inequality, — aln(y;), where a measures the effect that In(y;) has on Inequality.
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Appendix Table 12. Relationship Between Inequality and Human Capital
(Alternative Measures of Human Capital)

M ) A3)
Inequality Variable is: Gini Net Gini Market Gini
Brueckner et al. (2015) Solt (2015) Solt (2015)

Panel A: Dependent Variable is Average Years of Schooling

Inequality; 18.92%%* 38.81%* 24.50%**
(9.72) (17.84) (10.01)

Inequality; -3.22%* -0.48%* -4.16%%*

*In(Yiio70) (1.49) (2.75) (1.49)

Panel B: Dependent Variable is Share of Population with Secondary Education

Inequality; 2.80%** 6.19%** 3.30**
(1.22) (2.18) (1.29)
Inequality; -0.45%* -0.99*** -0.5]***
*In(yi970) (0.19) (0.34) (0.20)
Country FE Yes Yes Yes
Time FE Yes Yes Yes
Observations 497 677 677

Note: The method of estimation is two-stage least squares. Bootstrapped standard errors are shown in parentheses. The instrument for Inequality is
Residual Inequality, = Inequality, — aln(y;), where a measures the effect that In(y;) has on Inequality.
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Appendix Table 13. Relationship Between Inequality and Human Capital
(Current and Lagged Inequality)

Dependent Variable is: Share of Population Tertiary Education
M 2 (€))
Inequality Variable is: Gini Net Gini Market Gini
Brueckner et al. (2015) Solt (2015) Solt (2015)
Inequality; 1.10%** 2.66%* 1.37%%*
(0.55) (1.31) (0.62)
Inequality;., 1.00 3.41%%* 2.00%**
(0.86) (1.22) (0.73)
Inequality; -0.17** -0.39%** -0.19**
*ln(}’i197o) (0.08) (0.20) (0.09)
Inequality;, -0.14 -0.52%** -0.28**
*In(yiio70) (0.12) (0.19) (0.11)
Kleibergen Paap F-Statistic 9 12 17
Country FE Yes Yes Yes
Time FE Yes Yes Yes
Observations 361 592 592

Note: The method of estimation is two-stage least squares. Bootstrapped standard errors are shown in parentheses. The endogenous variables are
Inequality, and Inequality;.;; the instruments are Residual Inequality, and Residual Inequality,.,. Residual Inequality, = Inequality, — aln(y;), where o
measures the effect that In(yi) has on Inequality;.
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