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”This kind of inequality – a level we haven’t seen since
the Great Depression – hurts us all. When middle-class
families can no longer afford to buy the goods and
services that businesses are selling, it drags down the
entire economy, from top to bottom.”

— Barack Obama, Osawatomie, KS, December 6 2011

1 Introduction

Does income inequality slow economic growth? From the theoretical standpoint, the effect is am-
biguous. On the one hand, a higher concentration of income in the hands of a few is reflected in
reduced demand by a larger share of poorer individuals, which would invest less in education and
health and grow a sense of social and political discontent, jeopardizing human capital and stabil-
ity. Moreover, more inequality can exacerbate households’ leverage to compensate for the erosion
in relative income, empower the influence of the richer population on the legislative and regulatory
processes, and motivate redistribution policies that are often blamed for slowing growth, especially
when aggressive. On the other hand, a certain level of inequality endows the richer population
with the means to start businesses, as well as creates incentives for individuals to increase their
productivity and invest their saving, hence promoting economic growth.

The common wisdom for which more equitable societies should experience higher economic growth
has generally been supported by the empirical literature. Indeed, there is a growing body of econo-
metric studies that finds a negative and significant relationship between inequality and long-term
growth using the Generalized Method of Moments (GMM) (Castelló-Climent, 2010; Halter et al.,
2014; Ostry et al., 2014; Dabla-Norris et al., 2015). These, however, have been questioned on em-
pirical grounds. Kraay (2015) recently pointed out that the GMM estimator is not suitable for
growth regressions as internal instruments are weak, and once he corrects for it, he finds no ev-
idence of either a positive or a negative effect of income inequality on growth. More generally,
omitted variables, measurement error, reverse causality, dynamics, cross-section dependence, and
homogeneity across countries all proved daunting challenges and can critically bias the inference of
the results.1

This paper revisits the relationship between income inequality and economic growth employing a
data-driven, recently developed, agnostic approach. Its contribution is threefold. First, it studies
the stationarity properties of income inequality and tests for its cross-country convergence as well
as for the existence of convergence clubs. Second, departing from the literature, it employs the
heterogeneous Panel Structural Vector Autoregression (PSVAR) model of Pedroni (2013) to deal
with some of the empirical issues raised in previous studies. Under a proper identification strat-
egy, this methodology isolates the causal relationship between the variables of interest without
resorting to internal instruments. Further, it allows for a dynamic response of growth to shocks in
income inequality, with different intensities over different time horizons. By treating all the coun-
tries in the panel separately, it allows for heterogeneous slopes or responses, providing a much
richer set of information about regional effects and differences across income levels. Finally, this
approach helps dealing with omitted variable bias and accounts for cross-section dependence. The

1Barro (2000) and Forbes (2000) discuss the relevance of omitted factors. Halter et al. (2014) highlight that
changes in inequality affect differently economic growth over different time horizons. Atems and Jones (2015) also
look at the dynamics and point out that common factors are present. Barro (2000) and De Dominicis et al. (2006)
note the importance of selecting a more homogeneous group of countries. Banerjee and Duflo (2003) provide a re-
view of studies highlighting some of the main econometric issues.
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third contribution of the paper is an investigation of the determinants of the relationship between
income inequality and growth.

We find that income inequality is converging across countries, and that its impact on economic
growth is heterogeneous. While countries are converging toward the sample mean, we also find
that Europe, the Middle East and Central Asia, and advanced economies are experiencing within
convergence. The results also suggest that the median response of real per capita GDP growth
to shocks in income inequality is negative and significant for the full sample, but the dispersion
around the estimates is large, with at least one fourth of the countries in the sample presenting a
positive effect, implying that the focus of the literature on the average relation may be mislead-
ing. A regional analysis reveals that the negative median effect is driven by the Middle East and
Central Asia and the Western Hemisphere. Across income levels, only the findings for emerging
markets indicate that more inequality slows economic growth. We also find evidence suggesting
that higher institutional quality, characterized by stronger control of corruption, rule of law, and
government effectiveness, can reduce the negative effect of income inequality on growth.

The rest of the paper is structured as follows. Section 2 briefly reviews the empirical literature
studying the effect of income inequality on growth. Section 3 presents the data used for this study
and some stylized facts for the sample and across regions and income groups. Section 4 discusses
the methodology, the empirical results, and their robustness. Section 5 concludes.

2 A Review of the Literature

The relationship between economic growth and income inequality has been in the research agenda
of academics for a long time and has recently gained momentum. Since Kuznets (1955) argued
that higher income inequality was a characteristic of poor countries and that it would eventually
reverse once they develop, contradicting trends in the distribution of income across income levels
revealed that much more is to be understood. Raising income inequality in advanced economies
sparked a vast literature analyzing whether more unequal countries should expect less satisfactory
growth performance.

There are conflicting theories trying to characterize the relationship between income inequality
and growth. The ones predicting a negative relationship focus on how inequality can be harmful
to sustained growth by reducing social consensus, dampening investment, and affecting education
and health outcomes (Persson and Tabellini, 1994; Alesina and Perotti, 1996; Benabou, 1996; Ro-
drik, 1999; Easterly, 2007; Ostry and Berg, 2011). Further, more inequality is usually associated
with the implementation of redistribution policies, that are often blamed for slowing economic
growth (Persson and Tabellini, 1992; Alesina and Rodrik, 1991; Rajan, 2011), although Ostry et
al. (2014) show that non-excessive redistribution can reduce inequality and be growth neutral.
More recently, the attention shifted to look at how inequality exacerbates leverage and financial
cycle creating the premises for crises (Rajan, 2011), and how the influence of the richer population
on the legislative and regulatory processes can lead to financial imbalances (Stiglitz, 2012).

Other theories propose a positive relationship. These are based on the argument that inequality
can rather provide incentives for innovation and higher productivity (Lazear and Rosen, 1981;
Okun, 2015), foster saving and investment to the extent that rich people have a higher propen-
sity to save (Kaldor, 1957), and endow richer individuals with the minimum capital and education
needed to start some economic activity (Barro, 2000).2 Other arguments include the one for which

2As noted by Forbes (2000), many of the models suggesting a negative relationship actually predict multiple
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more inequality leads the median voter to elect higher taxation to finance higher capital accumu-
lation and growth (Saint-Paul and Verdier, 1993), and the one for which inequality increases in
periods of technology innovations and high growth as a result of the decline in the relative impor-
tance of initial parental-environmental conditions and concentration of abilities (Galor and Tsid-
don, 1997).

The inconclusiveness of the theory’s predictions casts light on the empirical research. Unfortu-
nately, the paucity of time series for income inequality condemned the econometric studies till late
90s to exploit only the cross-section dimension of the data. These studies generally find a negative
effect of income inequality on growth.3 Since then, the increased availability of the longitudinal
dimension of the data spurred a wave of research employing panel data techniques on period av-
erages. Li and Zou (1998), Benhabib and Spiegel (2000), and Forbes (2000) employ fixed effects
estimations to control for the (time-invariant) omitted country bias. The inclusion of fixed effects
produced some controversial results, namely that increases in inequality promote growth.

Clearly, there is no reason to believe that the inclusion of the fixed effects fully addresses endo-
geneity concerns. As noted by Chudik and Pesaran (2013), common effects correlated with the
variables used in the estimation are likely to be present in many panel applications. As a result,
the hypothesis of cross-section independence could be violated. Thus, panel estimators such as
fixed or random effects can result in misleading inference and even inconsistent estimators (Phillips
and Sul, 2007). This potential source of bias, however, received virtually no attention in the em-
pirical literature on the topic.

One of the major concerns when studying the impact of income inequality on growth is sorting
the direction of causality. In the attempt to address this undetermined causality, Barro (2000) em-
ploys a three-stage least squares estimator, where instruments are lagged values of the regressors
and dummies for prior colonial status. He only finds a significant effect after splitting the sample
in richer and poorer countries, with the former (latter) presenting a positive (negative) effect.4

A more recent strand of the empirical literature employs the System GMM (S-GMM) estima-
tor, which identifies the effect of inequality on growth by instrumenting the endogenous variables
with a set of lagged levels and differences of the regressors.5 Castelló-Climent (2010), Halter et
al. (2014), Ostry et al. (2014), and Dabla-Norris et al. (2015) all use S-GMM and find a negative
impact of income inequality on growth. Kraay (2015) discusses the suitability of the S-GMM to
growth regressions. In particular, he applies weak instrument diagnostics to the benchmark speci-
fication run by Castelló-Climent (2010), Halter et al. (2014), Ostry et al. (2014), and Dabla-Norris
et al. (2015).6 He finds pervasive evidence of weak internal instruments and, once the inference is
corrected for that, he argues that it is not possible to draw conclusions about either a negative or
a positive effect of inequality on growth.

Adopting a somewhat innovative approach in this literature, Atems and Jones (2015) examine
both the effects of income inequality on growth and the effects of growth on income inequality
for a panel of states in the United States. They employ a bivariate Vector Autoregression (VAR)
model with the growth rate of real per capita income and the growth rate of the Gini, and iden-
tify the shocks by assuming that changes in income inequality affect growth with a one-year delay.

equilibria for which, under some conditions, there exists a positive relationship of income inequality with economic
growth.

3See Benabou (2000) for a list of studies performing cross-section ordinary least squares (OLS) estimations.
4Contrary to other studies, Barro (2000) does not include fixed effects, arguing that they would remove relevant

cross-country information.
5The method allows for including external instruments too, but this option has rarely been used owing to the

difficulty in finding appropriate instruments. Easterly (2007) is an exception, as he uses agricultural endowments to
instrument inequality and finds a negative cross-section relationship between inequality and levels of development.

6See Bazzi and Clemens (2013) for a discussion of the weak instrument diagnostics and consistent inferences.
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The VAR methodology then allows examining simultaneously the effects in both directions. The
authors find that shocks to the growth rate of income inequality have a negative effect on growth.
Interestingly, they note that the relationship between inequality and growth varies over time and
is sensitive to particular episodes in history, possibly because of common shocks to all states.

To the best of our knowledge, there are no attempts in the literature studying the effects of in-
equality on growth to look at the heterogeneity across countries. However, in his analysis Barro
(2000) splits the sample into poorer and richer countries finding contradicting results, suggesting
a potential bias caused by imposing homogeneity in slopes in the regression including both sub-
samples.7 Similarly, De Dominicis et al. (2006) suggest restricting the analysis to a more homoge-
neous set of countries or to regions within a country. Reducing the sample to a more homogeneous
one, or allowing for different slopes also addresses the omitted variable bias that arises from effects
that vary across countries or groups of countries.

3 Data and Stylized Facts

Despite its acknowledged shortcomings, the Gini index remains the most commonly used mea-
sure of income inequality, mostly because of its wider data availability compared to other mea-
sures.8 As explained in Solt (2016), there is a trade-off between comparability and coverage when
it comes to the use of the Gini data. On the one hand, privileging comparability would mean us-
ing a low-coverage harmonized data from a single source or using data from a single basis of calcu-
lation (e.g., household-adult-equivalent disposable income). However, this option entails neglecting
a lot of available information. On the other hand, favoring coverage would mean considering more
of the available data and making adjustments to account for different basis of calculation.

The literature suggests different approaches or adjustments to exploit the available information,
nevertheless they remain unsatisfactory. Halter et al. (2014), for example, simply ignore compa-
rability issues. Following the recommendations of Deininger and Squire (1996), Milanovic (2013)
includes dummy variables to adjust for different welfare definitions and equivalence scales. This
fixed adjustment, however, is imperfect as it disregards that the relationship between income and
income inequality can vary over time and across countries and could result in under- or over-estimation
in specific country-years. Thus, these methods seem inferior to the one adopted by Solt (2016) in
the construction of the Standardized World Income Inequality Database (SWIID).

The SWIID starts from the Gini indexes of the Luxemburg Income Study (LIS)—considered fully
comparable data—and the Gini indexes in the source data. In the SWIID 5.1, the source data in-
cludes ten thousand Gini indexes from 1960 to 2014 based on all or nearly all the countries’ pop-
ulation and for which there is sufficient information to identify the equivalence scale and welfare
definition used in the calculation. Then, model-based multiple imputation is employed to esti-
mate the missing observation of the LIS starting from the source data.9 For each variable in the

7Barro (2000) also warns that poorer countries are likely to have a large measurement error in national ac-
counts.

8The Gini index is often criticized because it is argued that it is more sensitive to the income of the middle
classes than that of the extremes. Also, economies with similar incomes and Gini coefficients can have very different
income distributions reflecting the fact that the Lorenz curve can have different shapes and still yield the same Gini
index.

9The procedure consists of creating several categories of welfare definition and equivalence scale, constructing
time- and country-varying ratios of indexes available in different categories, and generating the missing ratios using
the least uncertain predictions of a set of regression models. Ratios for each category are finally combined into a fi-
nal estimate by taking into account the estimate with the smallest uncertainty, or the mean of some estimates if the
associated standard error is even smaller. If dramatic variations from one year to the next are detected, the proce-
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SWIID, there are 100 multiply-imputed values to allow users to control for measurement error in
the statistics. Version 5.1 of the SWIID represents an improved and enlarged version of the one
used by Ostry et al. (2014), and addresses some of the issues raised in Jenkins (2015). Moreover,
as shown in Solt (2016), the SWIID is successful in predicting the LIS data before their release,
conferring some confidence in its cross-section and over-time comparability. Nonetheless, issues re-
main. Namely, the fact that correlations are mostly estimated over advanced economies and later
applied to other countries, implicitly assuming that the same relationship holds across countries,
and the interpolation over time.

Our dataset draws from the SWIID 5.1 for net Gini (where net refers to its measurement after
taxes and transfers) and from the Penn World Tables (PWT) 9.0 for the real income variable. Net
Gini (and not market Gini) is the relevant variable for the analysis as only post-redistribution in-
come is what matters for individuals. 10 We use data on population from PWT 9.0 to compute
real per capita GDP. Owing to the requirements of our estimation methodology, we drop some ob-
servations by applying the following criteria. First, we drop all non-continuous time series, remain-
ing with the longest run for every country for which data is available. Second, if the remaining
run is composed by less than 20 observations, we drop all observations for that country.11 Third,
we drop countries for which the net Gini is stationary to work with variables integrated of the
same order.12 After this procedure, we are left with a dataset of 77 countries spanning at least
20 years, for a total of 1,597 data points.

Figure 1 presents some key stylized facts. The top left panel shows the median net Gini along
with the interquartile range over the period 1990-2010. The use of such period ensures that at
least 95 percent of the countries in the sample are represented. The median income inequality
slowly increased from 33 percent in 1990 to about 37 percent in the wake of the global financial
crisis, after which it started to mildly decline to about 35 percent in 2010. The 25th and 75th per-
centiles present a somewhat similar trend. However, they reveal a wide variation across countries,
with one fourth of them having a net Gini up to 25-30 percent and another fourth of the countries
with a net Gini higher than 42-47 percent over the selected period.

We now turn to analyze such heterogeneity across regions and income groups. The top right panel
shows that median net Gini is highest in Africa and the Western Hemisphere, and that it has
been falling at a faster pace in the former. The more equal income distribution is observed in Eu-
rope, albeit the net Gini presents an upward trend. Asia and the Pacific and the Middle East and
Central Asia experienced a similar rate of growth, but started from a higher level. In the case of
the Middle East and Central Asia, such upward trend has been somewhat reversed since 2004.
The middle left panel suggests that the median income inequality remained relatively lower but
steadily increasing in advanced economies, while it was more volatile and fluctuating at compara-

dure allows observations to be informed by the estimates for surrounding years with a five-year weighted moving
average applied to a variable generated through Monte Carlo simulations. Exceptions to the last step apply if dra-
matic changes are detected in the LIS series or are related to countries of Eastern Europe and former Soviet Union
during the collapse of communist rule. The last step generates estimates after 1975 by interpolation.

10The net Gini, as opposed to the market Gini, excludes redistributive interventions such as expenditure pro-
grams, notably on education and health, transfers to the poorer segments of the population, and non-proportional
taxes, among others. However, net Gini still includes a wide range of non-redistributive policies (e.g., job-training
programs and capital-accounts regulations), that can shape the income distribution (Iversen and Stephens, 2008;
Morgan and Kelly, 2013).

11Pedroni (2013) presents the remarkable small sample properties of the heterogeneous panel SVAR. In particu-
lar, it is shown that even in an extreme case with N = 50 and T = 12, where time series estimates become unre-
liable and possibly divergent, there is another non-divergent set of time series that contain a signal about the true
dynamic structure. By correlating this signal cross-sectionally with a static observable and using the fitted esti-
mates, the true structural dynamics of the individual panel are traced out despite the very short time series.

12The application of this criterion implies the loss of 9 countries, or 11 percent of the dataset obtained after ap-
plying the second criterion.
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ble levels for emerging markets and low-income developing countries.

In the remaining panels, we take a look at the relationship between net Gini and real per capita
GDP. The middle left panel shows the medians for the two variables. The two lines appear nega-
tively correlated, and this is confirmed by the fractional polynomial regression and its confidence
interval in the bottom left panel. However, this panel also reveals a large potential for heteroge-
neous dynamics in our sample. In fact, the same fractional polynomial regression for eight (or
about 10 percent) randomly selected countries in the sample suggests that the strength and the
direction of relationship might be different across countries.

Cross-section dependence caused by common shocks (e.g. the global financial crisis) may also be
a concern. To display its potential in our dataset, for every country we select the year in which it
experienced the highest net Gini growth rate, this time over the entire period covered by the data.
Then, we plot in the bottom right panel the number of countries experiencing the highest net Gini
growth rate for every year. Although this is a very preliminary evidence, the bars suggest that
a bunch of countries experienced their highest net Gini growth rate in the same years, possibly
reflecting common shocks.

4 Econometric Analysis

4.1 Methodology and Identification Strategy

As noted in Section 2, the relationship between income inequality and growth has proven diffi-
cult to analyze for a number of reasons. First, the two variables may be intertwined, such that in-
come inequality has an impact on growth at the same time that growth has an impact on income
inequality. The failure to account for this source of endogeneity may bias the results. Endogene-
ity may also arise because of omitted variables that are correlated either with income inequality
or growth. Second, dynamics are likely to be present, in the sense that the feedback between in-
come inequality and growth occurs gradually over time, and with different intensities over differ-
ent time horizons. Third, there is no reason for which these dynamic relationships would be the
same across countries, regions, or income levels. In fact, they may differ because of the economic
structure, institutions, policies’ inclusiveness, among others. Fourth, shocks that are common to
all countries might induce cross-section dependence and omitted variable bias.

To deal with these complexities, we employ the heterogeneous panel SVAR model of Pedroni (2013).13

Let yi,t be a vector of n endogenous variables (i.e., the log differences of real per capita GDP and
net Gini) with country-specific time dimension t = [1, ..., Ti]

′ for each member i = [1, ...,M ]′ of
an unbalanced panel. As a way to deal with country-fixed effects, we demean the data as y∗i,t =

yi,t − ȳi, where ȳi = T−1i

∑Ti

t=1 yi,t∀i. Thus, we estimate the following equation:

Bi∆y
∗
i,t = Ai(L)∆y∗i,t−1 + ei,t (1)

where Ai(L) is a polynomial of lagged coefficients (Ai(L) =
∑Ji

j=0A
i
jL

j) with country-specific lag-

lengths Ji, A
i
j is a nxn matrix of coefficients, ei,t is a vector of residuals, and Bi is a nxn matrix

of contemporaneous coefficients. Ji are selected based on the Schwartz Information Criterion to
assure that residuals approximate white noise. As a way to control for the uncertainty associated
to the net Gini measurement, we use the inverse of the standard deviation of the 100 multiply-
imputed values as weights, thereby estimating by weighted least squares (WLS).

13The presentation of the technique draws from Pedroni (2013) and Góes (2016).
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Figure 1: Stylized Facts
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Source: Authors’ calculations.

As noted, the dynamic relationship between income inequality and growth can differ across coun-
tries. Failing to account for such heterogeneity by simply pooling data as in conventional dynamic
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panel methods may result in inconsistent estimation and inference of the relationships.14 Thus,
the methodology employed in this paper relaxes the assumption of homogeneous dynamics among
the members of the panel by estimating and identifying a reduced-form VAR for each country i:

B1∆y∗1,t = A1(L)∆y∗1,t−1 + e1,t

... (2)

BM∆y∗M,t = AM (L)∆y∗M,t−1 + eM,t

from which we can obtain the idiosyncratic dynamics. To the extent that correlated omitted vari-
ables have a heterogeneous impact across countries, treating each country separately can also help
in dealing with the bias generated by the omissions. Another advantage of relying on the hetero-
geneous approach is that between-countries comparability is less of an issue as each member of the
panel is treated independently.

Then, we estimate an additional VAR using cross-section averages for each period, which would
serve to capture to retrieve the common dynamics:

B̄∆ȳ∗t = Ā(L)∆ȳ∗t−1 + ēt (3)

where ȳ∗t ≡M−1
∑M

i=1 y
∗
i,t.

We can now recover the SVAR representation, in which the reduced-form residuals in equation (2)
and (3) are mapped into ui,t = B−1i ei,t and ūt = B̄−1ēt, respectively. Thus, we calculate nM
correlation coefficients to construct M diagonal matrices:

Λi =

ρ(u1i,t, ū
1
t ) 0 0

0
. . . 0

0 0 ρ(uni,t, ū
n
t )

 (4)

where ρ(uni,t, ū
n
t ) denote the correlation coefficients between structural residuals of the nth endoge-

nous variable for each country i. We are now able to decompose the composite shocks ui,t as:

ui,t = Λiūi,t + ũi,t (5)

where ūi,t are the common shocks, ũi,t are the idiosyncratic shocks, and Λi are nxn diagonal ma-
trices containing country specific loadings which account for the relative importance of common
shocks. We then recover the matrices of composite responses to structural shocks for each coun-
try Ri(L), and use the loading matrices estimated in equation (5) to disentangle the composite
responses into responses to common shocks and responses to idiosyncratic shocks:

Ri(L) = ΛiRi(L) + (I − ΛiΛ
′
i)Ri(L) (6)

It should be noted that Ri(L) = R̄i(L) + R̃i(L), where R̄i(L) ≡ ΛiRi(L) and R̃i(L) ≡ (I −
ΛiΛ

′
i)Ri(L). Thus, we rely on the cross-section distribution of Ri(L), R̄i(L), and R̃i(L) to present

selected descriptive statistics of the impulse response functions (IRF), such as their medians, av-
erages, and interquartile ranges. Finally, we also calculate standard errors of medians through a
re-sampling simulation with 500 repetitions.

The structural representation of the VAR requires an identification strategy. Rather than impos-
ing economic relationships, we rely on the Cholesky decomposition. The ordering of the variables

14See Pesaran and Smith (1995).
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Table 1: Panel Unit Root Tests

Intercept

Intercept 

and trend Intercept

Intercept 

and trend

Levin, Lin, and Chu (2002)

Ln net GINI -0.617 -1.110 -12.488** -6.933**

Ln per capita real GDP -1.419 -2.58 -23.297** -19.438**

Im, Pesaran, and Shin (2003)

Ln net GINI -0.234 -2.200 -18.833** -15.324**

Ln per capita real GDP 8.137 -1.070 -22.258** -19.927**

Maddala and Wu (1999)

Ln net GINI -0.023 -0.067 -16.687** -14.044**

Ln per capita real GDP 7.685 -0.524 -20.329** -17.768**

Levels First differences

Source: Authors’ calculations.
Notes: The null hypothesis of the panel unit root tests is that all panels contain a unit root. Fixed effects are
always included. The Schwartz Information Criterion is used to select the optimal lag length. ** and * next to
a number indicate statistical significance at 1 and 5 percent, respectively.

is based on the following argument. Since income is an input in the calculation of income inequal-
ity, any change in income will have a contemporaneous effect on income inequality. At the same
time, changes in income inequality are likely to have only a delayed impact on income. There-
fore, the identification strategy rests on lag restrictions rather than economic ones, implying that
changes in the net Gini do not have contemporaneous (i.e., within a year) effect on growth.

4.2 Integration, Cointegration, and Convergence

As a first step, we analyze the stationarity properties of the log of Gini net and the log of per
capita real GDP by employing the tests by Levin et al. (2002) (LLC thereafter), Im et al. (2003)
(IPS thereafter), and Maddala and Wu (1999) (MW thereafter).15 These tests differ in that LLC
treats the parameter of interest as common across countries and focuses on the within-country
dimension, IPS treats the parameter of interest as varying across countries and focuses on the
between-country dimension, and MW treats all the parameters as potentially varying across coun-
tries and tests by pooling significance values across members of the panels.

We perform the tests on the (log) levels and the (log) first differences of the series, both includ-
ing the intercept only and the intercept and the trend. As expected, the results of the different
tests reported in Table 1 suggest that levels are non-stationary as the null hypothesis of unit root
cannot be rejected, irrespective of the inclusion of a time trend. After first differencing, the series
result stationary.

The presence of unit roots in levels warrants the investigation of the existence of a long-run rela-
tionship between (the log of) Gini net and (the log of) per capita real GDP. We employ the tests
by Kao (1999) and Pedroni (1999, 2004). The former treats all parameters except fixed effects as
homogeneous, and therefore is mispecified if heterogeneous dynamics exist. The latter treat all pa-

15One could argue that since the net Gini is bounded between zero and one, it cannot contain a unit root. While
this is true for long time series, there is still the possibility that the series is locally non-stationary. One way to
address this possible critique would be to apply the logistic transformation yi,t = ln[ni,t/(1 − ni,t)], where ni,t is
the net Gini. Applying such transformation, however, does not affect any of the results presented in this paper.
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Table 2: Panel Cointegration Tests

Intercept

Intercept 

and trend

Kao (1999)

ADF -3.109**

Pedroni (1999, 2004)

Panel v -Statistic  0.833  3.921**

Panel ρ -Statistic -1.681*  0.710

Panel t -Statistic (non-parametric) -6.224** -2.252*

Panel t -Statistic (parametric) -3.774** -5.022**

Group ρ -Statistic  1.168  4.185

Group t -Statistic (non-parametric) -4.191**  0.674

Group t -Statistic (parametric) -5.782** -5.662**

Source: Authors’ calculations.
Notes: The null hypothesis of the panel cointegration tests is that there is no cointegration between ln Gini
net and ln real per capita GDP. For Pedroni (1999, 2004), we present the versions of the statistics that are not
weighted by the member specific long-run conditional variances. The Schwartz Information Criterion is used
to select the optimal lag length. ** and * next to a number indicate statistical significance at 1 and 5 percent,
respectively.

rameters as heterogeneous across countries and include within- and between-country dimension
tests, both parametric and non-parametric.

The results of the cointegration tests reported in Table 2 suggest the existence of a long-run re-
lationship between inequality and income per capita. In particular, in the majority of cases and
irrespective of the inclusion of a trend, both homogeneous and heterogeneous tests reject the null
hypothesis of no cointegration, providing evidence of comovements between the series in the long
run.

We now turn to investigate if income inequality data show long-run convergence or divergence
across countries. Previous studies of income inequality convergence include Sala-i-Martin (2006)
and Chotikapanich et al. (2012), that use non-parametric or parametric methods to estimate world
inequality indexes and assess convergence by looking at the trend in the world distribution of in-
come. We take a different approach. Borrowing from the literature on income convergence (Evans,
1998; Pedroni and Yao, 2006), we define convergence as the reduction of the inequality gap be-
tween any pair of countries. As noted by Pedroni and Yao (ibid.), an empirical formalization dif-
fers from the graphical inspection in that it requires that properties of the data must be consistent
with the fact that differences are eliminated eventually. This is something harder to detect using
graphical analysis, where we can only observe if differences become smaller at any point in time.

Empirically testing for convergence is equal to testing for the stationarity of the difference be-
tween the levels of the series for any pair of countries.16 This would imply that the series are coin-
tegrated. Formally:

(yi,t − yj,t) ∼ I(0)∀(i, j) (7)

where y is (the log of) net Gini, and (i, j) are country pairs. Similarly, testing for convergence
across multiple countries requires that every possible country pair within the sample exhibits con-

16If stationary differences between countries have nonzero mean, convergence is said conditional, as it depends
on the country-specific fixed effects.
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Table 3: Convergence in Income Inequality

Countries

Im, Pesaran, 

and Shin (2003)

Maddala and 

Wu (1999)

Im, Pesaran, 

and Shin (2003)

Maddala and 

Wu (1999)

Full sample

77 -3.939** -3.392** -2.506* -3.204*

Regions

11 -0.461 -0.430 -0.460 -0.473

12 -0.905 -0.903 -1.649* -1.624

29 -4.513** -3.706** -3.686** -3.275**

9 -4.296** -4.086** -4.043** -3.582**

16 -1.184 -0.872 -0.432 -0.091

Income groups

28 -3.705** -2.665** -4.864** -4.470**

36 -0.890 -0.595 -2.404 -1.927

13 -0.463 -0.523 -1.260 -1.254

Net Gini Market Gini

(𝑦𝑖𝑡−𝑦𝑡) ∀𝑖

(𝑦𝑖𝑡−𝑦𝑡) ∀𝑖 ∈ 𝐴𝐹𝑅
(𝑦𝑖𝑡−𝑦𝑡) ∀𝑖 ∈ 𝐴𝑃𝐷
(𝑦𝑖𝑡−𝑦𝑡) ∀𝑖 ∈ 𝐸𝑈𝑅
(𝑦𝑖𝑡−𝑦𝑡) ∀𝑖 ∈ 𝑀𝐶𝐷
(𝑦𝑖𝑡−𝑦𝑡) ∀𝑖 ∈ 𝑊𝐻𝐷

(𝑦𝑖𝑡−𝑦𝑡) ∀𝑖 ∈ 𝐴𝐸
(𝑦𝑖𝑡−𝑦𝑡) ∀𝑖 ∈ 𝐸𝑀
(𝑦𝑖𝑡−𝑦𝑡) ∀𝑖 ∈ 𝐿𝐼𝐷𝐶

Source: Authors’ calculations.
Notes: The null hypothesis of the unit root tests is that all panels contain a unit root, i.e. there is no conver-
gence. Fixed effects are always included. The Schwartz Information Criterion is used to select the optimal lag
length. ** and * next to a number indicate statistical significance at 1 and 5 percent, respectively.

vergence. However, Evans showed that if the the condition in equation 7 holds, then:

N−1
N∑
j=1

(yi,t − yj,t) ∼ I(0) (8)

Thus:

N−1
N∑
j=1

(yi,t − yj,t) = N−1
N∑
j=1

yi,t −N−1
N∑
j=1

yj,t = yi,t − ȳt (9)

So:
(yi,t − yj,t) ∼ I(0)∀(i, j)⇐⇒ (yi,t − ȳt) ∼ I(0)∀i (10)

In other words, convergence requires that (yit − ȳt) is stationary for each country in the sample.
Therefore, the null hypothesis of nonconvergence can be resumed in the unit root null of panel
unit root tests. As in Pedroni and Yao (2006), we employ the IPS and the MW panel unit root
tests, leveraging on the fact that the autoregressive parameter in the income inquality differentials
is allowed to vary across countries.

Table 3 presents the results of the tests of conditional convergence for (the log of) net Gini (and
market Gini). Beyond the full sample, we also consider regions and income groups to investigate
the existence of convergence clubs. The first column reports the Augmented Dickey-Fuller t-statistic
of the IPS test along with its significance level. For the full sample, we reject the null hypothesis
of unit root presence, suggesting convergence. When looking at the t-statistic for every country,
the majority of them cannot reject the null hypothesis at 5 percent level. However, the signal from
the latter is not neutral as it lies on the tail of the distribution, and when combined, is sufficient
to warrant the rejection of the null hypothesis for the panel as a whole. This finding is supported
by the Fisher statistic of the MW test.
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We then analyze convergence across regions and income groups. The fact that countries are gen-
erally converging to the average for the sample does not exclude the possibility that countries
are also converging to, for example, a regional average. The results of the unit root tests suggest
that convergence is occurring in Europe and in the Middle East and Central Asia, as well as in
advanced economies. Such findings are once again corroborated by the results of the MW test.
While these conclusions are in general valid also in the case of market Gini, the null hypothesis for
the full sample is rejected at a higher significance level both for IPS and MW, suggesting that the
signal is weaker when redistribution effects are not netted out.

4.3 (Heterogeneous) Dynamics

We now present the IRF for the full sample. Figure 2 reports the median, the average, as well as
the 25th and 75th percentile responses of real per capita GDP growth and net Gini growth among
the 77 countries in the sample over a 12-year horizon. As noted by Góes (2016), this is an infor-
mative way of presenting the results, which would not be available if we had imposed homogeneity
in the estimation. Particularly, we would not be able to know how many countries were actually
behaving as the average dynamics, and inference would be biased in presence of heterogeneity (Pe-
saran and Smith, 1995).

We find a large heterogeneity in the results. While the median impact of income inequality growth
on real per capita GDP growth is negative and lasts for about two years, this is by no means true
for all countries, as shown in the bottom left panel. Indeed, the results for the 25th percentile
show that there is a subset of countries for which the estimated impact is actually positive and
longer lasting. Conversely, the results for the 75th percentile suggest that the negative impact is
about four times larger than the negative median response, and takes longer to die out. Impor-
tantly, the average response can be quite noisy in presence of heterogeneous slopes and dynamics.
For the median response, a one percentage point (pp) shock in the growth rate of income inequal-
ity is associated with a 0.14 pp fall in real per capita GDP growth.

The results in Figure 2 are also informative regarding the impact of real per capita GDP growth
on income inequality growth. The top right panel shows that the median response is negative and
reverts to about zero after two years. However, once again, the variation across countries is con-
siderable, as shown by the 25th and 75th percentile. The effects of the shocks in real per capita
GDP growth and income inequality growth on themselves are positive as expected, and much
more homogeneous (top left and bottom right panels).

As an illustration of the large heterogeneity, we present the cases of two different countries at the
tails of the distribution. Figure 3 shows the estimated response of real per capita GDP to a shock
in income inequality over a 12-year horizon for Nigeria and Finland. For Nigeria, the response is
negative and large. It reaches its maximum magnitude three years after the shock (eight pp fall in
real per capita GDP growth in response to a pp change in the net Gini) and still shows negative
values 11 years after the shock. For Finland, the response is positive over the entire horizon con-
sidered, reaching its maximum magnitude one year after the shock (1.2 pp). While single-country
results might be noisy, they still provide a suggestive picture of the heterogeneity in the strength
of the effect.

Our results so far suggest that the sign and the strength of the relationship between the two vari-
ables varies widely across countries. We now turn to investigate if such heterogeneity persists
across regions (Africa, Asia and Pacific, Europe, Middle East and Central Asia, and Western Hemi-
sphere) and income levels (advanced economies, emerging markets, and low-income developing
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Figure 2: Composite IRFs
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Figure 3: Composite Response of Real per Capita GDP Growth to Income Inequality Growth for
Nigeria and Finland
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countries).17

Figure 4 compares the median, the average, as well as the 25th and 75th percentile response of real
per capita GDP growth to a shock in income inequality growth. With the exception of Asia and
Pacific (which shows an erratic behavior) and the advanced economies (which present a mildly
positive reaction in the second year), the median response remains negative. In terms of magni-
tude, the negative response to a one pp shock in the net Gini is largest in the Middle East and
Central Asia and the Western Hemisphere (about -0.3 pp during the second and the third year af-
ter the shock, respectively), and in emerging economies (-0.4 pp one year after the shock). Even at
the country group level, the median response can be deceiving.

While looking at the median gives an idea of the typical country in the subset, the interquartile
range is telling about the dispersion. As in the case of the full sample, the dispersion is vast across
regions and income groups. Only in Western Hemisphere the 25th percentile answer is negative, in
all other cases it remains positive, suggesting that heterogeneity is present even at regional level.
However, the extent of the positive effect is as large as the full sample or larger only for Asia and
Pacific, the Middle East and Central Asia, and advanced economies; in all other cases, the magni-
tude is reduced.

We now move to look at the statistical significance of the median response of real per capita GDP
growth to shocks in income inequality growth, both for the full sample and for sample subsets.
Figure 5 reports the median response along with the associated 95 percent bootstrapped confi-
dence intervals. The median effect is significant for the full sample at five percent level. Converted
in index numbers and real PPP terms, these responses suggest that for the median country in the
sample, an increase in the net Gini by 0.3 decreases per capita income by $24. However, a look at
the regional and country group dynamics suggests that the effect remains significant only in the
Middle East and Central Asia, the Western Hemisphere, and in emerging markets. In contrast, we
cannot find any significant and positive effect in any sample subsets.

Interestingly, also the time needed for the effect of the shock to phase out is heterogeneous across
country groups. For the full sample, the median response dies out three years after the shock.
However, in emerging economies, it takes longer, as the median response reaches zero only five
years after the shock. In the Middle East and Central Asia and the Western Hemisphere, the me-
dian response is significant two years after the shock and settles in two to three years.18

Figure 6 reports the corresponding median response of the level of real per capita GDP to shocks
in income inequality growth for the full sample and sample subsets. To ease visualization, the me-
dian response is presented in terms of percent deviation from the steady state.19 For the full sam-
ple, real per capita GDP is about 0.3 percent lower with respect to the steady state after a one pp
shock in income inequality growth. The effect is more sizable in the Middle East and Central Asia

17Countries are classified in regional groups according to the IMF regional departments and in income levels
according to the April 2016 IMF World Economic Outlook. See Appendix A for further details on country groups.

18Appendix B reports the median accumulated responses. Unsurprisingly, the long-run effect is significant only
for the full sample (0.4 pp after a one pp shock in income inequality growth), and for Middle East and Central Asia
(1.3 pp), the Western Hemisphere (1.4 pp), and emerging markets (0.9 pp).

19The percent deviation from the steady state ψ is calculated as:

ψg,t+1 =
yg,t(1 + ẏg + IRFg,t+1/100)− yssg,t(1 + ẏg)

yssg,t(1 + ẏg)
100

where the starting level (i.e., only at time t) of real per capita GDP y for the sample group g is equal to the median
real per capita GDP for the sample group g, and is also equal to the steady state real per capita GDP yss; ẏg is the
median growth rate of real per capita GDP; and IRFg,t+1 is the estimated IRF coefficient for the group g at time
t+ 1.

17



Figure 4: Composite Response of Real per Capita GDP Growth to Income Inequality Growth by
Region and Income Level
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(0.9 percent), the Western Hemisphere (1 percent), and in emerging markets (0.8 percent).

Finally, we decompose the responses into those associated to idiosyncratic and common shocks.20

As noted, loading factors contain information about the relative importance of common shocks for
each country and can be used to decompose the aggregate response. Thus, in Figure 7 we present
such decomposition for the response of real per capita GDP growth to income inequality growth.
The results indicate that the great majority of the response is explained by idiosyncratic shocks.

20As noted by Yepes et al. (2015), another way to think about an idiosyncratic shock is to consider any shock
which mostly affects only a single country, regardless of whether the geographic origin is specifically within or out-
side the country. Similarly, a shock which predominantly affects multiple countries, regardless of the specific geo-
graphic origin, is picked up as a common shock.
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Figure 5: Composite Response of Real per Capita GDP Growth to Income Inequality Growth by
Region and Income Level and Confidence Intervals
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4.4 A Look into the Relationship’s Determinants

In order to explore the determinants of the variation in the IRF, we examine the cross-section as-
sociation between certain country characteristics and the strength of the IRF. In particular, we
test whether a better institutional framework could lead to a smaller negative effect of income in-
equality on growth. The benefits of a bad institutional environment tend to accrue to the more
powerful higher income groups through the subversion of legal, regulatory, and political institu-
tions, making them richer and worsening inequality (Glaeser et al., 2003 and Batabyal and Chowd-
hury, 2015). Thus, a higher institutional quality could soften the negative impact of inequality
on growth. Another channel could be the one for which governments characterized by high insti-
tutional quality are often the more meritocratic ones, which provide incentives to compete and
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Figure 6: Composite Response of Real per Capita GDP to Income Inequality Growth by Region
and Income Level
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increase productivity, hence attenuating the deleterious effect of income inequality on economic
activity. Also, we test if higher education has any effect on the extent to which income inequality
reduces economic activity. One of the reasons this may happen is because better educated people
may value education more strongly. Thus, even if the distribution of income becomes more un-
equal, they will refrain from reducing investment in education, which would contribute to mute
the effect of income inequality on economic growth.

There are several indicators of institutional quality or development. We consider here a subset
composed by control of corruption, rule of law, government effectiveness, and political stability
from the Worldwide Governance Indicators and the Economic Freedom of the World Index from
the Fraser Institute. As for education, we use years of schooling from the Barro-Lee database and
education expenditure from the IMF’s Fiscal Affairs Department database.

Measuring the impact of these variables on the strength of the relationship using the IRF coef-
ficients is complicated by the fact that the response coefficients typically vary period by period,
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Figure 7: Idiosyncratic and Common Median Response of Real per Capita GDP Growth to
Income Inequality Growth by Regions and Income Levels
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implying that no single number provides an unambiguous measure of the size of the response. Ac-
cordingly, we examine the magnitude of each of the responses one to four years after the shock
(which correspond to the years where most countries present a significant marginal response), as
well as by the magnitude of the average response coefficient and the accumulated response coef-
ficient over a 12-year horizon.21 More formally, we estimate the following equation with an OLS
estimator:

|IRFi,t| = α+ βIQi + γEDUCi + εi (11)

where |IRF t
i | is the absolute value of, alternatively, the IRF coefficient at time t, the average re-

sponse coefficient, or the accumulated response coefficient for country i; IQ is the institutional
quality variable; EDUC is the proxy for education attainment; and ε is a white noise error term.

21Mishra et al. (2014) use a similar approach.
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As a first step, we examine the bivariate correlation between the IRF coefficients and the poten-
tial correlates. The scatter plots of Figure 8 only shows the relationship for the IRF coefficients
one year after the shock and the accumulated ones for space reasons. The signs of almost all the
bivariate correlations (13 out of 14) are consistent with the hypotheses outlined above. Higher in-
stitutional quality and more years of schooling (or higher education spending) are associated with
a smaller reduction in economic growth in response to an income inequality shock. With the ex-
ception of the correlation between years of schooling and the accumulated IRF coefficients, the
bivariate regression coefficient is always significant.

The multivariate regression results are presented in Table 4. Each panel reports the results of the
regressions of the IRF coefficients one to four years after the shock, the average coefficients over
the 12-year horizon, and the accumulated IRF coefficients on a specific institutional quality vari-
able and years of schooling.22 We report here the results using years of schooling as a proxy for
education attainment. The results are generally robust to substituting years of schooling with edu-
cation expenditure.

The results for control of corruption, rule of law, and government effectiveness are generally con-
sistent with the bivariate correlations in Figure 8. In the case of control of corruption and rule
of law, we find that there is a negative and significant relationship at nearly all the horizons con-
sidered, as well as for the average and accumulated IRF coefficients. In the case of government
effectiveness, the result holds only for the average and accumulated IRF coefficients.23 This is par-
ticularly relevant considered that we have only 75 observations in a regression that is designed to
explain the cross-section values of very heterogeneous estimated parameters. At the same time,
we find little or no evidence suggesting that stronger political stability, a higher value of the Eco-
nomic Freedom of the World Index, and more years of schooling act as absorbers of income in-
equality shocks on economic activity.

22Institutional quality variables are highly correlated. To avoid multicollinearity, they are entered in the specifi-
cation at a time.

23As a robustness test, we estimate the same specifications with a WLS estimator, using the inverse of the stan-
dard error of estimated IRF coefficients as weights. The results are similar to the ones presented in Table 4, sug-
gesting that improvements in controlling corruption, rule of law, and government effectiveness reduce the impact of
inequality on growth.
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Figure 8: Bivariate Correlations
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Source: Authors’ calculations.
Notes: The minimum of the vertical axis for the accumulated IRF coefficients has been set to -20 to ease the visualization of the data. This leaves out
Nigeria, which is however part of the sample to calculate the regression coefficient.
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Table 4: Multivariate Correlations

(1) (2) (3) (4) (5) (6)

IRF 

coefficients 1 

year after the 

shock

IRF 

coefficients 2 

years after 

the shock

IRF 

coefficients 3 

years after 

the shock

IRF 

coefficients 4 

years after 

the shock

Average IRF 

coefficients

Accumulated 

IRF 

coefficients

Control of corruption -0.005 -0.006 -0.004* -0.003* -0.002** -0.028**

(0.004) (0.004) (0.002) (0.002) (0.001) (0.012)

Years of schooling -0.024 0.022 0.012 0.012 0.008 0.092

(0.046) (0.043) (0.027) (0.018) (0.011) (0.137)

Constant 1.070** 0.702** 0.486** 0.295** 0.224** 2.691**

(0.332) (0.310) (0.190) (0.131) (0.082) (0.979)

Observations 74 74 74 74 74 74

R-squared 0.040 0.032 0.043 0.045 0.072 0.072

Rule of law -0.006 -0.006 -0.004* -0.003* -0.002** -0.029**

(0.004) (0.004) (0.002) (0.002) (0.001) (0.013)

Years of schooling -0.016 0.024 0.013 0.014 0.009 0.108

(0.047) (0.044) (0.027) (0.019) (0.012) (0.140)

Constant 1.062** 0.683** 0.473** 0.286** 0.217** 2.606**

(0.329) (0.309) (0.190) (0.131) (0.081) (0.975)

Observations 74 74 74 74 74 74

R-squared 0.047 0.031 0.042 0.045 0.072 0.072

Government effectiveness -0.004 -0.005 -0.004 -0.003 -0.002** -0.030**

(0.005) (0.005) (0.003) (0.002) (0.001) (0.014)

Years of schooling -0.025 0.019 0.012 0.013 0.010 0.118

(0.050) (0.047) (0.029) (0.020) (0.012) (0.149)

Constant 1.059** 0.695** 0.488** 0.299** 0.227** 2.720**

(0.333) (0.313) (0.192) (0.132) (0.082) (0.987)

Observations 74 74 74 74 74 74

R-squared 0.033 0.017 0.030 0.030 0.061 0.061

Political stability -0.006 -0.005 -0.003 -0.002 -0.001 -0.016

(0.004) (0.004) (0.002) (0.002) (0.001) (0.013)

Years of schooling -0.018 0.019 0.007 0.008 0.002 0.020

(0.046) (0.043) (0.027) (0.019) (0.012) (0.140)

Constant 1.040** 0.665** 0.461** 0.278** 0.206** 2.475**

(0.328) (0.309) (0.190) (0.131) (0.083) (0.995)

Observations 74 74 74 74 74 74

R-squared 0.047 0.026 0.030 0.024 0.026 0.026

Economic Freedom of the World Index -0.321** -0.107 -0.103 -0.053 -0.049 -0.587

(0.159) (0.154) (0.094) (0.065) (0.041) (0.487)

Years of schooling -0.004 0.001 0.003 0.004 0.003 0.033

(0.050) (0.049) (0.030) (0.020) (0.013) (0.154)

Constant 2.886** 1.291 1.037* 0.560 0.467* 5.605*

(0.940) (0.914) (0.557) (0.382) (0.240) (2.882)

Observations 67 67 67 67 67 67

R-squared 0.086 0.010 0.024 0.012 0.026 0.026

Source: Authors’ calculations.
Notes: Robust standard errors are reported. ** and * next to a number indicate statistical significance at 1 and
5 percent, respectively.

4.5 Robustness

The estimation methodology employed in this paper should address to the best extent possible is-
sues related to endogeneity caused by reverse causality, cross-country comparability, bias induced
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by assuming homogeneity across countries, and cross-section dependence. Nonetheless, other is-
sues common to the literature may persist. First, measurement error may bias the estimates. Sec-
ond, since the adopted identification strategy is based on some assumptions, these may be driving
the thrust of the results. Third, endogeneity may be present due to some time-varying omitted
variable with an idiosyncratic dynamic and correlated to any of the endogenous variables in the
empirical model. Fourth, dropping countries for which income inequality data is stationary may
bias the results.

We discuss here the results from a battery of robustness tests which address some of these con-
cerns. Figure 9 compares the marginal response of real per capita GDP growth to income inequal-
ity growth of the baseline model to the one obtained from some variations of it. As a first step, we
substitute net Gini with market Gini. This is not strictly a robustness test as post-redistribution
data measure the effects of various policy interventions, however they can still provide insights
about the strength of the relationship.24 Results in the top left panel confirm the negative and
significant relationship between the variables.

While our identification strategy is based on the fact that income inequality is an input in the cal-
culation of income inequality and therefore it is contemporaneously determined, we test the ro-
bustness of the results by inverting the ordering of the Cholesky decomposition. As shown in the
top middle panel, such modification of the identification scheme allows changes in net Gini growth
to have an immediate effect on real per capita GDP growth. Although with a different timing,
such modification of the specification still replicates the negative and significant effect observed in
the baseline results.

Similar to other papers employing different methodologies, we then try to add to our specifica-
tion one variable at a time that is potentially correlated with any of the endogenous variables.25

As a first test, we add redistribution from the SWIID 5.1 in a PSVAR with real per capita GDP
growth and net Gini. The top right panel confirms the negative and significant response of income
inequality growth on economic growth, even though with a somewhat delayed effect. The same
experiment is repeated in the bottom left panel by adding real investment growth to the specifi-
cation, without substantial changes to the estimates. Also, we add terms of trade growth and the
results in the bottom center panel confirm that the marginal response is consistent with that esti-
mated using the baseline specification.26

Finally, we augment the dataset by adding data for the 9 countries presenting stationary series of
net Gini and rerun the PSVAR. The results for the augmented dataset comprising 86 countries
are shown in the bottom right panel. The estimated impact of income inequality on growth is very
similar to that of the baseline sample of 77 countries. Also, the significance of the effect is main-
tained. In general, all the robustness tests provide broad support to the results obtained in the
baseline empirical model.

24Barro (2000) argues that the relationship between net Gini and economic growth may be affected by the redis-
tribution efforts, which may act as a disincentive for investment and economic growth by creating more distortions.

25While the inclusion of all the potential covariates in the same specification may be desirable, this would create
challenges due to the large number of parameters to be estimated with relatively short time series. Also, other vari-
ables could be considered as potential controls, however these are often not available for a sufficient and consecutive
number of years.

26Our robustness tests include the variables commonly used in the literature. However, to the extent that other
variables have an impact on real per capita GDP growth beyond the one coming from income inequality, results
could still suffer from omitted variable bias.
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Figure 9: Robustness Tests for the Composite Response of Real per Capita GDP Growth to
Income Inequality Growth
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Source: Authors’ calculations.
Notes: Confidence intervals are calculated from a resampling simulation with 500 repetitions. The panels report
the response of real per capita GDP growth to a shock in income inequality growth from a PSVAR with the
following variables and orderings: real per capita GDP growth and market Gini (top left); net Gini and real per
capita GDP growth (top center); redistribution, real per capita GDP growth, and net Gini (top right); real per
capita GDP growth, real investment growth, and net Gini (bottom left); terms of trade, real per capita GDP
growth, and net Gini (bottom center); real per capita GDP growth and net Gini including data for countries
with stationary series (bottom right).

5 Conclusions

Despite the relevance of the topic, the literature on the relationship between inequality and growth
is far from being conclusive. From the theoretical point of view, income inequality can either pro-
pel growth by offering incentives to people to be more productive or impair it by reducing de-
mand and worsening health and education for the poorer, among other reasons. At the same time,
the empirical results which often uncover a negative effect of income inequality on growth are
plagued with econometric issues. This paper reassesses the impact of income inequality on eco-
nomic growth by using the largest dataset available on income inequality, allowing for reverse
causality and dynamics, correcting for cross-section dependence, and relaxing the assumption of
cross-country homogeneity.

Our findings suggest that income inequality is converging across countries, and that its impact on
economic growth is heterogeneous. More specifically, countries are generally converging toward
similar levels of income inequality, with Europe, the Middle East and Central Asia, and advanced
economies experiencing within convergence. Employing a heterogeneous PSVAR, we find that the
median response of real per capita GDP growth to shocks in income inequality is negative and
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significant for the full sample. An in-depth look, however, reveals that the effect is dispersed and
that at least one fourth of the countries in the sample presents a positive effect. The only country
groups for which we find evidence of a significant negative effect are the Middle East and Central
Asia, the Western Hemisphere, and emerging markets.

We also find that institutional quality is correlated with the strength of the relationship between
inequality and growth. In particular, we find evidence that a stronger control of corruption, rule
of law, and government effectiveness can reduce the negative effect of income inequality on eco-
nomic growth. Possibly, these results are linked to the fact that governments characterized by
high institutional quality generally provide a more transparent framework to compete and increase
productivity, hence attenuating the deleterious effect of income inequality on economic activity.

Looking forward, other challenges remain to further analyze the relationship between income and
its distribution. In particular, as time goes by, the availability of more observations will permit
building a more comprehensive empirical model, including all possible covariates at the same time.
Moreover, the relationship between income inequality and growth is likely to be non-linear and
country-specific non-linearities should be incorporated in such model.
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Appendix A. Country Groups and Data Sources

We create regional groups according to the IMF regional departments and we classify countries in
income levels according to the April 2016 IMF World Economic Outlook. Specifically, the regional
groups include the following countries:

Africa: Botswana, Ghana, Malawi, Mali, Nigeria, Rwanda, Sierra Leone, South Africa, Uganda,
Zambia, Zimbabwe.
Asia and Pacific: Australia, Bangladesh, China, India, Indonesia, Japan, Malaysia, New Zealand,
Philippines, Singapore, Sri Lanka, Taiwan.
Europe: Austria, Belarus, Belgium, Bulgaria, Croatia, Cyprus, Czech Rep., Finland, France, Ger-
many, Greece, Hungary, Iceland, Ireland, Israel, Italy, Latvia, Lithuania, Luxembourg, Norway,
Poland, Portugal, Russian Federation, Slovakia, Sweden, Switzerland, Turkey, Ukraine, United
Kingdom.
Middle East and Central Asia: Armenia, Egypt, Jordan, Kazakhstan, Mauritania, Morocco,
Pakistan, Tajikistan, Tunisia.
Western Hemisphere: Argentina, Brazil, Canada, Chile, Colombia, Costa Rica, Dominican
Rep., Ecuador, El Salvador, Guatemala, Honduras, Mexico, Panama, Paraguay, Peru, United
States.

And the income levels include the following countries:

Advanced Economies: Australia, Austria, Belgium, Canada, Cyprus, Czech Rep., Finland,
France, Germany, Greece, Iceland, Ireland, Israel, Italy, Japan, Latvia, Lithuania, Luxembourg,
New Zealand, Norway, Portugal, Singapore, Slovakia, Sweden, Switzerland, Taiwan, United King-
dom, United States.
Emerging Markets: Argentina, Armenia, Belarus, Botswana, Brazil, Bulgaria, Chile, China,
Colombia, Costa Rica, Croatia, Dominican Rep., Ecuador, Egypt, El Salvador, Guatemala, Hun-
gary, India, Indonesia, Jordan, Kazakhstan, Malaysia, Mexico, Morocco, Pakistan, Panama, Paraguay,
Peru, Philippines, Poland, Russian Federation, South Africa, Sri Lanka, Tunisia, Turkey, Ukraine.
Low Income Developing Countries: Bangladesh, Ghana, Honduras, Malawi, Mali, Maurita-
nia, Nigeria, Rwanda, Sierra Leone, Tajikistan, Uganda, Zambia, Zimbabwe.

Table A.1 lists all variables used in the paper, along with the source and the scale:

Table A.1: Data Sources

Variable Source Scale
Net Gini SWIID 5.1 Index
Market Gini SWIID 5.1 Index
Redistribution SWIID 5.1 Percent
Real per capita GDP PWT 9.0 PPP
Control of corruption World Governance Indicators Index
Rule of law World Governance Indicators Index
Government effectiveness World Governance Indicators Index
Political stability World Governance Indicators Index
Economic Freedom of the World Index Fraser Institute Index
Years of schooling Barro Lee Database Units
Education expenditure IMF’s Fiscal Affairs Department database Percent of GDP
Real investment growth World Economic Outlook Percent
Terms of trade World Economic Outlook Index
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Appendix B. Accumulated Impulse Response Functions

Figure B.1 reports the median accumulated composite responses of real per capita GDP growth to
income inequality growth for the full sample as well as sample subsets.

Figure B.1: Accumulated Composite Response of Real per Capita GDP Growth to Income
Inequality Growth by Region and Income Level and Confidence Intervals
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Notes: Confidence intervals are calculated from a resampling simulation with 500 repetitions.
Source: Authors’ calculations.
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