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Abstract
We investigate the major factors which drive income inequality in the OECD coun-
tries, using long panel data which span the period from 1870 to 2016. We consider
two measures of inequality: the Gini coefficient and the income share of the top 10%
of the population. Employing the panel vector auto-regression method, we show that
a positive shock to the real interest rate and government spending is negatively and
significantly associated with income inequality in the middle, as well as at the top end
of the income distribution. An increase in real GDP per capita leads to an increase in
income inequality, measured by the Gini coefficient, whereas an advance in financial
development reduces it. We find that income inequality responds negatively to posi-
tive innovation shocks initially, but this effect becomes positive with some time lag
for top-income inequality. Educational attainment significantly reduces top-income
inequality. Our results are robust to alternative specifications, including the local pro-
jection method and estimations based on different samples. We also capture the time
dynamics in our series using a time-varying nonparametric panel data model and
show that the real interest rate and financial development are negatively associated
with income inequality for most of the period in the post-World War II era, while the
effect of real GDP per capita is positive and significant over the same period.
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1 Introduction

Income inequality in developed countries has increased considerably in the past few
decades. For example, Cingano (2014) shows that income disparity in the Organi-
sation for Economic Co-operation and Development (OECD) countries has been at
the highest in the 30 years up to 2014. With the sharp rise in income inequality in
recent decades, mostly in developed countries, there is renewed interest in the topic
in academia and policy circles (see e.g. Aghion et al. 2018; Brueckner and Lederman
2018; Dabla-Norris et al. 2015; Jones and Kim 2018; Roine et al. 2009).

Since Kuznets’ (1955) seminal work, a large volume of literature has examined
the factors which contribute to income inequality and its effects on society and the
economy. Rising inequality causes high social costs, such as increased violence and
criminal activities and worsening health outcomes (see e.g. Enamorado et al. 2016;
Pickett and Wilkinson 2015), poor environmental quality (Hailemariam et al. 2019),
lower economic growth (Alesina and Rodrik 1994; Brueckner and Lederman 2018;
Madsen et al. 2018; Panizza 2002) reduced consumption (Bampinas et al. 2017).

A number of studies have examined and suggested several potential variables which
explain inequality, such as household debt (Iacoviello 2008), innovation and technol-
ogy (Acemoglu 2003; Aghion et al. 2018; Jones and Kim 2018), trade openness and
globalisation (Jaumotte et al. 2013). Nevertheless, none of the related studies have used
long-historical panel data beyond World War II, except Roine et al. (2009). Because
income inequality is a slow-moving process, long historical data are required to cap-
ture the changes over time. However, the paucity of data on income inequality is the
major challenge which constrains the study of long-term causes of income inequal-
ity in the existing literature. In this paper, we aim to fill this gap by employing long
historical data of 146 years to capture the long-run response of income inequality to
shocks to a system of variables using a panel vector autoregressive (PVAR) model
and a nonparametric panel data model. To the best of our knowledge, the only paper
closest to ours which has examined long-run variables that could explain inequal-
ity using long historical cross-country panel data is Roine et al. (2009). Although
they contributed significantly to the understanding of long-term causes of inequality,
there are two limitations in their work. Firstly, although they control for trends and
time-invariant country-specific factors, their approach does not address the issue of
endogeneity which may arise due to reverse causality, from income inequality to the
explanatory variables or due to measurement errors. Secondly, Roine et al. (2009) use
only top-income shares as a special and partial measure of income inequality. This
measure captures only the specific feature of inequality, focusing on the concentra-
tions of income at the top of the distribution while ignoring how the lower class fares
relative to the middle class which can be captured by the Gini coefficient. The present
study addresses these limitations in the analysis of the relationship between inequality
and the factors driving it.

This study contributes to the literature by extending the work by Roine et al. (2009)
on several fronts: (1) by using the panel VAR model while accounting for the issue of
endogeneity, (2) by using a historical data set which covers a time period from 1870
to 2016 and (3) by using the Gini coefficient and top-income inequality (the top 10%)
as the measures of inequality because these measures capture different and unique
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characteristics of income distributions. We use a long panel data series from 1870 to
2016 to envision the long-run relationship between income inequality and the variables
which affect it, utilising the variations over time and across countries. (4) We capture
the time-varying relationship between income inequality and the main explanatory
variables using a flexible varying-coefficient nonparametric panel data technique.

We find that positive shocks to the real interest rate and government expenditures
significantly reduce income inequality in the middle and high-income classes. A pos-
itive shock to per-capita income leads to an increase in income inequality, measured
by the Gini coefficient, but it has a slightly negative effect on the top end of the
income distribution. We find that financial development is negatively associated with
the Gini coefficient, whereas educational attainment reduces top-income inequality.
The response of income inequality to a positive innovation shock is negative for a short
period following the shock, but it becomes positive with some time lag. Our estimates
from the time-varying nonparametric panel data model show that our main findings
hold for most of the period in the post-World War II era. The effect of innovation on
income inequality is time-varying, where the coefficient is negative since the early
1990s and becomes positive after the global financial crises.

The rest of the paper is organised as follows: Sect. 2 presents a review of the
related literature. Section 3 describes the data andmethodology employed in this paper.
Section 4 presents the main empirical findings and discussions from the PVARmodel.
Section 5 presents time-varying nonparametric local linear estimates, and Sect. 6
concludes the paper.

2 Literature review

A large volume of literature has examined topics on income inequality. The existing
empirical literature identifies several factors as key causes of income inequality, such as
increases in household debt (Iacoviello 2008), innovation and technology (Acemoglu
2003; Jones and Kim 2018; Aghion et al. 2018), trade openness and globalisation
(Jaumotte et al. 2013), and monetary policy (Coibion et al. 2017; Furceri et al. 2018).

Lenza and Slacalek (2018) investigate the relationship amongst monetary policy,
income andwealth inequality using quarterly data from 1991 to 2016, for the Eurozone
countries. Their results suggest that the earnings heterogeneity channel plays a key
role: An expansionary monetary policy compresses the income distribution, as lower-
income households become richer. Doepke and Schneider (2006) and Doepke et al.
(2015) also show that monetary policy has a re-distributive effect, where an increase
in the interest rate lowers income inequality due to lower inflation which re-distributes
wealth from upper-class lenders to middle-class borrowers.

Using data for 32 advanced and emerging market countries over the period from
1990 to 2013, Furceri et al. (2018) find that a contractionary monetary policy exacer-
bates income inequality, while an expansionary monetary policy ameliorates income
inequality. Similarly, Coibion et al. (2017) show that a contractionary monetary policy
has significantly contributed to an increase in consumption and income inequality in
the USA since 1980. As argued by Coibion et al. (2017), the impact of the monetary
policy on income distribution comes through the policy’s effect on the real interest
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rate, in the intermediate term. In this regard, they identify three channels through
which the real interest rate may lead to an increase in inequality. Firstly, the income-
composition channel: A reduction in real interest rates will disproportionately lead to
higher increases in the income of those with claims to ownership of firms, given that
wages rise more slowly than profits. Secondly, the financial segmentation channel:
The financial market tends to process information more efficiently and quickly; thus,
agents who trade in the financial markets are more likely to be the first to acquire infor-
mation about changes in real interest rates, compared to other economic agents. As
a result, economic agents who are more connected to the financial markets are likely
to benefit, through increased income and consumption, compared to unconnected
agents. Thirdly, the portfolio channel: Low-income households tend to hold a higher
proportion of their wealth in cash. An expansionary monetary policy induces higher
inflation, and such inflation results in a transfer of wealth from low-income households
to high-income households, causing an increase in consumption inequality. However,
two other mechanisms decrease the real interest rate and reduce inequality. The first
mechanism is savings re-distribution: An expansionary monetary policy decreases
real interest rates, that will, in turn, benefit borrowers at the expense of savers (see
also Doepke and Schneider 2006). In a related study, Mumtaz and Theophilopoulou
(2017) use quarterly data from 1969 to 2012 for the United Kingdom and find that a
contractionary monetary policy causes an increase in inequality.

The secondmechanism is the heterogeneity of earnings: A contractionarymonetary
policy and/or slow economic growth is likely to lead to higher unemployment rates in
lower-income households. In addition, wage rigidity across the income distribution is
most likely to disproportionately affect low-income earners, due to varying degrees
of complementarity or substitutability with physical capital vis-à-vis different agents’
skill-sets. Thus, it is more likely that there will be a decrease in inequality after an
expansionary monetary policy shock. Because the real interest rate has a theoretically
ambiguous effect on inequality, it is an empirical question to ascertain the overall
effect of changes in the interest rate on income distribution. We address this aspect by
accounting for the real interest rate in the panel VAR model we estimate.

Pi and Zhang (2018) consider a two-sector economy and show that the development
of skill-biased technological change increases the skilled-unskilled wage inequality.
Using a New Keynesian model with incomplete asset markets, an asymmetric search
and matching frictions across skilled and unskilled workers, Dolado et al. (forthcom-
ing) show that an unanticipated expansionarymonetary policy increases labour income
inequality between high- and low-skilled workers.

Das and Mohapatra (2003) examine the link amongst stock market liberalisation,
income growth and inequality, and find that stock market growth leads to uneven
income distribution. Kumhof et al. (2015) develop a theoretical model in which high-
income earners accumulate more wealth than low-income earners, by making loans
to low-income earners, thus causing a wider distribution of income. (Iacoviello 2008)
constructed a heterogeneous agents model which mimics the time-series behaviour of
the earnings distribution in the USA from 1963 to 2003. The analysis of this model
shows that an excessive increase in credit from high-income earners to low-income
households is the primary driving force behind income inequality. Beck et al. (2007)
find that financial development benefits the poor and reduces income inequality. In
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contrast, Jauch and Watzka (2016) show that financial development increases income
inequality in a broad panel of countries.

Using state-level data for the period from 1976 to 2013, Aghion et al. (2018) find
a positive correlation between measures of innovation and the top-income inequality
in the US. Jaumotte et al. (2013) examine the relationship between trade and finan-
cial globalisation and income inequality using data for 51 developed and developing
countries for the period from 1981 to 2003. Employing a fixed-effect model, they find
that trade globalisation reduces income inequality, whereas financial globalisation
increases inequality, where innovation is the leading factor. Adrián Risso and Sánchez
Carrera (2019) conduct an empirical study using a panel data set of 74 countries over
the period from 1996 to 2014 and conclude that innovation leads to a reduction in
income inequality. However, for this to happen, the research and development (R&D)
should reach a certain threshold before it starts contributing to a lower Gini coeffi-
cient. Chu and Cozzi (2018) also suggest that promoting innovation by increasing
R&D subsidy reduces income inequality.

Roine et al. (2009) investigate the long-term causes of the top-income inequality,
using long historical data for 16 developed countries for the period from 1900 to
2006, which covers most of the twentieth century. Using first-differenced generalised
least squares (GLS, FDGLS) and dynamic first differences (DFD), they show that
economic growth and financial development are pro-rich, causing an increase in top-
income inequality. Jauch and Watzka (2016) use a data set of 138 developed and
developing countries over the years 1960–2008 andfind apositive relationship between
financial development and income inequality. However, Shahbaz et al. (2015) find a
negative long-run relationship between financial development and income inequality.
In addition, they show that government spending has a negative effect on the upper-
middle class and a positive effect on the nine lowest deciles, but no impact on the
rich. Along these lines, Anderson et al. (2017) conduct a meta-regression analysis
of 84 studies and conclude that there is a moderate negative relationship between
government spending and income inequality.

Gregorio and Lee (2002) examine the link between education and inequality in a
broad panel of countries, using data for the period from 1960 to 1990. They show
that higher educational attainment and more equal distribution of education play a
significant role in reducing income inequality.

In sum, the existing studies provide mixed evidence for the role of various factors in
income inequality.What is common amongst the existing studieswhich have examined
the causes of income inequality is that they use short-span data, mostly from the post-
World War II era, except for Roine et al. (2009). Due to the slow-moving nature of
income inequality, long historical cross-country data are required to understand the
complex evolution and variations of inequality across time and between countries.
This paper aims to fill this gap in the literature. In particular, we extend the work by
Roine et al. (2009), by estimating a panel VAR model using long historical panel data
spanning the period from 1870 to 2010 and by addressing endogeneity issues. We also
depart from Roine et al. (2009) by employing a broad measure of income inequality
(the Gini coefficient) along with the partial measure of top-income inequality. The
advantage of using the panel VAR technique is that it allows the variables in our model
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Table 1 Summary statistics: 1870–2016

Variable Definition Mean SD Min Max

Gini Gini coefficient (index) 33.62 9.47 18.28 80.44

Top10 Income share of the top 10% 36.00 8.05 19.16 76.15

Income Log real GDP per capita ($) 8.67 0.93 6.60 10.50

Rir Real interest rate 5.49 3.04 − 0.14 23.73

Govspend1 Government expenditure (% GDP) 17.20 10.91 0.63 105.69

hhd Household debt (% GDP) 33.26 25.47 0.21 120.96

Credit Private sector credit (% GDP) 57.20 35.90 0.47 204.52

Innovation Log patent applications by domestic residents 7.67 2.21 − 2.98 12.86

Trade Trade (% GDP) 42.80 32.54 1.29 297.39

School Gross enrolment rate 55.83 21.11 2.69 163.93

Stock Equity total return 0.11 0.23 − 0.88 1.67

to be endogenous and interdependent. Moreover, capturing the time-dynamics in the
series using an appropriate technique is important in the study of income inequality.

3 Data andmethodology

3.1 Data

To investigate the long-term effects of various shocks on income inequality, we use a
long historical data set which spans 146 years in 17 developed economies, including
Australia, Belgium, Canada, Denmark, Finland, France, Germany, Italy, Japan, the
Netherlands, Norway, Portugal, Spain, Sweden, Switzerland, the United Kingdom and
the USA. The data for the real interest rate, government spending, household debt,
financial development, stock market returns and real GDP per capita are from Jordà
et al. (2017), available in the Jordà–Schularick–Taylor Macro-history Database. The
data for income inequality, education and innovation are from Madsen et al. (2018).
We utilise two measures of income inequality: the income share of the top 10% and
the Gini coefficient. The top-income inequality measures the share of pre-tax income
earned by the richest 10% of the population in OECD countries. We also use the
Gini coefficient, as this measure captures different features of the income distribution
compared to the income share of the top 10% of the population. Table 1 shows the
summary statistics for the variables.

As shown in Table 1, there are significant variations in income inequality across the
countries. For example, the Gini coefficient has a mean value of 33.6 with a standard
deviation of 9.5, whereas the top 10% income shares have a mean value of 36.0 with
a standard deviation of 8.1. The other variables also exhibit significant variations.

We examine the time-series properties of the variables by performing panel unit
root tests. To test for the stationarity of the series, we employ the cross-sectionally
augmented panel unit root test proposed by Pesaran (2007). The test statistic is com-
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Table 2 Pesaran (2007) panel unit root tests

Variable Levels First difference

z p-value z p-value

Gini coefficient (index) − 1.828 ∗ ∗ 0.034 − 13.335 ∗ ∗∗ 0.000

Income share of the top 10% − 0.975 0.165 − 16.437 ∗ ∗∗ 0.000

Log real GDP per capita ($) − 0.352 0.362 − 5.155 ∗ ∗∗ 0.000

Real interest rate − 4.019 ∗ ∗∗ 0.000 − 17.433 ∗ ∗∗ 0.000

Government expenditure (% GDP) − 1.119 0.132 − 16.473 ∗ ∗∗ 0.000

Household debt (% GDP) 1.389 0.918 − 3.454 ∗ ∗∗ 0.000

Private-sector credit (% GDP) 1.194 0.884 − 12.767 ∗ ∗∗ 0.000

Log patent applications by domestic residents − 0.238 0.406 − 14.941 ∗ ∗∗ 0.000

Trade (% GDP) − 3.788 ∗ ∗∗ 0.000 − 17.539 ∗ ∗∗ 0.000

Gross enrolment rate 0.560 0.712 − 17.751 ∗ ∗∗ 0.000

** and ***indicate significance at the 5% and 1% levels, respectively

puted as a simple average of the individual cross-sectionally augmented ADF (CADF)
tests. The advantage of this test is that it accounts for cross-sectional correspondence
in units. Under the null hypothesis, all of the series in the panel contain a unit root.
Under the alternative hypothesis, at least one of the series follows a stationary process.
The results of the panel unit root test are reported in Table 2.

As shown in Table 2, the test fails to reject the null hypothesis of a unit root in the
series in levels formost of the variables (except for theGini coefficient, the real interest
rate and trade). However, the null of a unit process is rejected for all of the variables
in the first differences. This suggests that most of the variables are integrated of order
1, I(1), and hence, all estimations in this paper are specified in first differences.

3.2 Methodology

We employ a panel VAR (PVAR) model initially proposed by Holtz-Eakin et al.
(1988) to examine the dynamic impacts of the real interest rate, financial development,
income, trade openness, household debt, human capital, technological innovation and
government expenditure on income inequality. The appealing feature of the PVAR
method is that it combines the traditional VAR model, where all the variables in the
system are considered to be endogenous,with the panel-data approach,which accounts
for unobserved individual heterogeneity (Holtz-Eakin et al. 1988; Love and Zicchino
2006; Canova and Ciccarelli 2013). With the increased availability of panel data, the
PVAR technique has become a workhorse in applied macroeconomics and finance
literature (see e.g. Love and Zicchino 2006).1

1 Other models such as global VARs (GVARs) are very useful to study the aggregated impacts or on spill-
overs of shocks from a large economy.However, as large-scale factormodels and due to the issue of the curse
of dimensionality, GVARs are restrictive, as they impose a specific structure on inter-dependencies using
some weights for aggregating the foreign component of the shocks. For example, GVARs can be estimated
by imposing restrictions on the coefficient matrix such that only cross-country averages (assuming N is
sufficiently large) enter the PVARmodel (see e.g. Dees et al. 2007). As we have a small sample N (N = 17),
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The rationalewhichmotivates our choice of the PVARmodel is that income inequal-
ity and the explanatory variables are interrelated, and thus, the effect of a particular
shock could pass to each other through their dynamic interactions. That is, the major
advantage of using the PVAR model is that it allows for multiple variables to be
endogenous, and interdependent in the VAR system, which is the main issue in the
study of inequality. Prominent studies, such as Dees et al. (2007) and Canova and
Ciccarelli (2009), underscore that PVARs provide an excellent way to model a system
of interrelated variables to understand how shocks are transmitted across countries in
an integrated global economy.

Based on the results of the panel unit root tests in Table 2, we specify the model
in first-differences of all of the variables to ensure stationarity in the panel VARs.
Specifically,

�yit = A1,i�Yt−1 + · · · + Ap,i�Yt−p + eit , (1)

where yit denotes a vector of G dependent variables and Yt = (y
′
i t , . . . , y

′
Nt )

′ for
country i = 1, . . . , N , and time t = 1, . . . , T . eit denotes a vector of disturbance terms
which are independently and identically distributed with�i i covariance matrices. The
covariance matrices of the disturbance term in the VARs of country i and j are defined
as cov(eit , e jt ), implying that the lagged variables of country i can influence the
current value of the country j variables. The identification is achieved based on the
Cholesky decomposition of � by imposing a recursive structure on the PVAR system.
In addition, we compute the Hansen J statistic of over-identifying restrictions in the
estimation of the PVAR model.

The simple impulse response function �i and the forecast-error variance decom-
position can be obtained from the infinite-order vector moving-average representation
of the model,

� =
{
Ik, if i = 0∑i

j=1 �i− j AJ , if i = 1, 2,

where �i are the infinite-order vector moving-average parameters. These parameters
can be transformed into the orthogonalised impulse-responses P�i , where P is a
matrix such that P ′P = � which can be used to orthogonalise the contemporaneously
correlated innovations, eit as eit P−1. The matrix P imposes identification restrictions
in the recursive structure of the PVARmodelwith the systemof dynamic equations.We
construct the confidence intervals for the estimated orthogonalised impulse-response
functions using a Monte Carlo simulation of 200 draws with Gaussian approximation.

To capture the contributions of each shock in explaining the variations in income
inequality, we compute the forecast-error variance decomposition following the esti-
mations of the impulse-response functions. Let Yit+h be a vector observed at time
t + h, and E[Yit+h] is the h-step-ahead predicted vector at time t. The h-step-ahead
forecast error is computed as:

Footnote 1 continued
we employ PVAR models which allow focusing on the effects of the various shocks on income inequality
in each country and variable in the structural analysis with fewer restrictions.
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Yit+h − E[Yit+h] =
h−1∑
i=0

ei(t+h−i)�i .

Similar to the derivations of the impulse responses, we utilise the orthogonalised
shocks eit P−1 to perform the decomposition of the normalised contribution to the
h-step-ahead forecast-error variance of variable n given by

h−1∑
i=0

θ2n =
h−1∑
i=0

i
′
n�

′
i��i in .

Finally, the optimal lag orders are chosen using consistentmoment andmodel selec-
tion criteria (MMSC) for generalised method of moments (GMM) models proposed
by Andrews and Lu (2001), as in Abrigo and Love (2016). Based on the three-model
selection criteria proposed by Andrews and Lu (2001), the smallest values forMMSC-
BIC, MMMSC-AIC andMMSC-QIC are obtained when the lag length is 1. Here AIC
is Akaike information criterion, BIC is Bayesian Information Criterion, and QIC is
the quasi information criterion.

We remove country fixed effects using the forward orthogonal deviation procedure,
and we fit a first-order PVAR model in a GMM framework. This procedure preserves
the orthogonality between the variables which are transformed and the lagged regres-
sors, as it removes only the mean of all the future observations available for each
country-year. Therefore, the lagged regressors can be used as instruments to estimate
the parameters with the system GMM (see Arellano and Bover 1995).

The PVAR method offers an excellent way to get point estimates of the average
effects of the covariates on income inequality; however, this method does not reveal
the time-dynamics and how the relationship has evolved. To capture the time-varying
effects of the main explanatory variables on income inequality, we also employ a flex-
ible nonparametric panel data technique with a local linear dummy variable (LLDVE)
estimator proposed initially by Li et al. (2011) and further explored in empirical studies
bySilvapulle et al. (2017) andHailemariamet al. (2019). TheLLDVE technique allows
the estimation of time-varying coefficient and trend functions without the imposition
of restrictive assumptions.

To estimate the time-varying relationship between income inequality and the main
explanatory variables, we estimate the following specification:

Ii t = fi (t) + β1(t)Xit + αi + εi t , (2)

where I denotes the measure of income inequality, fi (t) = fi (t/T ) for i =
1, 2, 3, . . . , N are unknown trend functions andβ j (t) = β j (1/T ), for j = 1, 2, . . . , N
denote the time-varying coefficient estimates; αi represents unobserved individual
effects; and εi t is the disturbance term, and Xit denotes the vector of the explanatory
variables. Confidence intervals for the coefficient estimates are constructed using the
wild bootstrapping method.
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4 Results and discussion

In this section, we present and discuss the main empirical results from the PVAR
model, including the estimates of the impulse response functions as well as robustness
checks, panel Granger causality tests and forecast error variance decomposition.

4.1 Impulse responses

Figures 1 and 3 show the orthogonalised impulse functions (IRFs) of income inequal-
ity measured by the Gini coefficient and the top-income shares (income share of the
top 10%). Figures 2 and 4 report the cumulative impulse responses of both measures
of income inequality, estimated using Eq. (1). The black line shows the estimated
responses of income inequality to a one-standard-deviation shock to the explana-
tory variables. The shaded region shows the 95% confidence interval for the estimates
constructed using aMonte Carlo simulation of 200 draws based on a Gaussian approx-
imation.

As shown in Fig. 1, the impulse response of the Gini coefficient to a positive real
GDP per-capita shock is positive and statistically significant. The response is hump-
shaped, reaching a maximum within about 2 years following the shock and declines
thereafter. Specifically, a one-standard-deviation shock to national per-capita income
is associated with an increase in the Gini coefficient of up to 3% points before the
effect declines permanently in later years. Interestingly, higher real interest rates and
government spending significantly reduce the Gini coefficient. Trade (% of GDP) and
stock returns seem to have a positive but only transitory effect on income inequality,
while financial development is associated with lower inequality following a short-
lived jump at the start of the impact. The response of financial development to income
inequality is negative and persistent except the initial brief spike. This is in line with
previous findings of Beck et al. (2007) who document that financial development
significantly reduces income inequality by boosting the income share of the poor.

While the orthogonalised impulse responses in Fig. 1 are useful to provide insights
into the timing, as well as the magnitude of the average effects of a one-time struc-
tural shock on income inequality, but they do not capture the long-term effects of the
shocks on income inequality. Therefore, we also compute cumulative responses to a
shock in period t at horizon h as the cumulative sum of the orthogonalised impulse
responses from horizon 0 to h. Figure 2 shows that the cumulative impulse response
of the Gini coefficient to shocks to real GDP per capita, interest rate and government
spending is in line with the results in Fig. 1, and the effects are strongly persistent.
However, the cumulative response of educational attainment and stock returns is not
significant. Trade and innovation are positively associated with the Gini coefficient,
with the effect declining after a few years following the shock. The cumulative effects
of the shocks to innovation and financial development differ from the one-time orthog-
onalised responses suggesting the importance of time-dynamics in the shock process
over these variables. We address this issue in Sect. 5 by using a time-varying non-
parametric panel model, which allows a smooth evolution of the coefficient functions
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Fig. 1 The responses of the Gini coefficient to various shocks

over time. We follow the argument by Chu and Cozzi (2018) who state that innovation
ought to reach a certain level to have an impact on reducing inequality.

Figures 3 and 4 show the orthogonalised impulse responses and cumulative impulse
responses of top-income inequality to the shocks to the variables in the PVAR sys-
tem, respectively. Similar to the results in Figs. 1 and 2, the response of top-income
inequality to shocks to the real interest rate and government spending is negative and
statistically significant. As shown in Fig. 3, a one-standard-deviation positive shock to
government spending leads to a decline in top-income inequality of up to 5% points
following the shock before the effect is reversed to zero. Figure 4 shows that the
cumulative effect of the shocks on top-income inequality is persistent for most of the
variables except for stock returns and financial development. This shows that if the
government implements an expansionary fiscal policy, the economy moves towards a
more even income distribution. That is, progressive taxation leads to re-distribution
of income and hence, lowers uneven income distribution (Roine et al. 2009).

Unlike the response of the Gini coefficient to a shock to real GDP per capita, the
results in Figs. 3 and 4 show that a positive real GDP per-capita shock leads to a
significant reduction in top-income inequality. Figure 4 depicts that the cumulative
response of top-income inequality to a the real interest rate shock decreases imme-
diately before levelling-up. This might imply that higher real interest rates tend to
immediately reduce entrepreneurship income, as the cost of loans goes up and vice
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Fig. 2 The cumulative impulse response of the Gini coefficient to the various shocks

versa. The accumulated impulse response by the top-income earners to stock returns
shocks is positive, but the effect is not statistically significant.

The response of income inequality to positive innovation shocks is negative upon
impact but turns out to be positive eventually. This points to the ripple effect that
innovation has on income distribution in an economy in the long-run. Also, the results
in Figs. 3 and 4 show that the orthogonal impulse response and cumulative impulse
responses of income inequality to trade openness shocks are statistically significant.
The orthogonal impulse response of top-income inequality to schooling shocks is neg-
ative and significant upon impact but dies off after about 5 years, while the cumulative
impulse response is persistent and remains statistically significant. This is consistent
with the findings of Galor andMoav (2004) which document the importance of human
capital and access to credit in fostering economic development and reducing inequal-
ity. In an extensive survey using a meta-regression analysis, Abdullah et al. (2015)
also find that education reduces top-income inequality by boosting the income of the
earners at the bottom of the distribution and reducing that of the top of the distribution.

According to the cumulative impulse responses in Fig. 4, the response of top-income
inequality to household debt shocks starts positive but quickly dies off. Compared to
Fig. 2, the cumulative impulse response of the Gini coefficient from the household
debt shocks is sustained. This shows that the Gini coefficient is affected more by
household debt shock. This result confirms previous findings by Iacoviello (2008) and
Berisha et al. (2018), who find a positive relationship between household debt and
income inequality. Interestingly, an increase in household debt causes an increase in
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Fig. 3 Impulse response of top-income inequality

income inequality, regardless of the measure of income inequality (i.e. either for the
top-income inequality or the Gini coefficient). However, the impact on top-income
inequality is less pronounced. This supports the notion that the top-income earners
extend loans to lower-income groups which leads to more income being transferred
from lower-income to higher-income groups, thus increasing the Gini coefficient.

In sum,monetary policy and household debt shocks seem to have an important effect
on income distribution regardless of the measure of income inequality. In relation to
existing studies, our results lend support to thefindings of several recent studies, such as
Berisha et al. (2018), Doepke et al. (2015), Doepke and Schneider (2006) and Davtyan
(2017). As argued by Doepke et al. (2015), an increase in interest rates generated by
higher expected inflation has a significant reducing effect on income inequality. One
channel through which a tight monetary policy reduces income inequality is through
re-distribution effect of changes in inflation. As documented by Doepke and Schnei-
der (2006), an announcement of a higher inflation target by a central bank has a
re-distributive effect in favour of the poor as middle-aged middle-class households.
These types of households tend to have the largestmortgage-debt burden, and thus, sig-
nificantly benefit from the re-distributive effect at the expense of wealthy retirees. That
is, a contractionary monetary policy which increases the interest rate induces lower
inflation, and unanticipated lower inflation results in a transfer of wealth from higher-
income households to lower-income households, leading to a decrease in inequality.

Nevertheless, our results contradict other recent studies, such as Furceri et al.
(2018) and Mumtaz and Theophilopoulou (2017), who document that contractionary
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Fig. 4 Cumulative impulse response of the top-income inequality

monetary policy shocks are associated with higher income inequality. In addition,
Furceri et al. (2018) show that the negative effect of a contractionary policy is larger
for lower-income households, compared to higher-incomes households. Along these
lines, Mumtaz and Theophilopoulou (2017) also find supporting evidence that a con-
tractionary monetary policy causes an increase in earnings, income and consumption
inequality in the United Kingdom.

4.2 Granger causality test

In this section, we perform panel Granger causality tests to confirm the existence of
causality from each of the explanatory variables to income inequality. The null hypoth-
esis is the absence of causality, while the alternative hypothesis states the existence
of Granger causality that runs from an explanatory variable to the measure of income
inequality. The results for the Granger causality test are reported in Table 3.

As shown in Table 3, all of the covariates except for stock returns and schooling,
Granger cause the income inequality measured by the Gini coefficient. Similarly, all
of the covariates (except for financial development and stock returns) Granger cause
top-income inequality at conventional significant levels, confirming our main results.

4.3 Robustness Check

As the data set covers a long period in the past, data quality and comparability might
be a concern for earlier periods, especially in the pre-war period. In this section, we
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Table 3 Granger causality test

Gini Top10

χ2 p-value χ2 p-value

Real interest rate 41.990 0.000 10.120 0.001

Stock returns 0.004 0.948 0.268 0.605

Household debt 52.113 0.000 54.402 0.000

Financial development 31.371 0.000 0.422 0.516

Government spending 32.080 0.000 176.171 0.000

Trade (% GDP) 78.472 0.000 60.721 0.000

Innovation 40.405 0.000 60.592 0.000

Schooling 0.323 0.570 3.915 0.048

Real GDP per capita 154.995 0.000 56.694 0.000

ALL 338.897 0.000 394.231 0.000

re-estimate the impulse responses of the Gini coefficient to the shocks to each variable
for the sub-sample from 1960 onward to check if our results from the post-World
War II data are similar to our main findings for the full sample. Figure 5 shows the
orthogonalised impulse responses using data for the sub-sample 1960 onward. As
shown in Fig. 5, the response of income inequality to the shocks to the explanatory
variables is qualitatively similar to our estimates using the full sample presented in
Fig. 1.2

Further, we perform a sensitivity analysis using the local projection method pro-
posed by Jordà, (2005). As the impulse response functions in the PVAR model are
computed period-by-period moving forwards iteratively, they may entail biases, par-
ticularly at longer horizons due to potential model misspecification. To circumvent
this issue, Jordà, (2005) proposes an innovative method to derive impulse response
functions by estimating local projections at each point in time instead of extrapolating
into distant horizons to avoid the risk of model misspecification. Following Jordà,
(2005), the impulse-response at period t + s from experimental shocks, di,t at period
t is given by

�(t, s, di,t ) = ∂ yt+s

∂δt
= E(yt+s |δt = di,t ; Xt )

−E(yt+s |δt = 0; Xt ) for s = 0, 1, 2, . . .

where di is an additively conformable vector to yi , the operator E(.|.) is the best, mean
square error predictor and Xt = (yt−1, yt−2, . . . , yt−p). Projecting yt+s onto the linear
space generated by Xt yields the local projection which consists of h-regressions:

2 Further, we make a sensitivity test regarding the identification based on Cholesky decomposition by res-
estimating our PVAR model with different orderings of the variables. We find that the results are invariant
to alternative orderings. Moreover, the p-value of the Hansen J test for overidentifying restriction obtained
from the PVAR estimation is 0, suggesting that we cannot reject the null hypothesis that the exclusion
restriction is valid.

123



1950 A. Hailemariam et al.

Fig. 5 Impulse response of the Gini coefficient (post-1960 period)

yt+s = αs + Bs+1
1 yt−1 + Bs+1

2 yt−2 + · · · + Bs+1
p yt−p + ust+s s = 0, 1, 2, . . . , h,

where αs is a vector of n × 1 constants, and Bs+1
i are coefficient matrices for each

lag i and s + 1 horizons. The impulse response estimates from the local projection
specification above are given by:

�̂(t, s, di ) = B̂s
1di

where B̂s
1 are the coefficients in the impulse response with normalisation of B0

1 = I .
The impulse responses from the local projection method are presented in Figs. 8

and 9 in the appendix. The figures show that the estimates from the local projection
method are generally consistent with our main findings from the PVAR model. As
shown in Fig. 8, a positive shock to the real interest rate, government spending, inno-
vation and financial development are negatively associatedwith top-income inequality,
whereas a household debt shock is positively associated with top-income inequality.
The results in Fig. 9 also generally are consistent with the result for the response of
the Gini coefficient to the shocks to the main covariates.

4.4 Forecast error variance decomposition

To quantify the magnitude of the contributions to the variations in income inequality,
that is explained by the shocks to one of the independent variables, we present the
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Table 4 FEVD

h Rir Stock hhd Credit Govspend Trade Innovation School Income

Panel A: FEVD of the Gini coefficient

2 0.69 0.88 2.65 1.23 11.29 1.92 1.43 0.07 6.71

3 0.83 1.13 2.97 1.70 12.39 1.77 2.32 0.18 8.85

4 0.99 1.15 3.05 1.67 12.10 1.72 2.29 0.18 11.05

5 1.11 1.15 3.36 1.74 11.84 1.73 2.25 0.18 12.21

6 1.22 1.15 3.52 1.74 11.66 1.72 2.26 0.18 13.09

7 1.30 1.15 3.68 1.76 11.53 1.71 2.28 0.18 13.65

8 1.36 1.15 3.78 1.76 11.44 1.71 2.30 0.18 14.07

9 1.41 1.16 3.86 1.76 11.37 1.70 2.30 0.18 14.36

10 1.44 1.16 3.91 1.76 11.32 1.70 2.30 0.18 14.58

Panel B: FEVD of top 10 inequality

2 0.94 0.36 4.40 0.24 18.82 1.83 2.53 9.69 2.03

3 1.64 0.53 5.04 1.16 18.42 4.30 4.78 9.22 1.84

4 1.59 0.53 4.96 1.24 18.95 4.26 5.36 9.12 2.52

5 1.60 0.54 4.99 1.46 18.88 4.25 5.45 9.06 2.81

6 1.61 0.53 5.00 1.45 18.83 4.24 5.52 9.01 3.09

7 1.63 0.53 5.03 1.46 18.79 4.23 5.52 8.99 3.21

8 1.65 0.53 5.04 1.46 18.76 4.23 5.52 8.98 3.31

9 1.66 0.53 5.05 1.46 18.77 4.23 5.51 8.97 3.34

10 1.67 0.53 5.05 1.46 18.77 4.23 5.51 8.97 3.36

h = 1, . . . , 10 are years of forecast horizons. The forecast-error variance of series i due to shock j is given
by the i j th entry in the matrix. rir = real interest rate, hhd = household debt, stock = stock returns, credit =
private sector credit as % of GDP, govspend = government spending, trad = trade as % of GDP, innovation
= stock of domestic patents, school = general secondary school enrolment, income = real GDP per capita

forecast-error variance decomposition (FEVD) for the total effect accumulated over
the 10-year forecast horizon. Table 4 presents the FEVD results, showing the contri-
bution of each shock in the variations in income inequality. As shown in Panel A of
Table 4, shocks to income and government spending contribute the largest percentage
of variations in the Gini coefficient, accounting for about 26% of the total variations.
The magnitude of the contributions of these variables is increasing with the forecast
horizon. Specifically, the importance of national per-capita income in explaining the
variations in income inequality doubles as the forecast horizon increases to 10 years.
However, the lowest contributors are the number of years of education, stock returns
and real interest contributing only less than 3%, combined. The contributions of the
innovation shocks range between 2.7% and 3.9% in the 10-year forecast horizon.

Panel B of Table 4 shows that the variation in income inequality captured by the top-
income inequality is mainly explained by shocks to government spending, the number
of years in school and innovation, which account for about 33% of the total variations
in income inequality. The variables which contribute weakly to explaining variation
in inequality are stock returns, the real interest rate and financial development; these
variables jointly explain only 4% of the variation. Shocks to interest rates affect the

123



1952 A. Hailemariam et al.

Gini coefficient more than the top-income inequality. This result confirms that as the
real interest rate increases, it leads to higher income for the rich, by increasing the
burden of the debt held by lower-income households. This result is similar to that of
Berisha et al. (2018). However, unlike their findings, in our study, the equity channel
is relatively weak in explaining the variation in income inequality. Unlike the findings
of Jones and Kim (2018) and Aghion et al. (2018), in our study, the contribution of
innovation to income inequality is limited. This could be explained by the inclusion of
many variables in the model and the longer data set used in the analysis. For example,
there was lower variability in innovation changes in nineteenth century compared to
the twenty-first century.

5 Time-varying nonparametric estimates

The point estimates from the PVAR model are useful to summarise the average rela-
tionship between income inequality and the covariates, but these estimates do not
capture the time-varying effects of these variables on income inequality. To capture
the time-dynamics in the series, we estimate a time-varying nonparametric panel data
model which allows the coefficients to evolve smoothly over time.3 In this section, we
present our estimates of the time-varying nonparametric coefficient and trend functions
from the LLDV estimator described in Sect. 3.2.

5.1 Nonparametric time-varying coefficient functions

Figure 6 presents the LLDV estimates of the time-varying coefficient functions and
their 90% confidence intervals. As shown in Fig. 6, the estimated time-varying coeffi-
cient function on real GDP per capita is positive and statistically significant for most of
the sample period under consideration. Specifically, an increase in per-capita national
income is associated with an increase in income inequality measured by the Gini coef-
ficient for the period after 1980. More precisely, a 1% increase in real GDP per capita
is associated with about a 0.2% increase in the index of the Gini coefficient in this
period except for recent years. This result is in line with the findings of Dabla-Norris
et al. (2015) who document that income inequality is at a record high in developed
economies, indicating that the difference between the rich and the poor is widening.
The estimate for the time-varying coefficient function on the real interest rate has been
mostly negative and statistically significant for most of the post-World War II period
except for a brief period in the early 1960s. This result lends support to evidence docu-
mented by Berisha et al. (2018) that show that there is a negative relationship between
income inequality and interest rates. Interestingly, income inequality has becomemore
responsive to the real interest rate recently, and the trend has been downwards since
2012. Our results for the time-varying effects of real GDP per capita and the real inter-
est rate are in line with the average relationship shown by the parametric estimates in

3 Because the time-varying nonparametric technique requires balanced panel data, our sample is restricted
to be from 1960 onward.
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Fig. 6 Nonparametric time-varying coefficient functions

the previous sections. However, our LLDV estimates show that there is little evidence
in support of the role of government expenditure in income inequality.

The LLDVE shows that the effect of innovation on income inequality is time-
varying. As shown in Fig. 6, innovation is mostly negatively associated with income
inequality from 1990 to 2016. However, the relationship turns out to be positive and
statistically significant in the post-global financial crisis (GFC) period (see Aghion
et al. 2018 for a related study). An interesting result emerges from the coefficient trend
of financial development. As shown in the bottom of Fig. 6, an increase in financial
development is associated with lower income inequality for most of the sample period,
and the effect becomes pronounced since 2000. This result is in line with the findings
of Beck et al. (2007) who find that financial development measured by private credit
reduces income inequality by boosting the incomes of the poorest quintile. They show
that there are two channels through which financial development may affect the poor:
changes in income distribution and aggregate growth. The plausible explanation is
that credit market imperfections with transactions costs impede access to credit by the
poor who lack collateral and good credit histories. Thus, promoting access to credit
and relaxing credit constraints will disproportionately benefit the poor and reduce
inequality (see also Galor and Zeira 1993; Galor and Moav 2004).

5.2 Common and country-specific trends

We now turn into our kernel estimates of the common and country-specific trend
functions of income inequality measured by the Gini coefficient. Figure 7 presents
the common and country-specific trend function together for each country to facilitate
comparisons. The blue line indicates the estimated common coefficient function with
narrow confidence bands represented in red dots. The country-specific trend functions
are represented by dashed black lines. As shown in Fig. 7, the estimated common
trend function for income inequality is growing at an increasing rate since 1980. This
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Fig. 7 Country-specific nonparametric trend functions

result supports earlier evidence by Dabla-Norris et al. (2015), who argue that income
inequality has been at its highest in recent decades for developed countries.

The country-specific trend functions follow closely the common trend functions for
most countries. The patterns of the individual trends in Fig. 7 show that the country-
specific trend functions are well above the common trend for Australia, Canada,
Germany and Sweden suggesting that income inequality in these countries is the
primary cause of the upwards-sloping common trend. Interestingly, the individual
trends for some of the countries in our sample, including Finland, France, Portugal
and Switzerland, have been slightly declining in recent periods.

6 Concluding remarks

In this study, we empirically examine the impact of long-run shocks to a system of
variables on income inequality, considering the Gini coefficient and the income share
of a nation’s top 10% earners as the two measures of income inequality which capture
different characteristics of the income distribution. We employ the panel VARmethod
and alternative techniques using long historical panel data that span more than a cen-
tury, which allows us to examine the long-run interaction between these variables.
Utilising the panel VAR technique allows us to simultaneously investigate the role of
the real interest rate, trade openness, financial development, innovation, government
spending and household debt have on income inequality while accounting for endo-
geneity issues and unobserved heterogeneity.We also employ a flexible nonparametric
panel data model with time-varying coefficients and trend functions to account for the
time-varying dynamics in the series.

The main results for the PVAR model reveal that an increase in the real interest
rate leads to a significant decrease in income inequality in the middle, as well as at
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the top end of the income distribution. An increase in national per-capita income is
positively and significantly associatedwith an increase in income inequality, measured
by the Gini coefficient. Financial development reduces income inequality measured
by the Gini coefficient suggesting that it disproportionately raises the income share
of the incomes of the poor which narrows the gap in income with the rich. The effect
of innovation on income inequality is negative upon impact, but this effect becomes
positive with some time lag. The response of top-income inequality to schooling is
negative and statistically significant, suggesting the importance of human capital in
boosting the income share of the poor.We find that household debt exacerbates income
inequality. Our main results are robust to alternative specifications, including the local
projection method and estimations based on different samples.

We also capture the time-dynamics in our series using a time-varying nonparamet-
ric panel data model. The local linear estimates from the nonparametric model reveal
that the effect of the main variables on income inequality is time-varying in terms of
magnitudes. However, the results confirm most of our main findings of the average
relationships obtained from the parametric models. Specifically, growth in real GDP
per capita is positively and significantly associated with income inequality for most of
the period since the late 1960s. Increases in the real interest rate and financial devel-
opment are negatively associated for most of the period in the post- World War II era.
The effect of innovation on income inequality is time-varying, where the coefficient is
negative since the early 1990s and turns to be positive after the global financial crisis.
There is little evidence for the role of government spending. Overall, our estimates
from the time-varying nonparametric panel data model show that, on average, our
main findings hold for most of the period in the post-World War II era.

Our results suggest that policymakers need to take re-distributive effects of mon-
etary and fiscal policy changes into account. In particular, greater independence of
central banks with a focus on prices stability might be effective in reducing income
inequality. Our results also suggest other important policy implications depending
on the type of inequality measure. To foster equality and development in the lower-
and middle-income classes, policymakers should expand social welfare schemes and
reduce household debt.

Appendix A

Impulse responses from local projectionmethod

This appendix presents the impulse responses of top income inequality andGini coeffi-
cient, estimated from the local projectionmethod proposed by Jordà, (2005). Figures 8
and 9 show the response of income inequality measured in income share of top 10%
and the Gini coefficient, respectively.
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Fig. 8 Impulse response of top income inequality from a local projection method

Fig. 9 Impulse response of the Gini coefficient from a local projection method
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