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Abstract 

The Occupy Wall Street events of 2011 resurfaced the issues of wealth and income 

inequality for North American‟s and the world. To understand the economic impacts 

of divisive income distributions and the specific effects from particular income 

groups, this paper endeavours to revisit the work of Voitchovsky (2005). By applying 

the same panel techniques, extending the sample period, and controlling for 

inequality between the top one percent and the top ten percent, the research gives a 

sense of the robustness of the short-run relationship between growth and income 

inequality. The results suggest that the relationship is sensitive to instrumentation, 

in number and choice; and, the relationship is insignificant across all experiments. 
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1. Introduction 

This paper inherits context from the aftermath of the Great Recession, the Occupy 

Wall Street movement, and the renewal of interest for research on income inequality 

from the late 1990‟s and early 2000‟s. The objective is to bring empirical affirmation 

– or lack thereof – to the posited hypothesis that inequality from different parts of 

the income distribution has distinct and opposite effects on growth. 

The recent research on income inequality gives a substantial overview of the past 

and present literature. It describes the early hypothesis of Simon Kuznets advanced 

in the 1950‟s – namely that economic growth affects the distribution of income – and 

carries into the models of the late 20th and 21st centuries. Those works shed light on 

how and why income inequality should be relevant to economic growth. Also, they 

demonstrate that there exist a number of plausible mechanisms to describe the 

relationship between the two variables. Due to the conflicting nature of these 

mechanisms and the absence of consistent empirical results, researchers have not 

found a consensus as to the appropriate direction of the impact of income inequality 

on growth. 

One assertion states that top end inequality affects economic growth in a positive 

manner that is opposite to the effect of bottom end inequality (Voitchovsky, 2005). 

In turn, it also forms the basis upon which this paper will build. 

To enable the primary objective of this paper, data is sourced from the Luxembourg 

Income Study. In a natural extension to the original work, and with a desire to 

address the lack of time-series periods, the analysis is replicated using up-to-date 

figures spanning the period of 1970 to 2010. Lastly, a unique set of moments are 

calculated directly from the micro data to identify how a recent rise in income 

inequality at the top 1% of the income distribution impacts economic growth. 
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As a practical matter, it has proven difficult to identify sufficient volume and quality 

of data that can satisfy the requirements of the system GMM estimator. The minutia 

of the econometric methods and the data limitations exacerbate the complexity of 

the matter. In particular, balancing the instrument count and appropriately selecting 

instruments proved arduous in the current context. 

Resulting empirical estimates suggest that the coefficients on inequality, investment, 

and education are insignificant in the relationship with growth. Only the lagged level 

of GDP has a significant and negative effect on the growth rate. These conclusions 

are sensitive to the number and selection of instruments. 

The body of this paper is laid out as follows. Section two surveys a selection of the 

existing literature. Section three contains discussion of the data set and its 

extension. Section four recapitulates briefly the methodology in use. Section five 

presents the results along with analysis. Section six demonstrates consistencies 

between the results of this research and that of existing empirical evidence. Finally, 

section seven concludes in a succinct amalgamation of the paper‟s findings relative 

its objectives. 

2. Literature Review 

The early context of this paper is defined by a series of works which apply cross-

sectional regressions atop long periods of data on income inequality – 20 years or 

more – to identify its long term effects on economic growth. The work of Perotti 

(1996) offers results and apprehensions consistent with past and future literature. 

His methodology was later eclipsed by the onset of panel data techniques; however, 

his empirical exploration of mechanisms remains relevant even in current papers. For 

those reasons, I believe it serves as a quality marker for the contextual origins of 

this research. 
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Identifying the Sign and Significance of Income Inequality Through Cross-

Sections 

Perotti (1996) apprehends that certain properties of the data create just concern for 

the existence of biases and measurement error. Furthermore, he acknowledges that 

the parsimony of his models – which are representative of models from that period – 

lends itself to omitted variable bias. Contending with these caveats he puts forth four 

concepts: 1) Endogenous Fiscal Policy 2) Sociopolitical Instability 3) Borrowing 

Constraints & Investment in Education 4) Joint Education/Fertility Decision; and 

computes cross-sectional regressions to examine the strength of each. The results 

reveal several complex links through which income inequality significantly and 

negatively impacts growth. The evidence strongly supports bases 2 and 4 while 3 

receives some support and 1 shows no notable traction. 

The premise of the endogenous fiscal policy model is that redistributive taxes have a 

negative relation to household income. Through the median voter theory, it is known 

that the median voter will decide the tax rate of a given economy. Therefore, when 

the median household income is elevated it will carry with it a diminishment of the 

tax rate. This is due to the incentives for households to accumulate income through 

the provision of smaller tax payments. In turn, this accumulation of income (e.g. 

investment) will encourage positive economic activity and be reflected in the growth 

rate. When subjected to the data, Perotti (1996) demonstrates that the principal 

does not hold. Redistributive taxes have a significant positive correlation with 

growth. Furthermore, the effect of endogenous fiscal policy should be more prevalent 

in democratic countries. However, there is little evidence of correlation between 

equality and fiscal variables in such countries; thus, the hypothesis is intractable 

under the evidence. 

The sociopolitical mechanism emphasizes the negative implications of physical 

manifestations stemming from households which are opposed to the level of income 
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inequality at status quo. Polarized distributions exhibit a higher degree of rent 

seeking, violence, demonstrations, and black market activity as compared to their 

less polarized counterparts. Higher degrees of unrest discourage investment and 

accumulation of wealth through the unpredictability of political and legal rule, as well 

as the potential disruption of markets and labour relations. Theory would have it that 

more inequality leads to less stability, followed by less investment and less economic 

growth. Reporting a strong negative correlation between the middle income share 

and the index for socio-political unrest, as well as a negative association between the 

index and economic growth, the data firmly supports the socio-political model.  

Under borrowing constraints and investment in education, individuals must evaluate 

whether to invest in education given their level of income. The assumption made 

regarding borrowing constraints is such that the individual cannot borrow against 

future income. In turn, the direct costs associated with school attendance, the 

opportunity costs of investing in schooling rather than earning wages, and the initial 

income level of the household will determine whether it is feasible to invest in 

education. Thus, under an initial income distribution skewed towards inequality, few 

will have the means to afford schooling and the economy‟s human capital level will 

be lower than it would be if the distribution skewed in favor of equality. The empirical 

evidence demonstrates that secondary school enrollment is positively related to 

income distribution, implying that the causal chain takes the following form: in a 

more equal distribution the effects of borrowing constraints would be diminished, 

more households could make investments in education, and human capital will grow 

and positively impact long-run economic growth. 

Income levels and total cost of schooling also play a pivotal role in the joint 

education/fertility decision. All else held constant, a higher level of fertility implies 

that each child would be allocated less resources to be used towards his or her 
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education. Alternatively, holding fertility constant, while increasing inequality, also 

diminishes the resources per child. Furthermore, for countries with high levels of 

human capital the opportunity cost of foregoing schooling heavily outweighs the 

direct costs of attending. Consider now the inverse scenario. Any increase in equality 

– direct or indirect – will create in net a decrease in fertility, an increase in human 

capital, and a rise in economic growth. 

Taken in sum, this work indicates the existence of a positive correlation between 

growth and income equality. However, the source of this correlation appears to be 

found primarily in cross country variations; and the correlation weakens in low 

income countries and dictatorships. It was thought that democracies would have 

larger positive effects on growth, but no such relationship could be identified 

robustly. Furthermore, the effects of income and democracy on growth cannot be 

distinguished from one another. 

Another contributor to the research on income inequality is Bénabou (1996). 

Motivated by the stark differences in the evolution of apparently similar countries, he 

delves deeper into the underlying features of individual countries and furthers three 

principal avenues. Similar to Perotti (1996), Bénabou (1996) focuses on systems of 

political economy and social conflict. 

His presentation of the political economy mechanism takes three major forms: 1) 

complete markets 2) imperfect asset markets 3) missing asset markets. The 

dynamics of the complete market are sufficiently different from those of the 

imperfect one. The imperfect and missing markets are quite similar. 

A first-order evaluation of complete markets reveals that all agents will invest an 

identical fraction of the economy‟s aggregate resources. Under that condition, no 

redistribution will take place and the second period income across individuals will be 
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the same. After allowing intergenerational links in the OLG model, it is shown that 

the intra- and inter-generational growth rates remain equal. Subsequently, the 

relative income distribution is stationary and the tax rate is time invariant. This 

implies the initial distribution will determine the long-run steady-state of the 

economy. Individuals below the per-capita average of the initial distribution will 

prefer progressive taxation as they will benefit from higher redistribution in the 

second period. Thus, if the initial state is one in which the decisive voter is below the 

per-capita resource average and the 50th percentile, the voters will select a higher 

and intertemporally inefficient time-invariant tax rate which will stunt long-run 

economic growth. Therefore the effects of taxation, and their sign, are generally 

consistent with that posited in prior works. Empirically, the regression results also 

support the work of Perotti (1996). By contrast, it can be said that there are several 

instances of positive and significant correlation between economic growth and taxes 

or transfers. Such a statement must also be followed with appropriate recognition 

that the sign and significance of the coefficient is not without variation. Under the 

current guise, the majority of correlations between income distribution and taxes 

were insignificant and their signs again subject to variation. Accordingly, the 

individual argument of complete markets under political economy is insufficient as 

explanation for the underlying ties between income inequality and economic growth. 

When the economy exhibits incomplete or missing asset markets (e.g. imperfect 

markets) households effectively lose the ability to borrow and their saving behaviour 

changes; each household will now save an identical fraction of their own income. The 

optimal tax rate will once again be rising in inequality, however, the effect of 

redistribution on economic growth becomes hill-shaped. Credit frictions amplify the 

negative effect of income inequality on investment and further diminish growth. 

Nevertheless, tax transfers act opposite this last effect and promote growth. The 
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same counterbalancing effect is present between government consumption and 

public expenditure as they relate to education. The whole of these interactions make 

it difficult to assign a conclusive effect on growth. 

To examine the dynamics of social conflict and property rights as they pertain to 

economic growth, Bénabou defines a form of the prisoner‟s dilemma game that 

includes capital accumulation. The social planner would choose, repeatedly, that both 

income groups – high and low – cooperate in each round. Such an outcome could 

also be achieved without the social planner, if both players have proper incentives 

and neither group‟s relative position of income or power is sufficiently distorting. As 

the relative positions of the players rise in inequality, instability rises and deters 

economic growth. Of the two major forms, which are socio-political and country-

specific risk, it is country risk that receives strong empirical support. 

Once again, the effects of inequality are manifested differently subject to their 

unique channels. While channel signs vary, the results of the imperfect market and 

social conflict analyses lend confidence to the true sign of their effects by virtue of 

the significance of the coefficients.  

On the subject of convergence in inequality, evidence from higher moments indicates 

that the mean Gini across countries has been stable; showing only a small decline 

between 1970 and 1980. Any inference as to the state of convergence is precluded 

by the questionable state of the data and the substantial mobility observed in the 

Gini of individual countries. 

Striving to support inference and research quality in the late 1990‟s, Deininger and 

Squire (1996) introduced a more relevant, expansive, and elevated quality data set. 

The lack of lengthy time periods and inconsistency of variable definitions were 

recognized as a severe impairment to the confidence of regression results. They set 
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out to resolve measurement error and biases by establishing a set of data points that 

fulfilled higher data quality standards.   

To be classified as high-quality data, all observations had to be sourced from an 

official household survey that was comprehensive in its coverage of the population 

and in its consideration of income sources. Given the expanded coverage of their 

data set – particularly the inclusion of less developed countries – it was determined 

that gross income would be chosen over net income, as taxes are less distorting in 

the bulk of countries recorded there. Lastly, the income inequality variable had to be 

computed from actual observations of individual units drawn from the household 

survey. 

To eliminate the potential that disparate definitions would create false variations in 

the data, Deininger and Squire chose household surveys with infrequent changes and 

applied adjustments to the data where needed. However, they remind the reader 

that there remains a lack of country-level data and an inability to control for country-

specific unobservables. 

The authors proceed with a series of regressions using their new data. A substantial 

finding is that aggregate inequality measures hide changes within the separate 

groups of the income distribution. Deininger and Squire demonstrate that the Gini 

coefficient alone does not have much variation, however the income shares do. 

Those shares can be seen as offering complimentary information about changes 

within the income distribution. Their conclusion is substantiated by the lack of 

correlation between the changes in the Gini coefficient and the change in income 

shares as computed from their new data set. 

In closing, they suggest: aggregate growth has no clear directional relationship with 

income inequality; there exists a strong correlation between changes in growth and 
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changes in quintile income shares; and 85% of cases where the Gini was observed 

as increasing, there was a positive effect on economic growth, which also led to an 

increase in the income share of the bottom quintile. 

Income Inequality in Panel Estimation 

Li and Zou (1998) build a model in which a portion of government spending is 

considered to be productive and thus factors into the household‟s utility function. 

Taxes are considered to be monotonically increasing in income, therefore, when 

inequality falls, the average household income rises and so does the tax rate. The 

driving element of this relationship is the increasing marginal utility of productive 

public expenditure as private household income rises. The model thus reflects the 

reality of many developed nations where average incomes and tax rates are higher. 

Note that developed countries are also characterized by lower economic growth rates 

than less developed countries. This stands as a stark reminder that while households 

of this model enjoy higher utility by electing higher tax rates, they pay for this 

decision through the previously identified concepts that posit negative effects on 

growth from higher taxation. Hence, as presented in this model, more equality 

implies reduced economic growth. 

In their assessment of the empirical analysis, the authors leverage the Deininger and 

Squire data set that was not available prior. Numerous adjustments are made to the 

data as prescribed. One of which is the use of five year averages in order to remove 

noisy short-run fluctuations and balance out the panel. As just alluded to, this 

research proceeds with panel estimation techniques. In such, the authors can peer 

specifically into the dynamic relationship between income distributions and economic 

growth. The regression results reveal that the Gini coefficient is positive under all 

models and significant in six of the eight models tested - four out of four fixed effects 

models and two out of four random effects models. Also, the level of GDP has a 
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negative and significant impact on economic growth, but the coefficient of the 

democracy variable insignificant. 

Li and Zou‟s research justifies the existence of empirical grounds for a positive 

correlation between income inequality and economic growth. The robustness of their 

coefficients is elevated by the use of a substantially improved data set and dynamic 

panel methods that reduce concern for endogeneity and country-specific effects. 

In light of the concerns relating to data quality and the sensitivity of coefficients in 

the simplified regression analyses of the cross-sectional research, Forbes (2000) 

undertakes a reassessment of the empirical correlation between income inequality 

and economic growth. The data set is again that of Deininger and Squire (1998), and 

her econometric model is composed in such a way to match – as much as possible – 

that of Perotti (1996). Where the two analyses differ is in Forbes‟ use of panel 

estimation and five-year period intervals. Any difference in results would then be 

likely tied to the qualities of the data set and time period, as opposed to the form of 

the regression model. To further ensure model estimation is not solely responsible 

for the results, four estimation methods are applied to the data; the preferred being 

the Arellano-Bond first-difference estimator. Interestingly, under all four techniques 

the resulting coefficient of inequality in growth regressions is positive, significant, 

and of a large magnitude. 

The focus of the research is on the changes to inequality and growth within a country 

over a period of time. This differs from the long-run horizon of the papers of the late 

1990‟s. Furthermore, differences in sample size and scope, data quality, and finally 

variable definitions, will contribute to distancing these results from those of prior 

papers. To determine the extent to which each factor influences the final value of the 

coefficient on income inequality, Forbes proceeds to address each element 

independently by removing them in a series of sensitivity experiments. The paper 
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identifies that adopting a ten-year period rather than five-year impacts both the 

significance and sign. Removing each of the five outlier countries – one at a time – 

from the sample has no bearing on the results. However, implementing time and 

period dummies is strongly recommended as the comparison of results, absent these 

variables, suggests a strong omitted variable bias. Sample selection is likely involved 

in creating a portion of the disparity; as repeating the experiment with the Deininger 

and Squire low-quality data, renders the coefficient insignificant and pushes its value 

close to zero. 

Faced with continued inconsistency in the empirical evidence Banerjee and Duflo 

(2003) seek to analyze the effects through a different structural relationship. Here 

the authors hypothesize that diverging evidence from the research on income 

inequality and growth is due to a non-linear relationship. Linear models are biased by 

the correlation between the inequality variable and the error term. Subjecting these 

to panel estimation would correct for their biases if the true relational structure was 

indeed linear. However, several research examples demonstrate that the sign of the 

inequality coefficient becomes positive and remains significant under fixed effect and 

Arellano-Bond estimation. Such an inversion of the coefficient‟s sign cannot be 

explained by classical measurement error alone. 

To offer an alternative interpretation of the data that can support non-linearity, two 

new models were built on the basis of the concepts of Political Economy and Wealth 

Effects. Leading with Political Economy, opposing groups play a hold-up game. Each 

group cares not about the effect on future output of their current decisions. A group 

will choose to hold-up the economy from its potential growth rate by requesting 

transfers from the opposition when their share of output is low. Potential growth 

peaks when there is no conflict, and diminishes as parties increase the magnitude of 

transfers in either direction. 
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Inequality is also important in the Wealth Effects model given that wealth at time t 

affects wealth at time t+1. Every household will want to invest until the marginal 

return on investment is equal to the interest rate; some, however, will lack the 

wealth to do so. In sufficiently rich countries, if the median level of wealth permits 

every household to invest the optimal amount, then inequality would have no 

bearing on growth. An additional property of this model is the convergence of 

wealth; whereby over time, inequality will decrease as will growth. Combining the 

two properties reveals the need for an interaction between inequality and growth to 

allow for the changing nature (non-linear to linear) of the relationship. 

Turning to the actual data, there is concern that data ruptures and measurement 

error are at fault for the peculiar tendencies therein. For example, a five-year period 

during which the Gini increased is often immediately followed by a five-year period 

where the Gini declined. There is little confidence that the effect can be properly 

identified. 

Applying the same controls and regressors as Perotti (1996), the results of the 

empirical estimation suggest that there is no effect of income inequality on economic 

growth in the short-run. It is also suggested that any change in current income 

inequality is detrimental to the growth rate of the future period. The linear 

specification using a lagged income inequality variable reveals a negative but 

insignificant coefficient. Interestingly, the use of a quadratic lag of income inequality 

produces differing results above and below a Gini threshold of 0.45. Below the 

threshold, the coefficient is negative and insignificant; above the threshold it 

becomes positive. Mirroring the above relationship, it is also identified that present 

changes in inequality are strongly and negatively correlated to the level of inequality 

in the previous period. 



17 
 

In a variety of specifications, the tests to validate the underlying linearity of the 

model are often rejected or returned with strong grounds to reject. The authors 

suggest the relationship is incorrectly specified; stating that random, fixed, and first-

difference models will give undue weight to more frequent decreases in inequality, 

thus leading to a positive coefficient for the inequality variable. 

Voitchovsky (2005) conjectures that the underlying mechanisms combined with the 

varied extent of inequality inside the overall income distribution are responsible for 

the effects of inequality on growth. She also states that a single distribution statistic 

may be overly restrictive when trying to identify the effects of inequality. Its final 

effect will be a weighted result of the partials from which it is composed. The paper 

aims to reconcile the divisive literary evidence that inequality can be growth-

enhancing and growth-deterring. 

To this end, the research employs data from the Luxembourg Income Study which is 

highly standardized, sourced from household surveys, and focused on high income 

countries. The caveat, however, is in its small sample size. Through the direct access 

of the data set, it is also possible to create independent ratios to capture bottom- 

and top-end inequality. A quick survey of the summary statistics suggests that the 

ratios capturing top and bottom inequality – which are 90/75 and 50/10 respectively 

– can vary widely over time, but the Gini demonstrates more consistency. 

The data is tested through the typical five-year panel data growth model. Control 

variables include inequality measures, average years of schooling at time t-1, and 

average investment measured over the five-year period ending at time t. 

Interpreting the coefficients of this model equates to identifying the short-run effects 

of income inequality on growth when holding all other control variables constant. The 

system GMM estimator was chosen to avoid bias in the coefficients, to address 
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endogeneity and country-specific effects, to account for small sample size, and to 

preserve a maximum of the intertemporal variation in the data. 

When only one inequality variable is included in the regression equation its 

coefficient is insignificant. Jointly, all three inequality variables, as well as the 

combination of the Gini and 90/75 ratio, are in fact significant despite this former 

finding. Thus, the Gini index and inequality ratios provide complimentary information 

that can be helpful in identifying the effects of inequality on growth. 

In a model containing only the Gini and top inequality ratio, controlling for the latter 

renders the coefficient of the Gini negative. The opposing effects may inform as to 

why no single measure is significant. Even under sensitivity analysis, the signs of 

each coefficient are unchanged and it is only the significance that alternates. The 

analysis echoes previous research, suggesting that there is sensitivity to the 

estimation methodology. However, the notion that inequality in different portions of 

the distribution has distinct effects on growth remains. Using only the Gini will show 

the strongest effect imperfectly, or often suggest the coefficient is insignificant. The 

dominant effect cannot be identified, nor can it be ascertained that the structural 

equation is indeed linear. Moreover, the five-year structure may not provide enough 

time for the economy to react in the data.  

Bagchi and Svejnar (2015) assert that the importance of wealth, relative to income, 

calls for more direct efforts to be made when measuring it and its effects on 

economic growth. Additionally, it is imperative to identify the sources of inequality; 

as theory proposes that they may have differing and opposite effects. 

Methodologically, the econometric structure of the model follows that of the 5-year 

panel models discussed in preceding paragraphs. The two predominant model 

elements, however, are distinct. The authors create their wealth value from the 
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available information in the Forbes annual list of world billionaires. Wealth inequality 

for each country is then calculated three ways by dividing the sum of billionaire 

wealth over the following bases: 1) GDP 2) Physical capital stock and 3) Population. 

The consequence of this approach, is such that the paper speaks primarily to the 

effects of concentration of wealth at the top of the distribution. Their second unique 

element is developed by conservatively assessing the extent to which an individual 

would, or would not, have achieved their wealth without the support of political 

connections. The assessment yields two forms of wealth:  politically connected and 

politically unconnected. They estimate by way of a fixed-effects model, and 

compliment their results with a robust sensitivity analysis that includes first-

difference, system GMM, and random-effects estimations 

Findings reveal that wealth inequality is generally negatively and significantly related 

to economic growth. Upon decomposition, it is identified that politically connected 

wealth is responsible for this effect and political unconnected wealth is insignificant. 

The research of Lee & Son (2016) seeks to pursue panel estimation methods in the 

application of research on income inequality. Working with a more modern time 

period, an extended sample size, and, lastly, an extended time period, the authors 

add to the work of Forbes (2000), Li & Zou (1998), and others. 

To build a larger sample that would comply with the Deininger and Squire (1996) 

quality requirements – micro sourced, representative sampling, comprehensive 

income measurement – two data sets are combined. The World Development 

Indicators are merged with the LIS to cover a period spanning from 1980 to 2010. 

The set contains 107 countries, 79 of which are developing nations. Given the focus 

on developing nations, the inclusion of recent historical periods, and the breadth of 

the time span, the results of the empirical analysis can reveal telling information 

about the more recent structural dynamics of developing nations. 
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For estimation and sensitivity analysis, three samples are used: the constructed 

baseline set, the Forbes (2000) original data set, and a combined Forbes (2000) and 

baseline set. The estimation method chosen is system GMM. 

Under the baseline set, two models with varied instrument specification are tested; 

each confirms a negative and significant effect of inequality on economic growth. A 

negative and significant coefficient for GDP per capita suggests consistency with the 

theory of convergence. The effect of education is positive. The effect of democracies 

is insignificant. Price distortions, which can be thought of as the threshold required to 

be able to invest, negatively affect growth. These findings are consistent with several 

aspects of cross-sectional regressions of the late 1990‟s. However, they are 

contradictory to the findings of aforementioned panel method research which 

predicted a positive or insignificant effect of inequality on growth. The differences are 

suggested to come from the selection of countries and the time period studied.  

To support this explanation, new regressions are computed using three samples. For 

example, the original Forbes data is estimated using difference GMM and system 

GMM; the same two techniques are then applied to a combined data set which 

covers the period from 1965-2010 by concatenating the Forbes (2000) data to the 

Lee & Son (2016); and the effects of sampling are examined through two 

subsamples of the Lee & Son (2016) data by isolating the high-income countries. 

The qualitative results of Forbes (2000) are upheld in the difference GMM estimation, 

but their significance quickly disappears with the addition of controls or the switch to 

system GMM. Moving to the expanded data set, the difference GMM results repeat 

themselves. System GMM reveals a negative effective that is just significant. In 

middle- and low-income countries, both estimation methods confirm a negative 

significant effect of inequality on growth. That effect becomes insignificant in high-
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income countries. Additionally, the effect turns positive in the system GMM 

estimation. 

Tracing the Evolution Inequality in Canada and the USA 

This study tracks the evolution of wealth inequality in the United States and identifies 

that this form of inequality has been increasing sharply since the 1970‟s (Saez & 

Zucman, 2014). While the top 0.1% of wealth holders have accumulated wealth 

rapidly, the bottom 90% has seen their wealth decline since the 1980‟s. The latter 

group has had a fall in their savings and stagnant growth in incomes, while the 

former has benefited from strong labour income growth; which lifted their savings 

and snowballed into their accumulation of wealth. 

The evolution of inequality is said to follow a U-shaped pattern. The recent growth of 

wealth concentration at the top of the distribution is spurred by that in the top 1% of 

earners. The bottom 50% of the distribution holds only slightly more than 0% of the 

wealth. Measuring the 50-90 range is effectively the same as measuring the bottom 

90%. The wealth pattern for this group over the observation period was an inverted 

U. They hold 90% of non-mortgage debt and their net housing and fixed income 

assets are no longer the source of wealth they once were. Members of this group 

have seen their debt levels erode their wealth. Lastly, average real wages were 

stagnant to the level of 1986; for the top 1% of the population, that figure has 

tripled. 

Three forms of inequality are primarily responsible for the inequality observed in 

wealth. They are: income inequality, saving rate inequality, and rate of return 

inequality. There exists a positive correlation between saving rates and wealth. The 

fall of savings in the bottom 90% would thus predict a fall of wealth for that same 

group. Furthermore, an interaction between income inequality and savings can be 

observed. One manifestation of this is evident through the large gap between income 
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share and wealth share. In 2012, for the bottom 90%, these values were 60% and 

23%, respectively. 

Similarly to the United States, the evolution of incomes in Canada is marked by a 

dramatic increase in that of top earners during a very specific period in history. The 

data is sourced from Canada‟s long-form census which covers a large portion of the 

population (20%) and does not top code the incomes of the highest earners. 

The broad trends are consistent with those of data from tax forms. These sets 

confirm that the top 1% income share grew from 8% to 14% after being relatively 

stable prior to the 1980s. Amongst the top 0.01%, real income growth was 160% 

over a 28-year period. Over that same period, the average income of the bottom 

90% of earners rose only 2% in real terms.  

Along with stagnation of incomes, the authors point out that the share of income 

accounted for by labour earnings is on the decline. Excluding the top 1% of earners, 

labour share of income fell 8 percentage points to 54% in the 20 years or so prior to 

2011. The implication is that for each year of the aforementioned period, $2.5 billion 

of income moved from the bottom 99% towards the top 1%. Furthermore, the 

threshold that determines who classified as a top income earner rose from 

approximately $120 000 in the 1980‟s and 1990‟s, to $160 000 in 2011. 

Paradoxically, the labour earnings of the top 1% account for 82% of their income. 

That figure slips to 60% for all individuals; and, recall, further to 54% for the bottom 

99%. 

Another point of interest can be found in the relationship between top income 

earners and education. Records demonstrate that 65% of earners from the top 1% 

have education equivalent or greater to a Bachelor‟s degree. Across all income 

earners, only 19% meet that qualification. 
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3. Income Distribution Data 

Data is from the Luxembourg Income Study (LIS). The key reasons behind this 

decision are twofold. First, using the same dataset as Voitchovsky (2005) ensures 

maximum comparability between the two works, it allows the relationship she 

identified to be re-examined with a larger number of observations, and it facilitates 

the imputation of precise income share ratios to examine the effects of the recent 

evolution of inequality in the top one percent. Second, the particularities of LIS, 

which will be shown below, support the more passive angle of this paper: the effects 

of income inequality on economic growth in developed countries. 

Particularities of LIS 

In a review of the Luxembourg Income Study (LIS), Ravallion (2015) outlines the 

properties that make the set advantageous and contentious for use in the 

comparison of international income distributions. The system was conceptualized in 

1982, but saw a spike in its use for publishing around the early 2000‟s. The most 

commonly researched theme in the LIS dataset is that of income inequality. A 

particularly attractive feature of this database is that it facilitates access to 

harmonized unit-level data. “Lisification” of the raw data, ensures that metrics are 

computed on the same base and sourced from respectable surveys.  

That particular feature of the data is one that Voitchovsky attributes much 

importance to and her decision to use to LIS is well-founded. In fact, numerous 

researchers have alluded to and expressed caution towards the inference of their 

results on the basis of poor quality data. Credible survey and information collection, 

risk of measurement error, response biases, discrepancies between recipient units 

across country data, variations of income measures, and population coverage, have 

all been weaknesses of previous data sets (Perotti, 1996) (Deininger & Squire, 1996) 

(Forbes, 2000) (Banerjee & Duflo, 2003). 
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Harmonization and high quality surveys are the cornerstone of LIS. By virtue of this, 

the data available from LIS is the most comparable and consistent across countries 

and definitions. Approximately 40 countries representing 62% of the world‟s 

population are accounted for. There is a demonstrated bias for developed countries, 

and progress to add surveys from developing nations is slow in comparison to the 

Povcal database for example. Within developed countries, ample historic survey 

records are available – the same cannot be said of developing nations which figure in 

the LIS database. Additionally, the practice of computing Gini index values through 

income methods – as opposed to expenditure – further suggests bias as this data is 

more commonly available in developed nations. To their credit, LIS records a 

comprehensive set of income types.  

Analyzing further LIS practices, reveals that no effort is made to impute missing 

values or control for the fact that their pattern is unlikely to be random. Key figures 

provided by LIS are deliberately top- and bottom-coded at ten times the median and 

one percent of the mean. Also, the equivalised income scale implies substantial 

economies of scale to household size. Ravallion (2015) points out that the most 

substantial particularity is the bias introduced by survey non-response. There exists 

a clear significant and negative correlation between income and survey compliance. 

After adjusting for this, the paper illustrates that both the Gini index and the mean 

income of a country increase non-trivially. The biases introduced may even be large 

enough to offset those corrected by LIS at the onset. 

The rich bias and reliability, as well as depth and breadth of the data from developed 

nations, makes LIS a useful tool for analyzing rich countries and conducting 

comparisons of relative income. The relative homogeneity of these countries also 

serves to reduce the potential bias caused by unobservable country-specific effects. 

However, to be of more international value, the system should embrace a wider 
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variety of measures and standards. Herein, the concern is on the former of these two 

analyses and thus the concerns related to the latter are set aside. 

Using LIS 

For the purpose of this paper, the caveats of the LIS data are of less concern and the 

bias for developed nations functions as an advantage. The data offers time series 

observations that allow the researcher to answer the question “what is the effect, 

over time, of a change in income inequality on economic growth within a given 

country?” Notice how this differs from previous cross-sectional research which spoke 

more to the effect, over time, of changes in income inequality across countries, and 

of all income levels. 

While it is not possible to extract, from LIS, the micro data itself, it is possible to 

access and manipulate it through Stata-type commands. The results can then be 

returned in the form of an excel output. Data extracted from LIS for this paper are 

the key inequality variables: Gini indices, and income share ratios. 

To compute the Gini index of each country, several steps are required. Beginning 

with the disposable income of each household, any missing observations are 

dropped. Since the unit of choice is the household, LIS recommends using the 

Equivalised Disposable Household Income (EDHI). This accounts for differing 

household sizes and certain economies of scale. The equivalisation is achieved by 

dividing the disposable household income by the square root of the number 

household members. Lastly, the EDHI are top- and bottom-coded in the manner 

recommended by LIS, and applied by Voitchovsky (2005). The upper and lower 

thresholds are thus ten times the median of non-equivalised income and one percent 

of the equivalised mean income. Table 1 demonstrates the Gini values of this paper 

alongside those of Voitchovsky (2005). 
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Income share ratios, in turn, are based on the same truncated EDHI values as the 

Gini indices. They are allotted to a percentile-distribution by a weighted interaction of 

household population and household members. The ability of the user to compute 

their own distribution allows for the creation of any such ratios.  Herein, the 

distribution is divided into percentiles, and the computed ratios are: 99/90, 90/75, 

and 50/10. 

To eliminate the concerns of measurement error and data quality concerns among 

the 4 eastern European countries (Czech Republic, Hungary, Poland, Russia), the 

sample is limited to the 21 baseline countries for which data is presented in Table 1. 

As a final note on computations, the following inequality statistics were achieved 

through linear interpolation of adjacent years: Austria 1990; Ireland 1990; Spain 

1985; Switzerland 1985, 1995. 
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4. Research Approach & Methodology 

The approach of this paper is to follow closely that of the research on which it is 

based, namely Voitchovsky (2005) so as to re-estimate the effects and robustness 

posited therein. Model specifications, data sources, and regression variables remain 

identical, with the exception of the “Tip-top” variable (99th / 90th percentile). 

However, the restatement or discontinuance of historical data, the change in 

reporting of the currency‟s base-year, and the change in national surveys make it 

practically impossible to reconstruct exactly the sample as it was when Voitchovsky 

first conducted this exercise. 

The Model 

Regression specification is chosen such that economic growth is explained by the 

lagged dependent variable (yi,t-1), a vector of control variables (Xi,t), a country-

specific effect (ηi), a time-specific effect (ht), and a random error component (νi,t). 

yi,t - yi,t-1 = (α-1)yi,t-1 + βXi,t + ηi + ht + νi,t (1) 

which simplifies to 

yi,t = αyi,t-1 + βXi,t + ηi + ht + νi,t (2) 

The use of this form contains an implicit imperative: to eliminate the biases 

associated with the lagged dependent variable and the correlated control variables. 

These biases are the result of unobservable country and time effects, as well as 

endogeneity in right-hand-side variables. 

Occasionally, suggestive evidence has limited the need to correct for them, 

particularly as it relates to endogeneity; however, prudence dictates that, where the 

methods are available, proper corrections should be applied (Li & Zou, 1998). 

Assuming the effects are of a linear form, the optimal method to correct the 
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expected bias is indeed through panel estimation (Banerjee & Duflo, 2003). The 

current form not only accounts appropriately for the lagged dependent variable, but 

its efficiency also exceeds that of the fixed-effects model (Lee & Son, 2016). 

Control Variable Selection 

Variables are chosen through legacy. They are those that have been used and 

scrutinized by the researchers who re-invigorated this debate. Given the limited 

number of observation groups, the entire exercise, including the selection of 

variables, is undertaken with some degree of parsimony. Hence, the focus is placed 

on primary determinants of growth such as past GDP, human capital, and physical 

capital. 

The inclusion of the lagged dependent variable allows the equation to capture a 

variety of implicit effects, such as the decreasing returns to scale predicted in the 

Solow model; which would otherwise bias remaining coefficient estimates. Human 

capital is captured by the average level of education, as measured by Barro & Lee 

(2013), and physical capital is defined as the average rate of physical capital 

accumulation to GDP over the five years ending in period t. Income shares are then 

used to complement the Gini, so as to provide a partitioned view of the distribution 

for each country1. 

The Tip-top income share (99th/90th percentile) is a unique feature of my paper. Its 

inclusion is reasoned through the observations of rising top-end inequality in the 

United-States and Canada. In the US, wealth disparity has reached a level 

comparable to that of the 1920s (Saez & Zucman, 2014). Meanwhile, Canadian 

income data demonstrates that the top 0.1% of earners progressed from 20 to 50 

times the country‟s average income (Lemieux & Riddell, 2015). By estimating the 

                                                           
1
 The added value of income share analysis is well documented by Deninger and Squire (1996) 

and through the research of Bénabou (1996) and Voitchovsky (2005), which shows how 
overall inequality measures can falsely report stability despite large variations within their 
components. 
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effect of the Tip-top group, this research aims to spark a nascent comprehension of 

the economic repercussions of increasing inequality at the top one-percent. 

Estimation by System GMM 

The system generalized method-of-moments estimator can be traced back to the 

work of Holtz-Eakin, Newey, and Rosen (1988). The demonstration of its efficiency 

was more recently conducted by Blundell & Bond (1998). Further work in the 

advancement and advantages of non-parametric and panel estimation is also found 

in Arellano & Bond (1991). 

As its name implies, the technique uses a system of equations estimated 

simultaneously. Designed to maximize the use of panel information, the system 

requires two forms of equations. The first form is the standard representation in 

levels and the second, the first differenced transformation of the levels equation. 

This feature of having both levels and differences renders the system GMM estimator 

particularly efficient in samples where the number of time observations is limited. 

Voitchovsky (2005) demonstrates that only 10 percent of the sample‟s variation is 

found in the time-series rather than in the cross-country data. With such a small 

share of the variation, avoiding the need to discard any of it is intuitively 

advantageous. 

Furthermore, under finite time periods, it cannot be expected that all moment 

conditions between the instruments and errors will be zero. The requirement is thus 

modified such that the technique aims to minimize the magnitude of the vector of 

moment conditions (Roodman, 2009).  

To find instruments, it is not necessary to look outside the set of control variables. 

System GMM allows lagged values of the control variables to be fitted to the model. 

In order for lagged values to act as instruments, there must be no correlation 
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between them and the fixed effects. This paper takes advantage of this flexibility and 

uses, strictly lagged values of the control variables in the instrument set. 

Instrument Selection 

Initial instrument selection follows that by Voitchovsky (2005). The default 

instruments for the first-differenced equation are: yt-2, yt-3, ΔAvgYrsScht-1, 

ΔInequalityVariablest-1, Investt-1. Instruments for the levels equation are: ΔInvestt, 

ΔAvgYrsScht-1. 

However, the choice of instruments is offered little support other than through the 

non-rejection of Hansen and difference-in Hansen tests. Furthermore, it is 

inconsistent with two standard treatments of GMM instruments. First, the typical 

requirement that levels be instrumented by differences and differences instrumented 

by levels. Second, that predetermined variables be instrumented by a lag of one-

period or longer, and endogenous variables instrumented by a two-period lag or 

longer. For these reasons, further experiments select different instrument sets based 

on the guidelines set-forth (Roodman, 2009). 

Almost invariably, instrument sets are collapsed due to the small number of 

observation groups. Instrument counts were also tested against strong decreases, 

while monitoring the changes caused to the significance of the lagged dependent 

variable. 

Stata Xtabond2 

Contrary to the use of DPD98 by Voitchovsky (2005), this paper proceeds with the 

estimation of the equations through Stata. The command in question is “xtabond2”. 

Users will find that observation clustering is achieved implicitly through “xtset” and 

they are given full control over the selection, grouping, and lagging of the 

instrumental variables. Furthermore, the package incorporates features that allow it 
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to replicate the results of DPD98, ruling out the software package as a source of 

discrepancy for the empirical results. 

In accordance with Roodman (2009), endogenous and predetermined variables are 

handled using the GMM option, and the exogenous variables are treated by the IV 

option. To obtain reasonable coefficient estimates it is necessary to include the 

variable for which an estimate is desired, or its proxy, among the two-part 

instrument matrix. Therefore, in all cases, all equation variables figure in one or the 

other part of the instrument matrix. Time dummies are always included as part of 

the instrumental variable option. Proxies for lagged GDP, Investment, Average Years 

of Schooling, and inequality variables are incorporated in the GMM portion of the 

instrument matrix. This partitioning is particularly due to Voitchovsky‟s stated 

treatment of these as endogenous and predetermined variables. 

5. Empirical Results 

Descriptive Statistics 

From the descriptive statistics in Table 2, growing disparity across all measures of 

inequality is apparent. The mean values of the Gini and income share ratios all trend 

upward in a manner consistent with that described by patterns of wealth and income 

concentration in the US and Canada (Saez & Zucman, 2014) (Lemieux & Riddell, 

2015). Although wealth and income are distinct distributions, the former is simply 

more skewed than the latter (Perotti, 1996). Their underlying forms are expected to 

be consistent. In fact, in a recent account, it is recognized that a distributive shift in 

income was a driving element of the change in wealth (Saez & Zucman, 2014). 

Sensitivity to a Reduction in the Number of Instruments 

To limit their impact and identify valid instrument sets, this paper follows the 

methods recommended by Roodman (2009); which include aggressively compressing 

the number of instruments to reveal changes in coefficient significance. By virtue of 
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the regression specification, its variables, time dummies, and limited sample size, 

finding the balance that lies between too few and too many instruments is difficult. 

The existence of these limitations imposes a forced handshake amongst the model 

and its instrument matrix. To overcome the issue of exact specification and shelter 

the results from bias equivalent or greater to that of ordinary least squares, the 

instrument matrix must be composed of an absolute minimum of 13 instrumental 

variables – in specifications with more than a single inequality variable this minimum 

is increased by the number of inequality variables added – and a maximum of 21. 

To demonstrate the sensitivity to the instrument count, coefficients and standard 

errors are reported in Table 3. These regressions include only the Gini variable as a 

measure of inequality. 
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An initial regression was run, unrestrained in its instruments, and without concern 

for the lag periods chosen by Voitchovsky; the count exceeds one hundred and the 

Hansen tests for overidentification all posit a perfect unit score. This is immediate 

evidence of invalidated tests due to excessive instrumentation. Narrowing down the 

instruments by moving along to strictly those described in the Instrument Selection 

sub-section, the count falls to 56 and the significance of lagged GDP falls. The 

significance falls further as the instrument matrix of the lagged dependent variable is 

collapsed and the count is reduced to 46. In the fourth experiment, if one collapses 

all predetermined variables and leaves, expanded, only the lagged dependent 

variable, then the count becomes 26 and the significance is shown to fall once again. 

The fifth and final exercise demonstrates results of a fully collapsed set of control 

instruments. The instrument count now falls between upper and lower boundaries, it 

is the only instance in which the significance increased as the instrument count fell, 

and, for which the significance also approaches the 5 percent level (p > 2.00 = 

0.059). Furthermore, the Hansen tests and autocorrelation tests also produce values 

considered to be in the plausible range. With these results, it appears justified to 

select this as the preferred method of instrument reduction. 

Results of the Baseline Sample with Collapsed Instruments 

In Table 4, columns 1 through 7 represent the same formulations tested by 

Voitchovsky (2005), while 8 through 10 are inclusive of the Tip-top income share. Of 

the 30 coefficient estimates among the first 7 columns, 22 are within one standard 

deviation of the original results. Furthermore, the sign of every estimated coefficient 

is identical to its counterpart from the original paper.  

The only coefficient to show repeated significance is the lagged dependent variable. 

In one instance, using only bottom-end inequality, the variable demonstrates 
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significance at the 10% level. No other circumstance reveals the desired significance 

for the remaining control and inequality variables. That lack of significance for all 

variables other than the lagged dependent variable continues into columns 8, 9, and 

10. 

 

The joint significance reported herein also diverges from that of Voitchovsky (2005) 

paper. None of the equations from 4 through 7 can be said to be significant, and, 

furthermore, that significance diminishes when moving from two to three inequality 

variable (from 6 to 7). For comparison, Voitchovsky (2005) reports p-values, on the 

joint tests, of 0.018, 0.183, 0.104, and 0.029 for columns 4, 5, 6, and 7. 

Turning to the tests for first- and second-order serial correlation in the random error 

term (νi,t), the results continue to suggest there‟s no clear, short-run, relationship 

between growth and income inequality. The anticipated autocorrelation in the first 

order residuals, though present, is strong only to the 10% level rather than the 5% 
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level. Absence of correlation in the second-order is maintained, though not with 

equivalent strength to that of the 2005 publication. 

 

Naturally, the contrast between the present results and those of Voitchovsky (2005) 

is inextricably linked to the different time periods observed. In a simple experiment, 

for which the results have been omitted, the sample was compressed so as to span 

the years 1970 to 1995. The results of this experiment mirror the pattern described 

for the general results. The only marked difference is the change in the coefficient of 

investment, which changes from positive to negative. 

A further complication is the offset nature of Voitchovsky‟s data sets. Whereas she 

maintains three observational periods depending on the variable being measured, 

this paper uses a single, common observation period for all variables. The details of 

Voitchovsky‟s reconciliation of these three periods are not made transparent to the 

reader and therefore were omitted from consideration in the present work. 

Nevertheless, the following sub-section strives to further identify a significant effect 

by reconciling the selection of instruments with methods recommended from the 

literature. 
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Treatment of Predetermined Variables 

Usage of system GMM estimation includes a variety of options not limited to 

instrument count, however still related to the treatment of proxy variables. In 

particular, the treatment of variables as exogenous, predetermined, or endogenous, 

and the selection of their instrument lags. 

Voitchovsky‟s treatment of predetermined variables in particular, is unorthodox in 

comparison to that of Roodman (2009). Therefore, this sections aims to identify the 

sensitivity of the results to changes in the treatment of these variables. 

In the treatment of exogeneity, the results display little sensitivity to the inversion of 

any single variable from the “xtabond2” GMM option to the IV option. Barring this 

command input, the following steps test for sensitivity to the selection of the 

instrument lags and form (i.e. first-difference or level). The comparison 

demonstrates the output of the default instrument set vis-à-vis that of a more 

general set. The concern addressed in this more general set is not in the selection of 

instrumental variables but rather in the chosen lag and form. The alternate 

instruments are 

First Differences: yt-2, yt-3, AvgYrsScht-1, InequalityVariablest-1, Investt-1; 

Levels: ΔInvestt, ΔAvgYrsScht. 
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Precarious underpinnings reveal themselves in this exploration of instrument lags 

and forms. Instrument set „a‟ and „b‟ differ only in that the differenced equation 

employs the level of AvgYrsScht-1 and Inequality Variablest-1 instead of the difference; 

and the level equation employs the ΔAvgYrsScht instead of ΔAvgYrsScht-1. These 

changes render the instrument set more consistent with the generally accepted 

methods for handling instruments of predetermined variables (Roodman, 2009). In 

this switch, achieving consistency of coefficient estimates and standard errors is the 

exception and not the norm. The joint significance and first order autocorrelation 

disappear as standard errors climb. Under this broader treatment, there is no 

relationship to be found between growth and income inequality. 
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6. Absence of Significance in the Literature 

When paralleled to Voitchovsky (2005), the result of this research bears noticeable 

differences; in particular, the estimates are often insignificant and react more 

strongly to sensitivity experiments. Due to this contrast, the forthcoming paragraphs 

will offer anecdotal evidence from results, and sensitivity analysis of previous panel 

studies to legitimize the validity of the results herein.  

Although the number of available panel research papers is limited, due in part to the 

relative youth of the available inequality time-series data, they demonstrate that the 

results vary in sign, significance, and sensitivity to specification in a similar manner 

to that which we have seen above. 

Beginning with Li & Zou (1998), they demonstrated that inequality could have a 

positive effect on growth. However, in switching methods, from a Fixed-Effects 

model to a Random-Effects model, the number of significant experiment 

observations of the Gini coefficient was cut in half. 

Forbes (2000), on the other hand, was able to identify positive and significant effects 

from the Gini coefficient across both the Fixed-Effects and Random-Effects models. 

Roodman (2007), raised concern for the robustness of those results. He suggests 

that Forbes had over-specified her instruments. In his correction of the over 

instrumentation, he outlines a set of results which show no significance for the 

inequality variable. 

Most recently, the results of Forbes (2000) have been shown again to vanish or turn 

negative under additional control variables (Lee & Son, 2016). The authors 

undertake an exercise which demonstrates the impact of the reference period.  It 

was found that using a larger sample of time periods, replication of Forbes‟ effects is 
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only achieved once, under the following conditions: using difference GMM and a 

small number of controls. 

And what of the consideration for specification? Duflo and Banerjee (2003) submit 

that linearity in itself may be a specification issue. Together, they show that the 

beginning level and lagged level of inequality can generate either positive and 

negative effects – although they are more often negative – but are always 

insignificant. Furthermore, any change in either direction is always associated with a 

negative effect on growth; strongly suggestive of a non-linear, rather than linear, 

relationship. 

7. Conclusion 

From the literature surveyed, this paper was successful in identifying several robust 

principals that link economic growth, both positively and negatively, to a country‟s 

level of income inequality. The most frequently cited are those of endogenous fiscal 

policy, effects of borrowing capacity, and the education versus fertility trade-off. 

Each data source was picked as such to be consistent with the base paper, while also 

re-validating its merits alongside criticisms of the literature. Gini computations from 

the microdata on income inequality revealed consistent, and often identical results 

relative to the base experiment. Descriptive statistics demonstrated themselves 

slightly elevated vis-à-vis their counterparts, however their trend remains consistent 

with the evolution of wealth and income inequality in North America. These efforts, 

together, minimize the impact of data mismatch on the empirical regressions. 

Pursuant to the application of system GMM estimates, the coefficients and their 

significance make known, that despite positive and negative effects of inequality at 

the top and bottom of the distribution, they cannot be said to have any statistical 

importance. Thus, in this work‟s attempt to bring cursory affirmation to the 
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significant and opposite effects posited by Voitchovsky (2005), it must be said that 

affirmation is not found. 

Indicative of the difficulty in affirming the relationship in developed countries are the 

limited number of countries who can be classified as such, and, perhaps more 

importantly, the miniscule magnitude of their intertemporal changes in income 

inequality. 

Conclusively, this paper contributes to the growing body of literature that cannot 

confirm a clear and important impact of income inequality on economic growth within 

developed countries. The work of Voitchovsky (2005) is not affirmed nor refuted by 

the present. The possibility for divisive effects originating from the shape of the 

income distribution is very much plausible; however, to say more, researchers would 

need access to a larger set of reliable countries. Such a set, would increase the 

observable minute intertemporal changes, and reduce the need to delicately balance 

the instrument set.    
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List of Surveys 
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Data Sources and Supplemental Information 

Income is measured by the log of real GDP per capita in 2010 USD. Income data is sourced from the World Bank‟s World 

Development Indicators. Income data for Taiwan come from the National Statistics website of Taiwan ROC at 

http://www.stat.gov.tw/. These sources were accessed June 15, 2017. For Hungary, the value of GDP per capita in 1990 was 

missing and the 1991 value was used as replacement. Poland was missing 1985 GDP per capita. To estimate it, the growth rate 

between 1990 and 1995 was used to revert 1990 values into 1985 values. 

 

Investment dated t is measured by the average share of gross fixed capital formation in GDP over the five years ending in t. 

Investment data is sourced from the World Bank‟s World Development Indicators. The data for Taiwan‟s gross domestic fixed 

investment comes from the National Statistics website of Taiwan ROC at http://www.stat.gov.tw. These sources were accessed 

June 15, 2017. 

 

Education is measured by the average years of schooling in the population aged 25 and over. The data come from the Barro 

and Lee (2013) dataset. 

 

Inequality statistics are computed from the Luxembourg Income Study, as described in section 2. 

http://www.stat.gov.tw/
http://www.stat.gov.tw/



