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Is an Unequal Equilibrium Inevitable? An Exploration of Income Inequality, Economic 

Growth, and Financial Development 

By 

Nichole Webster 

The University of Wisconsin-Whitewater, 2018 

Under the Supervision of Dr. Eylem Ersal Kiziler 

This paper examines whether financial development and economic growth impact income 

inequality using the 1970 through 2005 Estimated Household Income Inequality index 

from the University of Texas Inequality Project. Panel cointegration analyses indicate 

that inequality, growth, and financial development move together in the long-run. I find 

no evidence of a Granger-causal relationship between financial development and income 

inequality, yet economic growth predicts and increases income inequality. Unobserved 

effects model estimates offer some empirical evidence for Kuznets (1955) hypothesis.   
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1. Introduction

Kuznets (1955) hypothesizes that income inequality increases with economic 

growth until an inflection point. More than half a century has passed since his 

publication, yet income inequality grows further alongside countries’ economies. Two 

factors that influence countries' income distributions include industrialization and savings 

capacity (Kuznets 1955). Less-developed countries tend to have slower-growing agrarian 

economies where only a tiny opulent minority has the capacity to save. Faster economic 

growth through industrialization spurs productivity and breeds middle classes with 

greater savings and class-shifting potential. Empirical evidence from the literature on 

inequality rebuts the Kuznets curve and finds instead that economic growth and financial 

development only increase income inequality. Rubin and Segal (2015) assert that 

economic growth affects the income inequality in the United States positively through the 

disparity in savings behavior and compensation structures between the bottom 90% and 

the top 10%. Li, Squire, and Zou (1998) corroborate the positive relationship between 

economic growth and income inequality with evidence from nearly 50 countries. They 

find that latent barriers to healthcare, education, credit, and employment preclude the 

lower class from reaping the benefits of growth and widen the income gap between the 

rich and poor. 

I examine whether income inequality, economic growth, and financial 

development have moved together since 1970. By facilitating the acquisition of land, 

businesses, and education, increasing real GDP per capita and improving access to credit 

markets will reduce income inequality. Pedroni (2004) panel cointegration results 
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indicate the presence of long-run cointegrating relationships between inequality, growth, 

and financial deepening. Similar to Dell'Anno and Amendola (2015) and Malinen (2013), 

I use Granger causality analysis to inform the predictive power of economic growth and 

financial development on income inequality. I find no evidence that financial depth 

predicts inequality, yet growth Granger-causes income disparity. To investigate the 

presence, magnitude, and direction of structural relationships between these variables in 

the short-run, I employ Mundlak estimation and find evidence that growth's effect on 

income inequality is sample-dependent. Additionally, I find no evidence that financial 

development affects income inequality. 

This paper enhances inequality research by using Galbraith's (2009) estimated 

household income inequality (EHII) series to obtain higher emerging market and 

developing country (EMDC) coverage. By proxying for income inequality with EHII 

instead of top income shares, I affirm Neal's (2013) evidence a long-run steady-state 

relationship between income inequality, economic growth, and financial development in 

a larger sample. The EHII series is preferential to the Gini index since the EHII measure 

supplements income data with labor, industrial, and population information to broaden 

income inequality's definition. Contrary to Dell'Anno and Amendola (2015), who 

measure inequality with the Gini coefficient, my results indicate that growth predicts 

income inequality. Despite differences in inequality measurement and some evidence of 

nonlinearity between inequality and growth, as well as inequality and financial 

deepening, I concur with Li, Squire, and Zou (1998) that inequality heightens with more 

growth. 
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The remainder of the paper's structure is as follows: section 2 summarizes the 

perspectives of growth and public economists on the relationships between income 

inequality, economic growth, and financial development. In section 3, I explain the data 

and descriptive statistics. Models and methodology follow in section 4. Section 5 is a 

discussion of the results. Policy implications and avenues for further research conclude 

the paper in section 6. Figures referenced are in the appendix. 

2. Literature Review

2.1 Income Inequality and Economic Growth 

When a country’s total expenditure to population ratio increases, better healthcare 

and education often become available. Yet the allocation of improved services may be 

unequal, especially in developing economies, which cheapens the present and prospective 

labor force. Broad denigration of health and intellect deepen compensation disparities. 

Dell’Anno and Amendola (2015) find income inequality too narrow of a concept to 

envelop the disparities within contemporary society. They argue that income inequality 

measures are inconsistent and fail to account for potential nonlinearities, as in Kuznets’ 

(1955) hypothesis. Instead they form an index for social exclusion and test it with the 

Eurostat Laeken European Council social indicators data from 28 European countries 

spanning from 1995 to 2010. Labor, poverty, education, health, and income inequality, 

measured by the Gini index and income quintile share ratio, are the five dimensions of 

social exclusion the authors consider. They find evidence that social exclusion Granger-

causes economic growth. However, economic growth is not a helpful predictor of social 

exclusion. Income inequality fails to Granger-cause economic growth and vice versa.  
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Though income inequality and social exclusion are subtopics under the umbrella 

of disparity, the consequences manifest themselves differently. Dell'Anno and Amendola 

(2015) find that social exclusion affects economic growth more than income inequality. 

An increase in labor, healthcare, or education market participation or a decrease in 

poverty or income inequality would raise a country's social exclusion index. They find 

statistically significant evidence that an increase in a country’s social exclusion index two 

periods prior increases real GDP growth in the current period. Possible explanations 

include that expansionary fiscal policy in response to social exclusion boosts the 

economy and that the costs of increasing integration outweigh benefits of higher human 

capital. Contrarily, Herzer and Vollmer (2012) and Dabla-Norris, et al. (2015) find that 

climbing inequality decreases economic growth. Herzer and Vollmer use the estimated 

household income inequality (EHII) series from the United Nations Industrial 

Development Organization and University of Texas Inequality Project developed by 

Galbraith (2009) and Deininger and Squire (1998) for 46 countries between 1970 and 

2005 to conduct a panel cointegration analysis. Their results indicate that there is a long-

run equilibrium relationship between investment, inequality, and economic growth. 

Explicitly, the authors find that if inequality rises by one percent, per-capita GDP would 

decrease by 0.013% or about 9.35% of a standard deviation of per-capita GDP. Utilizing 

the UNU-WIDER database of income deciles and the Gini index to measure inequality 

for nearly 100 countries spanning from 1980 to 2012, Dabla-Norris, et al. conduct a panel 

analysis and find that a one percentage point increase in income share of the bottom 20% 

results in a 0.38 percentage point increase in economic growth. While an analogous gain 
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in the income share of the top 20% reduces economic growth by 0.08 percentage points. 

Consequently, Herzer and Vollmer and Dabla-Norris, et al. recommend that redistributive 

policies focus on promoting lower-class access to human capital, in order to equalize the 

allocation of income and promote growth. 

Li, Squire, and Zou (1998) and Rubin and Segal (2015) find no evidence that 

economic growth reduces income disparity since asymmetric access to credit, education, 

and information preclude the poor from socioeconomic advance. Rubin and Segal 

hypothesize that two channels drive income inequality in the United States: a wealth 

effect and a pay-for-performance effect. The first refers to the proclivity of high-income 

earners to save more and acquire more wealth, while the second describes how executives 

are more likely to receive bonuses and capital holdings as wages. Through pay-for-

performance, high-income earners supplement their typical wages with market returns 

that reflect their work effort and corporate success. Using Piketty and Saez (2003, 2006) 

income level and source data on the postwar era (1953-2008), they estimate a model by 

two-stage least squares that examines the impact of current growth on the change in 

income level and prospective growth on the change in average per-capita income. Their 

results indicate that the bottom 90% of individuals' incomes are half as sensitive to 

contemporaneous GDP per-capita growth and less sensitive to GDP per-capita in the 

subsequent period than the top 1%. Current GDP per-capita growth increases the 

disparity between the earnings of the bottom 90% and the top 1%.  

Rubin and Segal (2015) posit that while the labor income share of high earners 

has been growing relative to the wealth income share since the 1990s, the wealth income 
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share of the top 1% is still larger than for the bottom 90%. The rising labor income share 

for the affluent reinforces that the form of compensation matters. Before 1990, 58.7% of 

income the top 1% earned was from labor; since 1990, their labor share rose to 68.1% 

The bottom 90% earn nearly all their income from labor. The market return estimate for 

the 90-95% subgroup of high earners is insignificant in the pre-1990 specification, yet in 

the post 1990 specification, a 1% increase in the market return is associated with a 3.5% 

increase in labor income. The wealth and pay-for-performance hypotheses elucidate the 

positive relationship between income inequality and growth.  

By comparing income deciles across countries, Lakner and Milanovic (2016) 

examine shifts in the income distribution globally. Like Li, Squire, and Zou (1998) and 

Rubin and Segal (2015), Lakner and Milanovic find no evidence that economic growth 

affects the global income position of the lower half of income deciles in mature 

economies. Nevertheless, the worldwide top 5% of country-income deciles reaped 44% 

of the global income growth between 1988 and 2008. To conduct their analysis of global 

inequality, Lakner and Milanovic construct a panel dataset of consumption and income 

measures from 565 national household surveys. The data span from 1988 to 2008 with 

five representative bin years: 1988, 1993, 1998, 2003, and 2008. Including consumption 

data allows for better coverage of low-income countries, but also introduces metric 

inconsistency since consumption inequality is on average 6.6 points lower than income 

inequality (Li, Squire, and Zou, 1998). In addition, the national surveys tend to understate 

top incomes. Lakner and Milanovic adjust for top incomes within a country using the gap 

between the national survey’s income metric and the national accounts consumption 
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metric. In spite of feasibility constraints, they recommend that the World Bank conduct a 

global household income survey. 

The results of Lakner and Milanovic’s (2016) global income inequality panel 

analysis elaborate Milanovic's (2012) and Li, Squire, and Zou's (1998) findings. Overall, 

Lakner and Milanovic find that the decrease in the global Gini index since the end of the 

Cold War disappears after adjusting for lacking top income data. They conclude that 

between-country variation in inequality levels explains about 77% of global income or 

consumption disparity. The between-country share of Gini coefficient variance is higher 

after separating countries by income-level. Li, Squire, and Zou's results indicate that 

between-country variation composes approximately 82.5% of Gini coefficient variance in 

high-income countries and 93.1% in lower- and middle-income countries. The level of 

income inequality in most of Li, Squire, and Zou's sample countries evolved a small 

amount if at all between 1947 and 1994. Only Australia, Chile, China, France, Italy, New 

Zealand, and Poland experienced annual Gini coefficient growth over 1% during that 

time. Within-country changes in income inequality pale relative to differences between 

countries. 

Lastly, Lakner and Milanovic (2016) extend their analysis to investigate which 

regions global income inequality affects most. By examining the sideways S-shaped 

global growth incidence curve, they find that gains from growth and globalization have 

accrued to the middle and top 1% of the global income distribution, especially between 

2003 and 2008. Since 1988, China’s position in the global income distribution has 

improved and formed a global middle class. For both China and India, the authors 
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distinguish between rural and urban income deciles. They find that in 1988, Chinese 

income deciles composed nearly 40% of the global bottom 5%, yet in 2008, no Chinese 

income deciles, neither rural nor urban, comprised this category. The number of people 

living on between $2 and $16 PPP per capita per day rose by 17 percentage points. 

However, China’s Gini coefficient rose by more than 10 Gini points. Furthermore, gains 

from growth boost the positions of the affluent more than the impoverished in China. 

Similarly, Brazilian income deciles improved their global income positions, while Latin 

America has one of the highest rates of inequality according to the Gini coefficient. The 

global income positions of the 80th through 85th country–income percentiles declined 

most between 1988 and 1993. At the low end of the global income distribution, Sub-

Saharan Africa competes with Latin America for the highest inequality rates. Its regional 

Gini coefficient rose five Gini points between 1993 and 2008. This aligns with Kuznets’ 

(1955) hypothesis that as countries industrialize, inequality will surge. 

2.2 Income Inequality and Financial Development 

Economic growth and financial development may influence the income 

distribution simultaneously. Greenwood and Jovanovic (1989) establish that Kuznet's 

hypothesis links economic growth and financial development to wealth allocation with 

their endogenous growth model. Intuitively, Kuznets (1955) posits a concave quadratic 

relationship between growth and income inequality. As an economy develops, the 

disparity between the haves and have-nots rises because the poor do not have money to 

save, while the rich do. Wealth inequality results from this behavior magnified over time. 

In Greenwood and Jovanovic's endogenous growth model, trade institutions develop to 
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improve investors’ access to the knowledge and to pool the risks of investors. A feedback 

mechanism between growth and capital mobility ensues, where growth supports the 

financial infrastructure for capital flows, and increased capital flows encourage growth 

through investment (Herzer and Vollmer, 2012).  

Empirical evidence undermines Greenwood and Jovanovic's (1989) theory that 

improving credit market infrastructure reduces income inequality. In a study of 49 

developed & developing countries, Li, Squire, and Zou (1998) find evidence that 

reinforces the rich minority theory. While the affluent have resources to purchase policy 

that protects their assets, the poor reap none of the inequality-reducing benefits of 

growth, due to asymmetric access to credit, education, and information. For example, 

low-income individuals own less collateral, including land; this raises the cost of 

financing the needy and lowers incentive for them to invest. Furthermore, Dabla-Norris, 

et al. (2015) postulate that the determining characteristic of financial systems in emerging 

market and developing countries (EMDC) is inclusivity. Malinen (2013) concurs that the 

quality of financial institutions influences the magnitude of income inequality's effect on 

financial development. Introducing higher quality and more prevalent financial services 

has the potential to reduce income inequality. Financial market inaccessibility in some 

EMDCs precludes the lower-class individuals from shifting their socioeconomic status. 

Instead, only the wealthy with savings capacity realize the benefits of better financial 

conditions. Country-specific policies tailored to improve credit market accessibility and 

distribution in EMDCs may resolve social immobility. Since credit is available across the 
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class spectrum, financial market depth impacts inequality less in advanced economies 

than in developing economies. 

Malinen (2013) and Neal (2013) scrutinize whether advanced economies' top 1% 

income and bank credit shares of GDP series move together in the long-run. Malinen's 

results indicate that income disparity Granger-causes bank credit and that the private 

credit to GDP ratio responds positively to income inequality in the long-run. He theorizes 

that greater income inequality induces borrowing and debt over the long term in 

financially stable economies. At the micro-level, people alter their consumption habits 

before obtaining loans to smooth their consumption. Since borrowing happens at a slower 

rate than changes in wages, the short-run effect of income inequality on the amount of 

bank credit is weaker than the long-run effect. Neal confirms the long-run relationship 

between the top 1% income and the bank credit shares of GDP in advanced economies, 

yet contrary to Li, Squire, and Zou (1998), he finds no short-run dependence between the 

two using pooled mean group estimation.  

The labor market channel connects financial deepening and technological 

progress to a country's income distribution. Dabla-Norris, et al. (2015) and Neal (2013) 

find that the value of skilled labor and the income share of the top 10% rise with credit, 

globalization, and technology. With Madsen's (2007) patent data, Neal (2013) finds that 

top income shares rise alongside the number of patents. Despite the relatively similar 

rates of scientific advances in developed societies, trends in the distribution of income 

vary between affluent countries. Additionally, financial integration and deregulation 

elevate demand and wages only for the skilled workers since foreign assets and liabilities 
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amass in high-tech and high-skill sectors (Rubin and Segal, 2015). Higher pay 

incentivizes higher education. As high-skill labor supply increases, wages compress. 

Since productivity races ahead of wages, the income share of the middle class sinks. 

Financial development has a lesser effect on unskilled workers' wages than 

bargaining power. Kumhof, Ranciere, and Winant's (2015) theoretical model shows that 

when workers are able to bargain, wages rise, and income inequality falls. Unions 

promote progressive tax systems, minimum wage and unemployment benefits to protect 

unskilled workers’ rights, which narrow variance in the income distribution. Using the 

World Bank's credit to the private sector series and the OECD's union density series, Neal 

(2013) finds that labor and financial market deregulation contribute to rising top income 

shares more in Anglo-Saxon economies than in other developed countries. Specifically, 

Neal corroborates the findings of a structural break in 1983 (Roine and Waldenström, 

2011). Fully modified OLS (FMOLS) and panel dynamic OLS (PDOLS) estimates show 

that prior to the structural break, developed countries shared analogous long-run 

cointegrating relationships. However, since the early 1980s, Anglo-Saxon top income 

shares have grown at faster rate than top income shares of other developed economies. 

While goods and financial market liberalizations tend to increase income 

inequality, higher government spending reduces top incomes through marginal tax rates. 

Governments provide public goods and market regulation, as well as protect civil rights, 

which can support equality of opportunity. Schwerhoff and Edenhofer (2014) develop a 

small open economy model and find that in countries with large capital endowments, the 

public goods provisions follow its preferences. If a country prefers more public goods, 
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globalization and the concomitant growth may not necessitate social exclusion and 

income inequality. Within a country, the political economy has a smaller, yet statistically 

significant, impact on income inequality than financial market imperfections (Li, Squire, 

and Zou, 1998). Li, Squire, and Zou find that a combined one standard deviation increase 

in civil liberties and secondary schooling to reduce income inequality by 2.75 points. 

Increasing civil liberties has a weaker effect than financial depth on income disparity 

since improving political freedom may limit the affluent individuals' ability to influence 

policy in their favor or may heighten the ability of the population as a whole to contribute 

to policy-making equitably. 

In all but the most redistributive economies, resource reallocation through 

progressive taxes and social transfer systems improves economic growth (Dabla-Norris, 

et al., 2015). Increasing inequality portends gaps in the current national tax and transfer 

systems (Denk, Hagemann, et al., 2013). An ascent from the 50th percentile to the 60th 

percentile, approximately a 7.1% rise, in federal redistributive expenditure abates income 

inequality by 0.6 percent. Moreover, lower marginal tax rates boost market and net 

inequality, as well as the top 10 percent's income share. Piketty et al. (2011) assert that 

lower marginal tax rates imply the affluent will be taxed less, encouraging them to work 

more and evade taxes less. This gives rise to greater top income shares. Despite data 

inconsistencies between country-specific tax centers and the Roine et al. (2009) marginal 

tax rate series, Neal (2013) finds that higher marginal tax rates lessen skewness of the 

income distribution and negatively impact income inequality. Dabla-Norris et al. (2015) 
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recommend targeting redistribution, for example, with conditional cash transfers in 

EMDCs, to ensure that resources reach low-income individuals.  

Though economic growth and greater financial market accessibility theoretically 

level the income distribution, empirically the literature finds that they induce income 

disparity. Some of the predictors of income inequality include growth, financial 

deepening, public spending, marginal tax rates, employment, union density, educational 

attainment, and the number of patents. 

3. Data and Descriptive Statistics 

While other authors use the Gini index and top 1%, 5%, or 10% income shares of 

GDP, I select the University of Texas Inequality Project's estimated household income 

inequality (EHII) metric to assess inequality alongside Dreher and Gaston (2008) and 

Herzer and Vollmer (2012). The EHII measure synthesizes labor, industry, 

and population data for a more comprehensive evaluation of inequality (Galbraith 

2009).  Real GDP per capita and domestic credit to the private sector share of GDP are 

World Bank World Development Indicators. Penn World Tables 9.0 provides the human 

capital and employment metrics, and country-level wealth comes from Lane and Milesi-

Ferretti (2007). This analysis concentrates on the co-movement of two determinants: 

financial development and economic growth. Like Li, Squire, and Zou (1998) and 

Malinen (2013), I use domestic credit to the private sector percentage of GDP to measure 

the lending in an economy and proxy for a country's financial development. At the 

microeconomic level, the ability to receive a loan at a reasonable rate fosters land 

ownership, higher education and entrepreneurship, which reduce income inequality and 
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spur technological progress in the macroeconomy. However, if institutions serve the 

interests of a privileged few and deny loans to people of low socioeconomic status, their 

actions impair institutional trust and security, as well as opportunity for upward social 

mobility. Galbraith (2009) argues for measuring inequality macroeconomically since 

global markets and growth affect its evolution over time. Real gross domestic product 

(GDP) per capita measures economic growth and proxies for the average standard of 

living in a country. Since economic growth advances job creation, healthcare, and 

education, I argue that inequality reduction is a positive externality of economic growth. I 

compute the natural log of real GDP per capita to mitigate outlier sensitivity 

and heteroskedasticity. Other explanatory variables include the employment level, the 

amount of human capital, and the countries' wealth. Additionally, I control for whether 

the OECD classifies a country as high-income and for whether a country is a member of 

the European Union.    

Conducting analysis on a longer sample with fewer countries and a shorter sample 

with more countries allows me to investigate the within and between dimensions of 

variation more sharply. The samples consist of developing and advanced countries with 

complete consecutive data available for all variables over the pertinent time span. The 

long sample contains 9 countries; Canada, Chile, Ecuador, India, Israel, Japan, Norway, 

Singapore, and the United Kingdom, and spans from 1970 to 2005. The short sample 

supplements the long sample with 9 countries; Bolivia, Egypt, Finland, Germany, Greece, 

Ireland, Philippines, Spain, and Turkey, yet spans only from 1970 to 1997. 

Table 1 reports the variables’ means and standard deviations for the two samples. At a 



16 
 

 

cursory level, average inequality and economic growth are consistent between samples. 

The long narrow sample has more variation in the levels of financial development, 

employment, and wealth than the short wide sample. 

TABLE 1: DESCRIPTIVE STATISTICS FOR EACH SAMPLE OF COUNTRIES 

 1970-1997 SAMPLE 1970-2005 SAMPLE 

VARIABLE  MEAN  S.D.  MIN  MAX  MEAN  S.D.  MIN  MAX  

EHII INEQUALITY 40.229  6.176  28.397 52.830  40.310  6.271  28.397 52.355  

LOG RGDP  8.172  1.443  4.742  10.658  8.630  1.506  4.742  11.213  

DOM. CREDIT  51.601  37.667  6.325  224.658  68.761  50.063  6.325  227.753  

EMPLOYMENT  26.362  60.777  0.652  373.526  45.720  96.796  0.652  488.933  

HUMAN CAPITAL 2.420  0.624  1.174  3.525  2.662  0.646  1.181  3.605  

WEALTH (1000S)  342.769  872.086  0.722  6,622.69  914.226  2,131.45  0.868  16,982.82  

LOWER MIDDLE  0.222  0.111    

UPPER MIDDLE  0.111     

  

  

  

0.111       

HIGH NON- OECD  0.611  0.667       

HIGH OECD  0.056       0.111       

ASIA  0.222       0.333       

AMERICAS  0.222       0.333       

EUROPE  0.389       0.222       

MIDDLE EAST  0.167       0.111       

E.U. MEMBER  0.333       0.111       

 

4. Models and Methods 

This section outlines the models and estimation techniques I use to examine how 

financial development and economic growth evolve over time and whether the variables 

influence income inequality. Since growth and financial development may affect income 

inequality differently at various time horizons, I estimate a panel cointegration model and 

an unobserved effects model to obtain long- and short-run coefficients respectively. I 

conduct two types of tests: panel unit root and Granger causality tests and estimate a 

linear model with dynamic common correlated effects (DCCE) to verify the assumptions 

of panel cointegration model. The panel unit root tests check that the variables are non-

stationary. Granger causality analysis assesses the variables' ability to predict income  
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Figure 1
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inequality. DCCE estimation is robust to and tests for cross-country correlation in the 

error term. To abstract from potential simultaneity in the effects of economic growth and 

financial development on inequality, first I estimate a model that includes both variables. 

Then, I estimate a pair of models that isolate the impacts of economic growth and 

financial development on income inequality from one another. The initial subsection 

discusses the panel cointegration model, its estimation, and its assumptions. The second 

subsection verifies the assumptions of the panel cointegration model. For more 

information on panel time series analysis, Baltagi (2013) is an excellent resource. The 

third subsection introduces unobserved effects models to investigate whether the effects 

of economic growth and financial development on income inequality vary across 

individual countries and groups of countries in the short-run. 

4.1 Panel Cointegration Model and Estimation 

Conventional panel methods are inappropriate to measure relationships between 

non-stationary variables since they cannot discern between spurious and meaningful 

regressions. Granger and Newbold (1974) elucidate that when a model with non-

stationary regressors has a non-stationary error term, the residuals drive the correlation 

between variables and sully the OLS estimates. Phillips (1986) adds that as the number of 

time periods in a series increases, a coefficient estimate does not converge to its true 

value. Additionally, the t-statistics diverge to positive or negative infinity, and the 

model's R-Squared converges to 1. The model appears to fit well with statistically 

significant estimates, but fails to capture the true causal relationship. Although the 

variables may stray from one another in the short-run, economic forces corral the series 
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towards their equilibriums in the long-run, such that the distance between the series is 

approximately constant. The basic cointegration model is 

𝑦𝑖𝑡 = 𝜷𝒊𝒙′𝒊𝒕 + 𝜸𝒊𝒛′𝒊𝒕 + 𝝁𝒊𝒕 

where 𝒙𝒊𝒕 = 𝒙𝒊𝒕−𝟏 + 𝜺𝒊𝒕, 𝒛𝒊𝒕 is a vector of deterministic individual-effects and time trends 

and 𝒙𝒊𝒕 is a vector of (co)integrated independent variables. Like Neal (2013) and Malinen 

(2013) as well as Herzer and Vollmer (2012), I utilize panel cointegration to examine the 

long-run relationships between income inequality and financial development and between 

income inequality and economic growth separately. Moreover, I estimate a model with 

economic growth and financial development together to examine whether synergy 

between the variables influences any long-run relationship with inequality.   

The Westerlund and Pedroni panel cointegration tests produce two categories of 

test statistics. Group-mean statistics characterize the data overall, and individual panel 

statistics test for cointegrating relationships within cross-sections. I utilize the Westerlund 

(2007) panel cointegration test since it employs error-correction methods. An advantage 

of error-correction-based cointegration tests is that they maintain power when the 

variables do not have the same impact in the long-run as in the short-run (Banerjee, 

Dolado, and Mestre 1998; Kremers, Ericsson, and Dolado 1992). Rejecting the null 

hypothesis of no cointegration using Westerlund group-mean statistics implies that the 

inequality, economic growth, and financial development series are error-correcting in at 

least one country. A rejection of the null hypothesis by Westerlund individual panel 

statistics means not only that a long-run equilibrium relationship exists between the non-

stationary variables in every country, but also that the speed of adjustment back to that 
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equilibrium is the same for every country. Following Herzer and Vollmer (2012), Neal 

(2013), and Malinen (2013), I also use the Pedroni (2004) panel cointegration test that 

applies residual-based methods. Pedroni's panel cointegration test statistics allow for 

slope heterogeneity in the long-run equilibrium relationship within a country over time by 

pooling along the between rather than the within dimension. Rejecting the null hypothesis 

using Pedroni group mean statistics implies that "enough of the individual cross-sections 

have statistics 'far away' from the means predicted by theory had they been generated 

under the null" (Baltagi, 2013).   

4.2 Panel Cointegration Assumptions 

To validate the panel cointegration model, I verify that the series are non-

stationary and have predictive power. Additionally, I employ estimation techniques that 

account for cross-sectional dependence. The results of unit root tests indicate which 

variables are non-stationary and permissible in the panel cointegration analysis. 

Additional information provided by the panel dimension alleviates low power issues that 

characterize individual unit root tests in time series analysis. First generation non-

stationarity tests apply the subsequent first order autoregressive panel data model  

∆𝑦𝑖𝑡 = 𝜙𝑖𝑦𝑖𝑡−1 + ∑ 𝛾𝑖𝑣

𝐿𝑖

𝑣=1

∆𝑦𝑖𝑡−𝑣 + 𝑐𝑖 + 𝛿𝑖𝑡 + 휀𝑖𝑡 

where 𝑦𝑖𝑡−1 is a one period lag, 𝐿𝑖 is the Augmented Dickey Fuller (ADF) lag order for 

individual series, and 𝑐𝑖 and 𝑡 are the deterministic intercept and trend, respectively. The 

null hypothesis is 𝜙𝑖 = 1, or that the series contains a unit root. Herzer and Vollmer 

(2012), Neal (2013), and I use the Im, Pesaran, Shin (IPS) nonstationarity test since it 
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allows between-country variation in income inequality's evolution, unlike the Breitung 

test. It impractically assumes the variables converge at the same rate for every country in 

the sample. The Breitung unit-root test's robustness to cross-country influences and 

greater precision with trend models necessitates its inclusion.  

Hadri’s residual-based Lagrange multiplier stationarity test is similar to the KPSS 

unit root test in true time series. The model regresses the residuals on the deterministic 

terms and estimates the Lagrange Multiplier, 𝜆 as follows 

𝜆 =
1

𝑁
[ ∑(𝑇−2

𝑁

𝑖=1

∑
�̂�𝑖𝑡

2

�̂�𝑖𝜇
2̂

𝑇

𝑡=1

)] 

where N is the number of countries, 𝑇 is the number of time periods,  �̂�𝑖𝑡
2  is the sum of 

squared errors, µ𝑡, from a regression of a variable on deterministic terms, �̂�𝑖𝜇 is a 

consistent estimate of the long run variance of errors using µ̂𝑡. The Hadri test statistic is 

asymptotically normally distributed and is robust to heteroskedasticity in the error term 

between countries.   

After confirming that the cointegrating variables are non-stationary, I examine 

their predictive power with Granger causality, like Malinen (2013) and Dell'Anno and 

Amendola (2015). Economists utilize VAR models to parsimoniously forecast economic 

time series. VAR models predict more accurately than univariate and simultaneous 

equation time series models (Sims 1980). By comparing the mean squared errors (MSE) 

between forecasts with differing lag terms, Granger (1969) assesses variables' predictive 

power. If the MSE are equal, then the other variables fail to Granger-cause the dependent 

variable. Notably, Granger causality only implies forecasting ability, not true causality.  
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To examine whether a country's economic growth, financial development, 

employment, human capital, or wealth predict income inequality, I estimate bivariate 

panel VAR models with income inequality and each determinant separately. 

Additionally, I estimate the following multivariate panel VAR model by generalized 

method of moments (GMM) as described in Abrigo and Love (2015) 

[
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𝑤𝑖𝑡
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𝜋𝐸𝐻𝐼𝐼,𝐸𝐻𝐼𝐼 𝜋𝐸𝐻𝐼𝐼,𝑅𝐺𝐷𝑃 𝜋𝐸𝐻𝐼𝐼,𝐹𝑖𝑛𝐷𝑒𝑣 𝜋𝐸𝐻𝐼𝐼,𝐸𝑚𝑝 𝜋𝐸𝐻𝐼𝐼,𝐻𝑢𝑚𝐶𝑎𝑝

𝜋𝑅𝐺𝐷𝑃,𝐸𝐻𝐼𝐼 𝜋𝑅𝐺𝐷𝑃,𝑅𝐺𝐷𝑃 𝜋𝑅𝐺𝐷𝑃,𝐹𝑖𝑛𝐷𝑒𝑣 𝜋𝑅𝐺𝐷𝑃,𝐸𝑚𝑝 𝜋𝑅𝐺𝐷𝑃,𝐻𝑢𝑚𝐶𝑎𝑝

𝜋𝐹𝑖𝑛𝐷𝑒𝑣,𝐸𝐻𝐼𝐼 𝜋𝐹𝑖𝑛𝐷𝑒𝑣,𝑅𝐺𝐷𝑃 𝜋𝐹𝑖𝑛𝐷𝑒𝑣,𝐹𝑖𝑛𝐷𝑒𝑣 𝜋𝐹𝑖𝑛𝐷𝑒𝑣,𝐸𝑚𝑝 𝜋𝐹𝑖𝑛𝐷𝑒𝑣,𝐻𝑢𝑚𝐶𝑎𝑝

𝜋𝐸𝑚𝑝,𝐸𝐻𝐼𝐼 𝜋𝐸𝑚𝑝,𝑅𝐺𝐷𝑃 𝜋𝐸𝑚𝑝,𝐹𝑖𝑛𝐷𝑒𝑣 𝜋𝐸𝑚𝑝,𝐸𝑚𝑝 𝜋𝐸𝑚𝑝,𝐻𝑢𝑚𝐶𝑎𝑝

𝜋𝐻𝑢𝑚𝐶𝑎𝑝,𝐸𝐻𝐼𝐼 𝜋𝐻𝑢𝑚𝐶𝑎𝑝,𝑅𝐺𝐷𝑃 𝜋𝐻𝑢𝑚𝐶𝑎𝑝,𝐹𝑖𝑛𝐷𝑒𝑣 𝜋𝐻𝑢𝑚𝐶𝑎𝑝,𝐸𝑚𝑝 𝜋𝐻𝑢𝑚𝐶𝑎𝑝,𝐻𝑢𝑚𝐶𝑎𝑝]
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𝐸𝐻𝐼𝐼𝑖𝑡−1
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where if the coefficient on the first order lag, 𝜋𝑦,𝑥, equals 0, 𝑥 fails to Granger-cause 𝑦 

𝑠𝑖𝑡, 𝜇𝑖𝑡, 𝑣𝑖𝑡 , 𝑤𝑖𝑡, 𝑧𝑖𝑡 are the VAR’s error terms, 𝐸𝐻𝐼𝐼𝑖𝑡 is estimated household income 

inequality in country i in time t, 𝑅𝐺𝐷𝑃𝑖𝑡 is real GDP per capita in country i in time t, 

𝐹𝑖𝑛𝐷𝑒𝑣𝑖𝑡 is the bank credit share of GDP in country i in time t, 𝐸𝑚𝑝𝑖𝑡 is the employment 

level in country i in time t, and 𝐻𝑢𝑚𝐶𝑎𝑝𝑖𝑡 is the human capital index in country i in time 

t. Differencing the non-stationary variables fulfills the stationarity requirement. Including 

lags as right-hand side variables mitigates regressor error term correlation. VAR models 

are sensitive to the number of lags selected. Andrews and Lu (2001) adapt the lag 

selection information criterion for panel VAR models estimated by GMM. In the 

individual bivariate and the multivariate panel VAR models, minimizing these criterion 

unequivocally results in first-order panel VAR model specification, except in the 

bivariate human capital VARs. For both the wide and narrow samples, two lags minimize 
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the GMM Akaike information criterion (AIC). Since the AIC tends to overfit models, 

bivariate models that include the human capital variable are also of the first order. 

Earlier methods unrealistically assume that countries do not influence one 

another. The Westerlund and Pedroni panel cointegration tests account for cross-country 

correlation by bootstrapping and including cross-sectional averages respectively. Chudik 

and Pesaran (2015) introduce dynamic common correlated effects (DCCE) panel data 

estimation that is robust to cross-sectional dependence. I estimate the next model with 

DCCE 

∆𝐸𝐻𝐼𝐼𝑖𝑡 = 𝑐𝑖 + 𝜷𝑖∆𝒙′𝑖𝑡 + ∑ 𝜑𝑖𝑣∆𝒎̅̅ ̅̅̅
𝑡−𝑣

𝐿𝑖

𝑣=1

+ 휀𝑖𝑡 

where 𝑥𝑖𝑡 is a vector of exogenous variables, �̅�𝑡 is the vector of variable means �̅�𝑖𝑡, 𝐿𝑖 is 

the number of cross-sectional mean lags, 𝑐𝑖 is the constant term, and 휀𝑖𝑡 is the error term. 

Differencing the non-stationary variables prevents spurious results by ensuring the error 

term is stationary. A unit root in the error series causes coefficient estimates that 

converge in probability to a random non-zero value that appears statistically significant. 

Since a non-stationary variable and its lags share the same stochastic trend, subtracting 

the first order lag eliminates the stochastic trend and transforms the I(1) series into a 

stationary process. Correlation in the cross-country error terms produce inconsistency in 

the CCE estimator. Lagging the cross-sectional means eliminates the inconsistency and 

generates more precise country-specific slope estimates. 
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4.3 Short-Run Dynamics 

While other empirical techniques may have stronger identification strategies, 

multiple regression allows variables to be held fixed, thus starting to capture true causal 

relationships.  The model seeks to explain how income inequality responds to financial 

development and economic growth in the short-run. To control for historical levels of 

inequality, like Dreher and Gaston (2008), I include the dependent variable's one year 

lag. The baseline model I estimate by pooled ordinary least squares is   

∆𝐸𝐻𝐼𝐼𝑖𝑡 = 𝜙∆𝐸𝐻𝐼𝐼𝑖𝑡−1 + 𝛾∆ln (𝑅𝐺𝐷𝑃𝑖𝑡) +  𝜆∆𝐹𝑖𝑛𝐷𝑒𝑣𝑖𝑡 + ∆𝒙′𝒊𝒕𝜷 + 𝜶𝒊 + 𝝉𝒕 + 휀𝑖𝑡 

where ∆𝐸𝐻𝐼𝐼𝑖𝑡 is the change between Galbraith's (2009) estimated household income 

inequality in country i in time t and t-1, ∆ln (𝑅𝐺𝐷𝑃𝑖𝑡) is the change between real gross 

domestic product per capita in country i in time t and t-1, ∆𝐹𝑖𝑛𝐷𝑒𝑣𝑖𝑡 is the change 

between domestic credit to the private sector in percentage of GDP in country i in time t, 

∆𝒙′𝒊𝒕 is a vector of first-differenced country-level human capital, employment, and 

wealth. 𝛼𝑖 are country fixed effects that control for country-specific heterogeneity, 𝜏𝑡 are 

year fixed effects that control for time-specific economic and political conditions, 휀𝑖𝑡 is 

the error term. The coefficients of interest are 𝛾 and 𝜙, which identify the impact of 

financial development and economic growth on income inequality.  

Additional models incorporate polynomial terms or remove lagged inequality to 

suit different estimation techniques. Including polynomial terms tests Greenwood 

and Jovanovic's (1989) and Kuznets (1955) theories. They posit a nonlinear relationship 

between economic growth, financial development, and income inequality. Despite 

introducing regressor error term correlation that biases coefficients, I estimate the lagged 
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dependent variable model with fixed effects (Nickell, 1981). Angrist and Pischke (2008) 

explain that the pooled OLS and the fixed effects estimates of the lagged dependent 

variable model bound the true causal impacts of growth and financial development on 

income inequality. Additionally, I remove the lagged inequality term to employ Mundlak 

estimation. The results of a Hausman test indicate that using fixed effects are superior to 

using random effects. Therefore, mimicking fixed effects estimation is preferential to 

random effects estimation. Fixed effects control for all time invariant unobserved 

heterogeneity, like a country's geography, and proxy for factors that vary little over time, 

such as the birth rate. Despite the utilization of random effects estimation, Mundlak 

estimation relaxes the key assumption that the unobserved effects are uncorrelated with 

the explanatory variables by controlling for their means. Imperfect multicollinearity 

between the explanatory variables and their averages increases the standard errors 

relative to conventional random effects estimation.  The unobserved effects models 

assume strict exogeneity, such that the current year's wealth, human capital, financial 

development, economic growth, and employment can only impact inequality in the 

present year, not in a past or future period.  

The unobserved effects lagged dependent variable models unrealistically assume 

that financial development and economic growth affect income inequality in the same 

manner across countries. Mixed linear models importantly permit the conditional mean, 

standard deviation and covariance to vary across observations. Specifically, random 

slopes estimation allows the impacts of a subset of the explanatory variables to differ 

between countries, but not within a country over time. Financial development and growth 
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may affect the income distribution unevenly in countries with a history of corruption. 

Corruption precludes equitable allocation of the benefits of advancement, such as better 

credit, education, and healthcare accessibility. Likewise, in countries with developed tax 

and transfer systems, financial development and economic growth may have a larger 

effect on income inequality than in countries with fewer federal provisions since the 

preexisting infrastructure reduces the transaction costs of ensuring that the positive 

externalities spillover to the lower and middle classes rather than coagulating with 

financial sector employees and non-financial executives, who compose the top 10% 

(Rubin and Segal 2015; Stiglitz 2015).  

The mixed linear model that I estimate by random slopes with (restricted) 

maximum likelihood estimation (REML) on the shorter wider sample is  

𝐸𝐻𝐼𝐼𝑖𝑡 = 𝒙𝒊𝒕
′ 𝜷 + 𝒛𝒊𝒕

′ 𝜽𝒊 + 휀𝑖𝑡 

where 𝐸𝐻𝐼𝐼𝑖𝑡 is the estimated household income inequality in country i in time t, 𝒙𝒊𝒕
′  is a 

vector of all independent variables, 𝜷 is a vector of estimable coefficients, 𝒛𝒊𝒕
′  is either 

𝐹𝑖𝑛𝐷𝑒𝑣𝑖𝑡 or 𝑅𝐺𝐷𝑃𝑖𝑡, whose slopes, 𝜽𝒊, are allowed to vary across countries but not 

within a country over time, and 휀𝑖𝑡 is the country-specific error term. REML is the 

asymptotic equivalent of maximum likelihood estimation that yields unbiased variances. 

Mixed linear models assume that the error term is independently, identically and 

normally distributed for accurate standard errors.  I bootstrap to preclude 

heteroskedasticity from biasing the standard errors. Bootstrapping entails subsampling 

from the original sample several times with replacement and calculating the effect of a 
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regressor on our response variable for each subsample. Then, applying the average the 

subsamples’ estimated coefficients yields more precise standard errors.  

5. Discussion of Results 

5.1 Unit Root Testing 

Panel unit root tests examine the stationarity of time series between countries. 

Although the figures in the appendix suggest that the inequality, growth, and financial 

development series are non-stationary in the sample countries, the results of unit root 

tests determine the viability of Granger causality and panel cointegration methods. 

Applying the Breitung and IPS unit root tests, I find no evidence that the inequality, 

economic growth, or financial development level series are stationary in any of the 

narrow sample's cross-sections. The Breitung results are similar in the wide sample, but I 

find evidence that the economic growth series is stationary in some wide sample's cross-

sections. The non-stationarity tests' results after differencing the inequality, growth, and 

financial development series indicate that either all or some series, contingent on the test, 

are stationary at the 1% significance level in both samples. 

Since non-stationarity tests only reject the null hypothesis of containing a unit 

root in the presence of substantive evidence, I utilize the Hadri stationarity test to 

examine the property in the reverse direction. I find evidence that in some countries, 

inequality, economic growth, and financial development series are non-stationary at 1% 

significance level in both samples. The Hadri test results indicate that the economic 

growth series remains non-stationary for some countries in both samples after first-
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differencing. Similarly, in the wide sample, the growth and financial development series 

remain non-stationary after first-differencing. 

Table 2: Panel unit-root and stationarity test results for 9 countries from 1970 to 2005 

IPS H0: All panels contain unit roots. Ha: Some panels are stationary. 

Hadri H0: All panels are stationary. Ha: Some panels contain unit roots. 

Breitung H0: All panels contain unit roots. Ha:  All panels are stationary. 

Variables Deterministic Terms IPS Hadri Breitung 

Levels     

EHII Inequality Intercept, trend -0.864  22.791*** 0.087 

 (0.194) (0.000) 0.535 

Logged Real GDP 

per Capita 

Intercept, trend 0.999 30.607*** 0.956 

 (0.159) (0.000) (0.830) 

Domestic Credit 

to Private Sector 

Intercept, trend 0.040  16.606*** 0.548 

 (0.516)  (0.000)  (0.708) 

First differences     

∆ EHII Inequality Intercept -11.147***  0.731  -7.443*** 

 (3.69E-29)  (0.232)  (4.91E-14) 

∆ Logged Real 

GDP per Capita 

Intercept -9.246*** 4.503*** -7.154*** 

 (1.16E-20) (3.35E-06) (4.20E-13) 

∆ Domestic Credit 

to Private Sector 

Intercept -9.008***  0.933  -7.328*** 

 (1.05E-19)  (0.175)  (1.17E-13) 

*     denotes that the coefficient is significantly different from zero at the 10% level 

**   denotes that the coefficient is significantly different from zero at the 5% level 
*** denotes that the coefficient is significantly different from zero at the 1% level 

 

Table 3: Panel unit-root and stationarity test results for 18 countries from 1970 to 1997 

IPS H0: All panels contain unit roots. Ha: Some panels are stationary. 

Hadri H0: All panels are stationary. Ha: Some panels contain unit roots. 

Breitung H0: All panels contain unit roots. Ha:  All panels are stationary. 

Variables Deterministic Terms IPS Hadri Breitung 

Levels     

EHII Inequality Intercept, trend -1.244  23.832***  -0.495  

 (0.107)  (0.000) (0.310) 

Logged Real GDP 

per Capita 

Intercept, trend -1.297* 25.905*** 0.208 

 (0.097) (0.000) (0.583) 

Domestic Credit 

to Private Sector 

Intercept, trend 0.120 27.973*** 1.499 

 (0.548)  (0.000)  (0.933) 
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First differences     

∆ EHII Inequality Intercept -14.151***  0.854  -6.596*** 

 (0.000) (0.197)  (2.11E-11) 

∆ Logged Real 

GDP per Capita 

Intercept -10.889*** 4.819*** -7.778*** 

 (6.48E-28) (7.22E-07) (3.67E-15) 

∆ Domestic Credit 

to Private Sector 

Intercept -8.310***  5.464*** -8.645*** 

 (4.77E-17)  (2.32E-08)  (2.69E-18) 

*     denotes that the coefficient is significantly different from zero at the 10% level 

**   denotes that the coefficient is significantly different from zero at the 5% level 

*** denotes that the coefficient is significantly different from zero at the 1% level 

5.2 Granger Causality 

Granger causality examines the predictive power of stationary variables, rather 

than assessing true causality. Contrary to Dell'Anno and Amendola (2015), I find that 

income inequality Granger-causes economic growth in both the narrow and wide 

samples' bivariate panel VARs. The growth-inequality relationship is unidirectional in the 

1970 to 2005 sample, whereas in the 1970 to 1997 sample, the relationship is 

bidirectional. The multivariate panel VAR model's results indicate that economic growth, 

financial development, employment, and human capital only jointly predict prospective 

inequality at the 5% significance level using the wide sample. However, in the narrow 

sample's multivariate panel VAR, I find evidence that income inequality Granger-causes 

economic growth at the 1% significance level and human capital at the 5% significance 

level. I find no evidence of a predictive relationship between financial development and 

income inequality, which could be a result of simultaneity between economic growth and 

income inequality (Greenwood and Jovanovic 1989; Li, Squire, and Zou 1998; Rubin and 

Segal 2015). 
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Table 4: Bivariate Vector Autoregression Granger Causality Results 

Y1 - EHII 1970-1997 Sample (wide) 1970-2005 Sample (narrow) 

W/ Growth 8.679 0.628 

 (0.003) (0.428) 

W/ Financial Dev 0.421 0.090 

 (0.516) (0.764) 

W/ Employment 0.005 0.008 

 (0.946) (0.928) 

W/ Human Capital 0.030 1.431 

 (0.863) (0.232) 

W/ Wealth 1.487 1.775 

 (0.223) (0.183) 

Y2 - EHII   

W/ Growth 9.847 7.011 

 (0.002) (0.008) 

W/ Financial Dev 1.344 0.702 

 (0.246) (0.402) 

W/ Employment 0.005 1.291 

 (0.946) (0.256) 

W/ Human Capital 0.064 5.884 

 (0.800) (0.015) 

W/ Wealth 0.246 0.087 

 (0.620) (0.768) 

 

Table 5: Multivariate Vector Autoregression Granger Causality Results 

Y1 - EHII 1970-1997 Sample 1970-2005 Sample 

W/ Economic Growth 0.571 0.531 

 (0.450) (0.466) 

W/ Financial Develop 0.002 0.357 

 (0.968) (0.550) 

W/ Employment 0.019 0.016 

 (0.891) (0.899) 

W/ Human Capital 0.033 1.698 

 (0.856) (0.192) 

W/ All Variables 11.088 3.142 

 (0.026) (0.534) 
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Table 6: Multivariate Vector Autoregression Granger Causality Results 

1970-2005 Sample Y1 – Economic Growth Y1 – Human Capital 

W/ Income Inequality 8.090 4.079 

 (0.004) (0.043) 

W/ Economic Growth --- 6.392 

 --- (0.011) 

W/ Financial Develop 0.426 0.841 

 (0.514) (0.359) 

W/ Employment 0.299 0.872 

 (0.585) (0.350) 

W/ Human Capital 0.119 --- 

 (0.730) --- 

W/ All Variables 8.931 11.929 

 (0.063) (0.018) 

 

5.3 Dynamic Common Correlated Effects Estimation 

Chudik and Pesaran's (2015) dynamic common correlated effects produces 

coefficient estimates that are robust to cross-sectional dependence for large panels 

(Ditzen 2016). Therefore, I only execute the test for cross-country error correlation over 

the 18-country sample. In the model with both growth and financial depth, I fail to reject 

the null that the errors are weakly cross-sectional dependent. Additionally, none of the 

differenced explanatory variables impact income inequality after accounting for cross-

country error correlation. Executing the estimation separately for economic growth and 

financial development in case of simultaneity, I find evidence that the errors are not 

weakly cross-sectional dependent in the model that includes only economic growth. The 

limited size of the panel may explain the absence of statistical significance, since I 

include one less lag than Chudik and Pesaran recommend for a panel with about 27 

observations per country. Evidence of cross-sectional dependence emphasizes the 

necessity of accounting for other countries' influences in the panel cointegration tests. 
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Table 7: Dynamic Common Correlated Effects Results  

Model Type Growth & Financial Dev. Growth-Isolated Financial Dev. Isolated 

Economic Growth 0.217 

(0.914) 

-0.297 

(0.674) 

 

Financial Development -0.078 

(0.184) 

 -0.020 

(0.620) 

Employment -1.081 

(0.760) 

-3.461 

(0.168) 

-1.864 

(0.426) 

Human Capital -0.253 

(0.997) 

13.791 

(0.751) 

-12.047 

(0.799) 

Wealth (in thousands) -0.219 

(0.264) 

-0.097 

(0.272) 

-0.015 

(0.413) 

Measures of Fit    

N 450 450 450 

R-Square 0.90 0.49 0.50 

Adj. R-Square 0.90 0.49 0.50 

F-Statistic 0.37 

(1.00) 

0.24 

(1.00) 

0.25 

(1.00) 

CD Statistic -1.58 

(0.114) 

-2.60 

(0.009) 

-0.27 

(0.784) 

Number in () is jackknife bias-corrected p-value. 

5.4 Panel Cointegration 

The Westerlund (2007) and Pedroni (2004) panel cointegration tests examine 

whether series move together in the long-run. I find largely inconclusive and, at best, 

weak evidence of a long-run equilibrium relationship between income inequality, 

economic growth, and financial development. However, when isolating economic growth 

and financial development, I find evidence of long-run steady-state relationships between 

income inequality and each variable. Table 8, 9, and 10 present the Westerlund 

cointegration statistics for the full linear, growth-isolated, and financial development 

isolated models. The Westerlund group-mean statistics indicate the presence of a long run 

equilibrium relationships between inequality and either economic growth or financial 

development in the narrow sample. However, I only find evidence in the narrow sample 

that the autoregressive parameter is equal across countries for the financial development 

isolated model using the panel statistics. The Westerlund cointegration test indicates no 

evidence of cointegrating relationships in the wide sample. 
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Table 8: Westerlund Cointegration Results for Full Linear Model with Constant 

 1970-1997 1970-2005 

Group-mean     

t -1.949 (0.295) -2.483** (0.050) 

alpha -5.414 (0.547) -8.497* (0.085) 

Panel     

t -7.194 (0.328) -5.215 (0.380) 

alpha -4.424 (0.455) -5.249 (0.350) 

P-values in () are robust to common factors 
*     denotes that the coefficient is significantly different from zero at the 10% level  

**   denotes that the coefficient is significantly different from zero at the 5% level 

*** denotes that the coefficient is significantly different from zero at the 1% level 

  

Table 9: Westerlund Cointegration Results for Growth-Isolated Model with Constant 

 1970-1997 1970-2005 

Group-mean     

t -1.861 (0.193) -2.206** (0.048) 

alpha -4.806 (0.633) -6.627 (0.218) 

Panel     

t -7.800 (0.128) -5.444 (0.208) 

alpha -4.738 (0.235) -5.204 (0.245) 

P-values in () are robust to common factors 
*     denotes that the coefficient is significantly different from zero at the 10% level  

**   denotes that the coefficient is significantly different from zero at the 5% level 

*** denotes that the coefficient is significantly different from zero at the 1% level 

 

Table 10: Westerlund Cointegration Results for Financial Dev. Isolated Model with Constant 

 1970-1997 1970-2005 

Group-mean     

t -1.664 (0.418) -2.316** (0.035) 

alpha -5.547 (0.405) -8.254* (0.055) 

Panel     

t -6.523 (0.335) -6.551* (0.075) 

alpha -4.115 (0.385) -6.842* (0.068) 

P-values in () are robust to common factors 
*     denotes that the coefficient is significantly different from zero at the 10% level  

**   denotes that the coefficient is significantly different from zero at the 5% level 

*** denotes that the coefficient is significantly different from zero at the 1% level 

Alternatively, the Pedroni (2004) panel cointegration test results only indicate 

evidence of a cointegrating relationship between inequality, growth, and financial depth 

in wide sample. The panel cointegration statistics test whether the residual series is 

nonstationary. Rejecting the null hypothesis that the error term contains a unit root 

indicates that a random trend does not adulterate the growth and financial development 

estimates. Although the variance ratio and rho statistics do not require lag specification to 



34 
 

 

correct for serial correlation and heteroskedasticity, they perform worse in small samples. 

Consequently, I find no evidence of long-run equilibrium relationship between inequality, 

growth, and financial development using the nonparametric v and rho statistics. Davidson 

and MacKinnon (2004) find that the panel and group ADF statistics have the highest 

power in small samples. The panel-t, panel-ADF, and group-ADF panel cointegration 

statistics are statistically significant at the 10% and 5% levels respectively, which 

indicates that inequality, growth, and financial deepening move together in the long run. 

After isolating the impacts of financial development and economic growth, stronger 

evidence of cointegrating relationships materialize across samples and cointegrating 

statistic types. The long-run equilibrium relationship between growth and inequality 

corroborates Herzer and Vollmer's (2012) findings and between financial depth and 

inequality supports Neal's (2013) and Malinen's (2013) research.  

Table 11: 7 Pedroni Panel Cointegration Statistics – Growth & Financial Development Model 

 1970-1997 1970-2005 

 Panel Group Panel Group 

v 0.814 --- 0.413 --- 

rho -0.533 0.893 -0.208 0.211 

t -1.802 -1.223 -1.362 -1.540 

adf -1.930 -2.034 -1.255 -1.335 

 

Table 12: 7 Pedroni Panel Cointegration Statistics – Growth-Isolated Model 

 1970-1997 1970-2005 

 Panel Group Panel Group 

v 1.564 --- 1.298 --- 

rho -1.835 -0.058 -1.643 -0.702 

t -2.443 -1.621 -2.091 -1.786 

adf -2.786 -2.862 -1.918 -1.459 

 

  



35 
 

 

Table 13: 7 Pedroni Panel Cointegration Statistics – Financial Development Isolated Model 

 1970-1997 1970-2005 

 Panel Group Panel Group 

v 1.200 --- 0.642 --- 

rho -1.264 0.405 -1.088 -0.490 

t -2.073 -1.243 -2.220 -2.343 

adf -2.177 -1.767 -2.238 -3.018 

The country-specific dynamic OLS results confirm that economic growth has a 

more substantive impact on income inequality than financial development. Economic 

growth has a statistically significant effect in 13 of the 18 wide sample countries, whereas 

financial development has a statistically significant impact in half of the wide sample 

countries. The directions of the growth and financial depth effects are country-dependent. 

In the full linear model, the effect of economic growth on income inequality is 

insignificant, yet financial development has a statistically, but not practically, significant 

impact on income inequality per Pedroni's (2004) group mean statistics.  

Table 14: Individual Dynamic OLS Results for 1970 to 1997 - Full Linear Model 

Variable Country β t-stat Country β t-stat 

Growth Bolivia -1.983 -1.089 Greece 14.62*** 7.067 

Financial Development  0.002 0.029  0.083*** 6.243 

Growth Canada 1.16*** 2.634 India -3.504* -1.711 

Financial Development  -0.004 -0.740  0.340*** 4.713 

Growth Chile -3.58*** -6.552 Ireland -4.195*** -3.853 

Financial Development  0.089*** 10.14  -0.071** -2.381 

Growth Germany -2.835** -2.403 Israel 0.696 0.129 

Financial Development  0.101** 2.496  0.041 0.594 

Growth Ecuador -3.324** -2.000 Japan 1.797 0.860 

Financial Development  0.009 0.129  -0.026 -0.916 

Growth Egypt 8.937*** 2.86 Norway 5.222*** 2.168 

Financial Development  -0.536*** -5.616  0.021 1.177 

Growth Spain 1.286 0.994 Philippines -5.919 -0.965 

Financial Development  0.084*** 3.496  0.085 0.950 

Growth Finland -3.239*** -2.612 Singapore -8.617*** -10.64 

Financial Development  0.040** 1.99  -0.059 -1.032 

Growth Great 

Britain 

9.379*** 4.535 Turkey 8.437*** 3.685 

Financial Development 0.005 0.505  -0.162*** -5.072 

*     denotes that the coefficient is significantly different from zero at the 10% level  

**   denotes that the coefficient is significantly different from zero at the 5% level 

*** denotes that the coefficient is significantly different from zero at the 1% level 
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Since the growth effect may absorb the financial depth effect, the full model 

estimates are more informative when analyzed in conjunction with the isolated model 

estimates. For Canada, Finland, and Norway, I only find evidence of a cointegrating 

relationship with income inequality that includes both economic growth and income 

inequality. Interestingly, the impact of financial development is positive and statistically 

insignificant when measured with growth, yet statistically significant at the 1% level in 

isolation. The result substantiates Neal's (2013) key finding that financial deepening 

accelerates income inequality, especially in Anglo-Saxon countries. Alternatively, with 

additional years of data in the narrow sample, I find evidence that financial development 

reduces inequality in Canada. For Egypt, Ecuador, Germany, and Turkey, mostly middle-

income countries, financial development similarly reduces income inequality. With Egypt 

specifically, the growth impact changes signs after isolating from financial development, 

such that both growth and financial deepening ameliorate inequality. Shahbaz and Islam 

(2011) and Batuo, Guidi, and Mlambo (2010) also find a negative long-run relationship 

between inequality and bank credit in less developed Pakistan and African countries 

respectively. Yet for India, the opposite is true that greater growth and broader financial 

markets worsen inequality.  
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Table 15: Individual Dynamic OLS Results for 1970 to 1997 - Growth Isolated Model 

Variable Country β t-stat Country β t-stat 

Growth Bolivia -2.122** -2.102 Greece 6.859* 1.932 

Growth Canada -0.177 -0.242 India 4.879*** 3.499 

Growth Chile -6.492*** -3.849 Ireland -4.143*** -3.254 

Growth Germany -3.698*** -2.713 Israel 1.314 -0.423 

Growth Ecuador -3.24*** -3.724 Japan -0.256 -0.320 

Growth Egypt -7.114** -2.427 Norway 0.590 0.300 

Growth Spain -1.899 -0.788 Philippines 0.473 0.304 

Growth Finland -1.335 -1.222 Singapore -9.012*** -10.13 

Growth Great Britain 10.37*** 8.427 Turkey 0.248 0.078 

*     denotes that the coefficient is significantly different from zero at the 10% level  

**   denotes that the coefficient is significantly different from zero at the 5% level 

*** denotes that the coefficient is significantly different from zero at the 1% level 

 

Table 16: Individual Dynamic OLS Results for 1970 to 1997 Financial Dev. Isolated Model 

Variable Country β t-stat Country β t-stat 

Financial Development Bolivia -0.045 -0.662 Greece 0.029 1.099 

Financial Development Canada -0.009 -0.949 India 0.217*** 4.774 

Financial Development Chile 0.124*** 7.992 Ireland -0.015 -0.430 

Financial Development Germany -0.116* 1.923 Israel 0.036 0.895 

Financial Development Ecuador -0.115*** -2.945 Japan 0.013 1.04 

Financial Development Egypt -0.293*** -5.324 Norway 0.019 0.802 

Financial Development Spain 0.066*** 3.47 Philippines 0.011 0.428 

Financial Development Finland -0.009 0.413 Singapore -0.242 -1.178 

Financial Development Great Britain 0.049*** 5.504 Turkey -0.085** -2.189 

*     denotes that the coefficient is significantly different from zero at the 10% level  

**   denotes that the coefficient is significantly different from zero at the 5% level 

*** denotes that the coefficient is significantly different from zero at the 1% level 

 

Table 17: Pedroni's Panel Dynamic OLS Group Average 1970 - 1997 Growth & Financial Dev. Model 

Variables β t-stat 

Growth 0.797 -1.52 

Financial Development 0.002 3.938 

 

Table 18: Pedroni's Panel Dynamic OLS Group Average 1970 - 1997 Growth-Isolated Model 

Variables β t-stat 

Growth 0.966 -3.926 

 

Table 19: Pedroni's Panel Dynamic OLS Group Average 1970 - 1997 Financial Dev. Isolated Model 

Variables β t-stat 

Financial Development -0.006 3.456 
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Table 20: Individual Dynamic OLS Results for 1970 to 2005 – Growth-Isolated Model 

Variable Country β t-stat Country β t-stat 

Growth Canada 0.356 0.524 India 4.689*** 4.194 

Growth Chile -5.903*** -4.167 Israel 0.696 0.322 

Growth Ecuador -1.297 -1.063 Japan 0.205 0.144 

Growth Great 

Britain 

9.000*** 6.492 Norway 1.205 0.656 

Growth    Singapore -8.528*** -8.096 
*     denotes that the coefficient is significantly different from zero at the 10% level  

**   denotes that the coefficient is significantly different from zero at the 5% level 

*** denotes that the coefficient is significantly different from zero at the 1% level 

 

Table 21: Individual Dynamic OLS Results for 1970 to 2005 – Financial Dev. Isolated Model 

Variable Country β t-stat Country β t-stat 

Financial Development Canada -0.014** 2.364 India 0.091*** 5.339 

Financial Development Chile 0.099*** 4.477 Israel -0.025 -1.205 

Financial Development Ecuador -0.007 -0.244 Japan 0.028 1.533 

Financial Development Great 

Britain 

0.046*** 5.045 Norway 0.025 1.058 

Financial Development    Singapore 0.208 1.314 
*     denotes that the coefficient is significantly different from zero at the 10% level  

**   denotes that the coefficient is significantly different from zero at the 5% level 

*** denotes that the coefficient is significantly different from zero at the 1% level 

 

Table 22: Pedroni's Panel Dynamic OLS Group Average 1970 to 2005 Growth-Isolated Model 

Variables β t-stat 

Growth 0.047 -0.481 

 

Table 23: Pedroni's Panel Dynamic OLS Group Average 1970 - 2005 Financial Dev. Isolated Model 

Variables β t-stat 

Financial Development 0.050 4.985 
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5.5 Pooled OLS, Mundlak, & Fixed Effects Estimation 

Multiple regression models allow variables to be held constant, thus starting to 

capture true causal relationships. To evade spurious regression results, I difference the 

non-stationary variables in the unobserved effects model. Since a non-stationary variable 

and its lags share the same random component, subtracting the first order lag transforms 

the I(1) series into a stationary process. Eliminating a stochastic trend in the error term is 

important to establish that statistically significant estimates capture true causal 

relationships free of randomness. In this section, I first will discuss the estimates from the 

models without polynomial terms. Then, I will review the statistical evidence supporting 

Kuznets’ (1955) and Greenwood and Jovanovic’s (1989) hypotheses.  

According to the log-likelihood values and the Akaike and Schwartz information 

criteria, the models fit the narrow sample data better than the wide sample data. Overall, 

the independent variables explain between 13% and 20% of the variation in inequality’s 

rate of change. Table 24 presents the estimates and standard errors for the lagged 

dependent variable and the full linear models. I find that a 1% increase in the per-capita 

real GDP growth rate will reduce change in inequality by between 0.95 and 1.01 

percentage points in the full linear and growth-isolated models. If prior levels of 

inequality better explain change in current inequality than permanent country 

characteristics, then the growth rate will have less impact on the change in income 

inequality. I only find statistical evidence that the change in prior inequality affects 

present change in inequality in the financial development isolated model using the narrow 

sample. After controlling for prior income disparity and permanent country traits, the 
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model captures little variation between countries. As Lakner and Milanovic (2016) and 

Li, Squire, and Zou (1998) posit, the Mundlak results indicate that the cross-country 

variation in inequality has stronger influence than the within-country variation.  

The results of the linear growth-isolated model with polynomial terms offer 

evidence of Kuznets (1955) hypothesis. For countries with less economic growth, I find 

Table 24: Pooled OLS, Mundlak, & Fixed Effects Differenced Estimation Results 

Variable 1970-1997 Sample 1970-2005 Sample 

 Pooled OLS Mundlak Fixed Effects Pooled OLS Mundlak Fixed Effects 

∆Prior 0.045  0.011 0.113  0.065 

Inequality (0.061)  (0.053) (0.068)  (0.054) 

∆Logged Real 

GDP per Capita 

0.162 0.185 0.273 -1.012* -1.070** -0.953* 

(0.611) (0.650) (0.613) (0.519) (0.478) (0.473) 

∆Domestic Credit to 

the Private Sector 

0.001 0.001 4.355E-04 0.008 0.008 0.008 

(0.009) (0.010) (0.010) (0.007) (0.007) (0.006) 

∆Employment -0.018*** -0.085*** -0.078*** -0.007* -0.044*** -0.039*** 

 

(0.006) (0.019) (0.019) (0.004) (0.009) (0.010) 

∆PWT Human 

Capital Index 

8.186** 11.633*** 12.700** 9.246*** 14.015*** 13.416*** 

(3.380) (5.305) (4.897) (2.360) (1.812) (2.245) 

∆Wealth  1.719E-04 -2.301E-04 -2.232E-04 -2.841E-04* -3.929E-04** 
-3.716E-04** 

(in thousands) (3.002E-04) (4.19E-04) (4.362E-04) (1.512E-04) (1.594E-04) (1.581E-04) 

High-income 

Country indicator 

-0.070 -0.039 --- 0.053 0.246* --- 

(0.108) (0.096)  (0.116) (0.139)  

EU-Member 

indicator 

-0.019 -0.075 --- 0.221** 0.261*** --- 

(0.101) (0.072)  (0.085) (0.031)  

Measures of Fit       

N 468 486 468 306 315 306 

R-Square 0.126   0.190   

AIC 1,172.313 1,153.921 698.249  713.784 

BIC 1,242.837 1,224.445 728.038  683.995 

Log-likelihood -569.157 -559.961 -341.125  -333.998 

Overall R-Square 0.146 0.106  0.227 0.168 

Within R-Square 0.134 0.137  0.203 0.202 

Between R-Square 0.539 0.004  0.938 0.045 

Hausman Test Statistic 25.11  8,546.09***  

Number in () is the heteroskedasticity-robust standard error clustered at the country level 

*     denotes that the coefficient is significantly different from zero at the 10% level  

**   denotes that the coefficient is significantly different from zero at the 5% level 

*** denotes that the coefficient is significantly different from zero at the 1% level 
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that faster growth will increase income inequality, but the magnitude of this effect will 

dwindle as countries grow. Past Kuznets inflection point, further growth will decrease 

inequality, given the levels of prior inequality, human capital, employment, and wealth, 

as well as EU-member status and high-income country status do not change. 

 

Table 25: Pooled OLS, Mundlak, & Fixed Effects Estimation Results – Growth-Isolated Model 

Variable 1970-1997 Sample 1970-2005 Sample 

 Pooled OLS Mundlak Fixed Effects Pooled OLS Mundlak Fixed Effects 

∆Prior Inequality 0.045 --- 0.010 0.109 --- 0.060 

 

(0.061)  (0.053) (0.069)  (0.055) 

∆Logged Real  0.165 0.189 0.274 -1.012* -1.060** -0.948* 

GDP per Capita (0.594) (0.632) (0.594) (0.531) (0.486) (0.483) 

∆Employment -0.018*** -0.085*** -0.078*** -0.006 -0.042*** -0.037*** 

 

(0.006) (0.018) (0.018) (0.004) (0.008) (0.008) 

∆PWT Human 8.188** 11.637** 12.700** 9.567*** 14.335*** 13.778*** 

Capital Index (3.385) (5.311) (4.892) (2.545) (1.947) (2.408) 

∆Wealth (in  1.785E-04 -2.251E-04 -2.212E-04 -2.511E-04 -3.604E-04** -3.394E-04** 

thousands) (2.753E-04) (4.112E-04) (4.261E-04) (1.459E-04) (1.433E-04) (1.449E-04) 

High-income  -0.069 -0.044 --- 0.069 0.069 --- 

Country indicator (0.110) (0.086)  (0.116) (0.080)  

EU-Member -0.019 -0.068 --- 0.224** 0.378** --- 

indicator (0.101) (0.047)  (0.091) (0.161)  
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Measures of Fit      

N 468 486 468 306 315 306 

R-Square 0.126   0.185   

AIC 1,172.325  1,153.924 700.007  685.691 

BIC 1,242.849  1,224.448 729.796  715.480 

Log-likelihood -569.163  -559.962 -342.003  -334.846 

Overall R-Square 0.146 0.106  0.221 0.163 

Within R-Square 0.134 0.137  0.199 0.198 

Between R-Square 0.538 0.004  0.882 0.065 

Hausman Test Statistic 24.53***   410.48***  

Number in () is the heteroskedasticity-robust standard error clustered at the country level 

*     denotes that the coefficient is significantly different from zero at the 10% level  

**   denotes that the coefficient is significantly different from zero at the 5% level 

*** denotes that the coefficient is significantly different from zero at the 1% level 

 

The nonlinearity in Kuznet's (1955) and Greenwood and Jovanovic's (1989) 

hypotheses introduce ambiguity in the relationship between financial development and 

income inequality. Their models predict that establishing financial institutions in a less 

developed country increases the level of income inequality as only the relatively wealthy 

have collaterable assets. However, the economic growth that accompanies the 

propagation of institutions raises standards of living, such that access to credit improves.  

When more loanable funds are available, people can acquire businesses and education, 

thereby reducing income inequality. Under this argument, financial development would 

have little impact on income inequality in developed countries. Information asymmetries 

rather than restricted access to credit may explain rising compensation disparity, where 

credit is procurable. Malinen (2013) contends that higher inequality leads to greater 

borrowing in advanced economies to smooth consumption after job loss and other 

financial struggles. Neither Neal's (2013) pooled mean group estimation nor my Mundlak 

estimation on the wide sample find evidence that the private credit to GDP ratio affects 

income inequality, holding other factors fixed. Since causality may run in either 
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direction, finding no statistical evidence that a change in bank credit's GDP share affects 

change in income inequality is unsurprising. However, I find evidence of Greenwood and 

Jovanovic's (1989) nonlinear relationship between financial development and income 

inequality in the narrow sample. For less financially-developed countries, greater change 

in bank credit will exacerbate change in income inequality, but the magnitude of this 

effect will fall as credit becomes accessible. Past an inflection point, further financial 

development will ameliorate income inequality at a greater and greater rate, holding other 

factors fixed. 

Table 26: Pooled OLS Mundlak, & Fixed Effects Results Growth-Isolated Polynomial Model 

Variable 1970-1997 Sample 1970-2005 Sample 

 Pooled OLS Mundlak Fixed Effects Pooled OLS Mundlak Fixed Effects 

∆Prior  0.049 --- 0.015 0.110 --- 0.061 

Inequality (0.058)  (0.050) (0.068)  (0.055) 

∆Logged Real  3.964* 3.517 4.202* 0.871 0.569 1.071 

GDP per Capita (2.194) (2.296) (2.251) (1.880) (1.926) (1.885) 

∆Logged Real  -0.241* -0.212* -0.249* -0.118 -0.102 -0.127 

GDP per Capita Sq.  (0.121) (0.123) (0.123) (0.123) (0.123) (0.122) 

∆Employment -0.017*** -0.076*** -0.067*** -0.007 -0.042*** -0.036*** 

 

(0.005) (0.017) (0.018) (0.004) (0.008) (0.008) 

∆PWT Human 8.910** 12.366** 13.592*** 9.705*** 14.491*** 13.955*** 

Capital Index (3.281) (5.167) (4.640) (2.565) (1.930) (2.405) 

∆Wealth (in  2.279E-04 -1.94E-04 -1.900E-04 -2.411E-04 -3.526E-04*** -3.299E-04* 

thousands) (2.695E-04) (3.977E-04) (4.071E-04) (1.457E-04) (1.466E-04) 1.473E-04 

High-income 0.011 -0.106 --- 0.104 0.091 --- 

Country indicator (0.096) (0.092)  (0.102) (0.104)  

EU-Member  -0.016 -0.063 --- 0.225** 0.409** --- 

indicator (0.102) (0.045)  (0.094) (0.163)  

Measures of Fit 
 

    

N 468 486 468 306 315 306 

R-Square 0.133   0.187   

AIC 1,168.534  1,149.914 699.357  684.957 

BIC 1,239.058  1,220.438 729.146  714.746 

Log-likelihood -567.267  -557.957 -341.678  -334.479 

Overall R-Square 0.151  0.120  0.223 0.165 

Within R-Square 0.140 0.144  0.200 0.200 

Between R-Square 0.545 0.001  0.888 0.100 

Hausman Test Statistic 25.32*** 
 

1,854.59*** 
 

Number in () is the heteroskedasticity-robust standard error clustered at the country level 

*     denotes that the coefficient is significantly different from zero at the 10% level  

**   denotes that the coefficient is significantly different from zero at the 5% level 

*** denotes that the coefficient is significantly different from zero at the 1% level 
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In the short-run, employment and human capital statistically-significantly impact 

income inequality. Unlike Dabla-Norris, et al. (2015), who find no evidence that 

education affects income inequality, my results indicate that a quicker rate of human 

capital acquisition will increase change in inequality by between 8 and 14 percentage 

points across models and samples. If permanent country characteristics better explain 

changes in income inequality than prior inequality, then the rate of human capital 

acquisition will have a greater impact on how quickly income disparity rises. This 

supports the skill premium hypothesis that when the overall educational attainment of a 

country's population increases, the wages of skilled workers rise more quickly than 

unskilled wages. After controlling for any time-invariant unobserved heterogeneity, the 

inequality-reducing short-run effect of greater employment strengthens. This result 

prompts future analysis of whether greater skilled or unskilled labor market participation 

affects income inequality. Piketty et al. (2011) posit that more affluent, likely skilled 

laborers working lessens income inequality through the marginal tax channel. 

Alternatively, Neal (2013) asserts that higher unskilled worker participation curtails 

inequality through the union density channel. 
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Table 27: Pooled OLS, Mundlak, & Fixed Effects Estimation Results Financial Dev. Isolated Model 

Variable 1970-1997 Sample 1970-2005 Sample 

 Pooled OLS Mundlak Fixed Effects Pooled OLS Mundlak Fixed Effects 

∆Prior Inequality 0.043 --- 0.007 0.138* --- 0.086 

 

(0.067)  (0.057) (0.072)  (0.055) 

∆Financial  0.001 0.001 0.001 0.008 0.008 0.008 

Development (0.009) (0.009) (0.009) (0.007) (0.007) (0.007) 

∆Employment -0.018*** -0.084*** -0.077*** -0.008* -0.048*** -0.042*** 

 

(0.006) (0.019) (0.018) (0.004) (0.011) (0.012) 

∆PWT Human 8.126** 11.528** 12.550** 9.125*** 14.264*** 13.416*** 

Capital Index (3.372) (5.292) (4.920) (2.305) (1.867) (2.287) 

∆Wealth (in  1.752E-04 -2.275E-04 -2.169E-04 -2.763E-04 -3.861E-04** -3.628E-04* 

thousands) (3.002E-04) (4.127E-04) (4.293E-04) (1.554E-04) (1.642E-04) (1.620E-04) 

High-income -0.067 -0.127 --- 0.027 0.035 --- 

Country indicator (0.106) (0.121)  (0.119) (0.073)  

EU-Member -0.018 -0.102 --- 0.211** 0.467*** --- 

indicator (0.099) (0.082)  (0.083) (0.176)  

Measures of Fit      

N 468 486 468 306 315 306 

R-Square 0.126   0.175   

AIC 1,172.502  1,154.471 701.794  688.943 

BIC 1,243.026  1,224.995 731.583  718.732 

Log-likelihood -569.251  -560.235 -342.897  -336.472 

Overall R-Square 0.141 0.107  0.209 0.152 

Within R-Square 0.133 0.136  0.186 0.189 

Between R-Square 0.386 0.003  0.869 0.034 

Hausman Test Statistic 22.06***   185.72***  

Number in () is the heteroskedasticity-robust standard error clustered at the country level 
*     denotes that the coefficient is significantly different from zero at the 10% level  

**   denotes that the coefficient is significantly different from zero at the 5% level 

*** denotes that the coefficient is significantly different from zero at the 1% level 
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Table 28: Pooled OLS, Mundlak, & Fixed Effects Results– Financial Dev. Isolated Polynomial Model 

Variable 1970-1997 Sample 1970-2005 Sample 

 Pooled OLS Mundlak Fixed Effects Pooled OLS Mundlak Fixed Effects 

∆Prior  0.048 --- 0.013 0.134 --- 0.082 

Inequality (0.068)  (0.058) (0.073)  (0.054) 

∆Financial  -0.016 -0.014 -0.016 0.029* 0.033** 0.031* 

Development (0.019) (0.023) (0.023) (0.013) (0.016) (0.014) 

∆Financial Dev. 1.392E-04 1.251E-04 1.313E-04 -8.75E-05* -1.083E-04** -1.003E-04** 

Squared (1.029E-04) (1.402E-04) (1.402E-04) (3.98E-05) (5.09E-05) (4.320E-05) 

∆Employment -0.018*** -0.082*** -0.074*** -0.010** -0.050*** -0.044*** 

 

(0.006) (0.018) (0.019) (0.004) (0.012) (0.012) 

∆PWT Human 8.420** 11.480** 12.450** 8.937*** 14.073*** 13.287*** 

Capital Index (3.248) (5.250) (4.866) (2.404) (1.931) (2.340) 

∆Wealth (in  1.63E-05 -3.103E-04 -3.080E-04 -2.215E-04 -3.283E-04** -3.096E-04* 

thousands) (2.163E-04) (3.565E-04) (3.715E-04) (1.582E-04) (1.466E-04) (1.495E-04) 

High-income -0.086 -0.117 --- 0.018 0.204 --- 

Country ind. (0.114) (0.114)  (0.118) (0.153)  

EU-Member 0.003 -0.139 --- 0.180* 1.363** --- 

indicator (0.106) (0.088)  (0.094) (0.691)  

Measures of Fit     

N 468 486 468 306 315 306 

R-Square 0.129   0.180   

AIC 1,170.892 1,153.346 701.794  686.452 

BIC 1,241.416 1,223.870 731.583  716.241 

Log-likelihood -568.446 -559.673 -342.897  -335.226 

Overall R-Square  0.144 0.111  0.217 0.158 

Within R-Square  0.136 0.138  0.194 0.196 

Between R-Square  0.433 0.002  0.910 0.025 

Hausman Test Statistic 34.62***  231.02***  

Number in () is the heteroskedasticity-robust standard error clustered at the country level 
*     denotes that the coefficient is significantly different from zero at the 10% level  

**   denotes that the coefficient is significantly different from zero at the 5% level 

*** denotes that the coefficient is significantly different from zero at the 1% level 

  

5.6 Random Slopes Estimation 

The mixed linear models are robust to heterogeneity in inequality's response to 

either economic growth or financial development between countries. Most of the random 

effects parameters are statistically significantly different from zero at the 5% level. None 

of the coefficients are statistically significant individually in either model due to 

multicollinearity. However, I find evidence that at least one of the explanatory variables 
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affects the change in income inequality in both mixed linear models. The panel’s limited 

size precludes estimating a mixed linear model that includes both financial development 

and economic growth terms. 

Table 29: Mixed Linear Model Results with REML Estimation 

Variable Growth-Isolated Model Financial Dev. Isolated Model 

∆Logged Real GDP per Capita 

0.152  

(0.622)  

∆Domestic Credit to Private Sector  0.001 

  (0.010) 

∆Employment -0.022 -0.023 

 

(0.106) (0.093) 

∆PWT Human Capital Index 7.244 7.814 

 

(5.500) (6.230) 

∆Wealth (in thousands) 1.167E-04 1.758E-04 

 

(3.668E-04) (0.001) 

High-income Country indicator -0.013 -0.110 

 

(0.075) (0.149) 

EU-Member indicator -0.069 -0.016 

 

(0.071) (0.111) 

Measures of Model Fit 

N 486 486 

Wald Statistic  944.91*** 1,179.72*** 

Likelihood Ratio (p-value) 

6.91* 

(0.075) 

0.24 

(0.971) 

AIC 1,309.266 1,323.483 

BIC 1,464.156 1,478.372 

Log-likelihood -617.633 -624.741 

Number in () is the heteroskedasticity-robust standard error clustered at the country level 
*     denotes that the coefficient is significantly different from zero at the 10% level  

**   denotes that the coefficient is significantly different from zero at the 5% level 

*** denotes that the coefficient is significantly different from zero at the 1% level 
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6. Concluding Remarks

Utilizing University of Texas Inequality Project’s Estimated Household Income 

Inequality measure, World Bank World Development Indicators and Penn World Tables’ 

Human Capital Index, I examine the co-movement between income inequality, economic 

growth and financial development in the long-run. I corroborate prior evidence of long-

run cointegrating relationships between economic growth and income inequality, as well 

as financial development and income inequality. Panel Dynamic OLS results indicate that 

the long-run effects on income inequality varies between countries. Furthermore, I utilize 

panel data methods to evaluate the short-run dynamics between the three variables, plus 

human capital, employment and wealth. I find statistically significant evidence of 

nonlinear relationships between income inequality and economic growth in the 1970-

1997 sample of 18 countries and between inequality and financial development in the 

1970-2005 sample of 9 countries. However, the polynomial terms’ coefficients are not 

practically significant. Thus, the panel results indicate that economic growth and 

financial deepening heighten income inequality.  

Future research identifying the co-movement between financial development, 

growth, and income inequality may better account for endogeneity since inequality can 

predict and respond to growth and financial depth. An intriguing robustness check could 

deconstruct financial deepening into measures of size, liquidity, and lending. Gimet and 

Lagoarde-Segot (2011) argue that measuring financial development with domestic credit 

to the private sector oversimplifies financial markets' effect on inequality since market 

characteristics, like liquidity and lending rates, also influence the income distribution. 
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Incorporating imputation could extend this work to a larger pool of countries. On the 

contrary, a more detailed exploration of narrow sample countries, where results indicate 

short-run relationships, yet practically or statistically insignificant long-run relationships 

between financial development and inequality, may richen the analysis. I speculate that 

the finance-inequality relationship's direction hinges on financial market participants' 

characteristics. Estimating models with interaction terms may answer whether 

globalization amplifies growth or financial market effects on income inequality.  

Additional analyses could investigate whether financial development and growth impact 

the poverty level or its alleviation rate. They may also scrutinize the effects of human 

capital and employment on inequality. 
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