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ABSTRACT 

This paper analyses inequality’s effect on economic growth in a sample of developing countries and 

emerging markets from 1960-2015. We use the Gini coefficient as the primary measure of inequality 

and GDP per capita growth as the primary measure for economic growth. Based on an augmented 

Solow model we set up a model to determine inequality’s causal effect on growth. Several panel data 

regression methods are considered and system GMM and fixed effects are chosen to carry out the 

analysis. We test several functional forms of inequality’s effect on growth. 

 

This paper’s main contribution to the inequality and growth literature, is the evidence of a non-linear 

hump-shaped effect of inequality on economic growth in developing countries and emerging 

markets. This result proves very robust throughout the analysis. We find no evidence of a simple 

linear effect in non-advanced countries. Further, we present results on a sample including advanced 

economies consistent with recent empirical studies. 

 

The results are to be interpreted on an overall level for developing countries and emerging markets. 

It is not possible to draw conclusions on a country specific level from this research. Instead, our 

paper provides a general guideline towards the effect of inequality on economic growth. 
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1 INTRODUCTION 

In 2013, now former US President Barack Obama stated that inequality was the “defining challenge 

of our time” (Newell, 2013). In the developed world, inequality has risen to the highest level in 30 

years (Cingano, Trends in Income Inequality and its Impact on Economic Growth, 2014), sparking 

further interest in its consequences. The consequences of inequality can be discussed on an ethical 

or ideological background, and especially the effect inequality has on the economy is of interest. 

Since the turn of the decade, the study of inequality and economic growth has gotten increasing 

attention from both academia, policymakers and amongst international institutions. Several 

prominent economists, such as Thomas Piketty and Joseph Stiglitz has voiced very critical concerns 

about harmful effects of inequality. With works such as “Capital in the 21st century” (Piketty, 2013) 

and “The price of inequality” (Stiglitz, 2012), the rising inequality observed in the US has been 

heavily criticized and argued to have negative effect on living standard and the economy (Stiglitz, 

2012). In developing countries and emerging markets, the trends in income inequality has been more 

mixed and not shown a rising or declining tendency (Ostry, Berg, & Tsangarides, 2014). 

 

Numerous recent papers have looked at the relationship between inequality and growth [ (Brueckner 

& Lederman, 2017); (Cingano, Trends in Income Inequality and its Impact on Economic Growth, 

2014); (Ostry, Berg, & Tsangarides, 2014); (Barro R. J., 2000); (Li, Squire, & Zou, 1998); (Alesina & 

Perotti, 1996)], but no clear consensus is developed of how inequality impacts economic growth 

amongst these papers. There can be many explanations for the missing consensus. It can be 

explained by different samples analyzed, the choice of regression methods, model specification or 

choice of data. 

 

The theoretical literature behind inequality and growth also illustrates the high complexity 

connected to the relationship. It highlights several channels through which inequality impact 

economic growth, such as physical capital accumulation (Kaldor, 1957), (Bourguignon, 1981), human 

capital accumulation [ (Flug, Spilimbergo, & Wachtenheim, 1996); (Lazear & Rosen, 1981); (Saint-

Paul & Verdier, 1993)] and political and instability channels [ (Persson & Tabellini, Growth, 

distribution and politics, 1992); (Bertola, 1993); (Bénabou, 1996)]. Further complexity is added 

when some papers suggest that the effect of inequality may depend on level of economic development 

(Galor & Moav, 2004) (Galor & Zeira, 1993) or that the relationship may be non-linear (Benhabib, 

2003). Some have even suggested that the causality works the other way, meaning economic 

development impacts inequality (Brueckner, Dabla-Norris, & Gradstein, 2015) (Kuznets, 1955). Yet 

another issue arises from measuring income inequality. The Gini coefficient is the most widely used 

measure, but it is far from perfect. It still contains weaknesses in describing income inequality and 
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other alternative measures exists (Maio, 2007).   The complexity of the field therefore complicates 

the research, and can easily lead to different conclusions, depending on how the researchers analyze 

the topic and choose to put their focus. 

 

There seems to exist a void in the literature when it comes to research that looks into inequality’s 

effect on growth for non-advanced countries. Most research focuses on either advanced economies 

or all countries available, but no research seem to focus exclusively on developing countries and 

emerging markets (non-advanced countries). This paper sets out to fill this void. Inspired by research 

conducted on OECD countries by Cingano (2014), this paper uses a similar framework to analyze 

inequality’s effect on long run economic growth on non-advanced countries. 

1.1 RESEARCH STATEMENT 

As the introduction above illustrates, there are many ways to confront the issue of determining 

inequality’s effect on growth. To narrow the focus for this paper, we have decided to answer the 

following questions: 

 

How does income inequality affect economic growth in non-advanced countries? 

To structure and guide our research, we have included several sub questions that will be answered 

along with the main research statement.  

- Through which channels can inequality affect growth?  

- Does inequality have a linear effect on economic growth or another functional form? 

- What are the appropriate regression methods for our model? 

- Are the results robust when comparing regression methods or when changing the measure 

of inequality and economic growth? 

- What differences do we observe between earlier empirical papers that focus on advanced 

economies such as Cingano (2014) or broader samples (Ostry, Berg, & Tsangarides, 2014), 

and can we explain these differences with theory? 

 

By answering these question, we believe we can contribute significantly to the literature, by exploring 

and explaining the effects inequality has on growth for non-advanced countries.  

1.2 MAIN FINDINGS 

Income inequality in non-advanced countries seems to affect economic growth in a non-linear way, 

suggesting that inequality promotes economic growth until a certain point, estimated at a Gini 

coefficient of around 53-54. After this optimum, further inequality has a negative effect on economic 

growth. This result is robust across model specifications, measurement choices and regression 
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methods. Using both income shares and the Gini coefficient as the inequality measure provide 

evidence for this result. In addition, the non-linear relationship is also evident when HDI1 is the 

dependent variable.  This result is a new contribution to the literature, as Cingano (2014) rejects the 

idea of a non-linear effect for OECD countries and no other research to our knowledge has focused 

solely on non-advanced countries while analyzing a non-linear effect. 

 

We find no evidence of an interaction term, where inequality’s effect depend on income level, in 

contrast to the World Banks finding of a significant negative interaction term (Brueckner & 

Lederman, 2017). We are unable to find substantial evidence across different regression methods, 

control variables and samples. 

 

A simple linear effect of inequality is not evident in the sample of non-advanced countries, as we find 

no consistent significance across different economic growth variables. Only when using fixed effects 

estimation do we find a positive effect of inequality measured by the Gini. The possible positive 

effects of inequality are also visible when looking at income shares. Here a negative effect of raising 

the income share for the middle class is found, which signifies inequality may have a positive effect 

in non-advanced countries. All other methods and measures for growth and inequality find 

insignificance for the non-advanced sample. Thus, inequality has an ambiguous linear effect in non-

advanced countries. When adding advanced countries to the sample, inequality seems to have a 

significant negative effect as suggested by earlier research on both advanced countries (Cingano, 

Trends in Income Inequality and its Impact on Economic Growth, 2014) and collectively advanced 

and non-advanced countries (Ostry, Berg, & Tsangarides, 2014). However, our results on the linear 

effect are not robust when altering the specification or method. Just adding control variables to the 

regression removes the significance. 

1.3 LIMITATIONS 

Although comprehensive, this research paper has certain limitations. The main focus of the paper is 

the quantitative analysis of inequality’s overall effect on economic growth. The consequence of this 

focus, is that we do not seek to determine how inequality transmit to the economy, i.e. find 

econometrical evidence of which proposed inequality channels are at play. Instead, we discuss what 

channels might be driving the results we obtain from our regressions showing the overall effect, and 

whether our results seem to suggest some channels are more likely to drive the results than others. 

 

                                                        
1 Human Development Index, explained further in section 3.2.3.1 
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A second major limitation is related to data availability, quality and comparability. Some of the data 

we require for our analysis (e.g. Gini coefficients and average years of schooling) is scarcely available 

when it comes to developing countries, and our datasets are often missing observations for the lowest 

income countries. Given our econometrical approach, maximizing the amount of observations for 

our analysis is a primary concern in order not to overfit our model and produce robust and valid 

results. Especially when it comes to system GMM regression, we easily end up in a situation where 

the amount of instruments becomes too high compared to the number of individuals in the panel 

data. Thus, a primary concern is to maximize the data input. This is elaborated in section 3.5.3. As a 

consequence, that has led us to use older datasets on inequality to maximize number of observations, 

potentially at the cost of data accuracy. This is further elaborated in section 3.2.6. 

 

We have not analyzed or explained the cause of missing data in our panel, mostly apparent for low 

income countries. We have relied on assuming that there is no correlation between missing 

observations and unobserved variables in our model, meaning we are assuming randomness of 

missing data. We suspect this may not hold. Even the data we do have on developing countries, can 

be questionable, see section 3.2.8. 

 

Concerning comparability, even though extensive work has been put into collecting, standardize and 

ensuring comparability between data on Gini coefficients for all countries (Solt, The Standardized 

World Income Inequality Database. Working Paper, 2014), the dataset is far from perfect. The 

different sources and definitions used in the compilation makes the direct comparability between 

countries imperfect. 

 

Lastly, our analysis focuses on the overall effect, meaning we do not provide specific policy advice or 

implications of our results. We do not analyze the specific channels inequality works through. Thus, 

the implications of policies aiming at reducing inequality cannot be established from our results, 

without establishing which channels are at play. In addition, country specific factors need to be 

considered for policy design. Some of these country specific factors have been assumed constant 

across time and part of the error term in our model. Thus, we cannot determine the precise causality 

for any one country. Still, our results are useful and informative at an overall level. 

1.4 STRUCTURE 

This paper is organized as follows. Section 2 of the paper is devoted to outlining the literature 

connected to the topic of inequality and economic growth. It outlines both relevant theoretical and 

empirical literature. Section 3 develops the framework for the analysis, describes the data used as 

input and specify the regression methods. Section 4 provides the analysis of inequality’s effect on 
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growth and elaborates on the results. Section 5 discusses the implication of the analysis and 

interprets the results in relation to the theoretical background. Finally, concluding remarks are in 

section 6.  

2 LITERATURE REVIEW 

In the following sections we outline first the different measures of inequality. Hereafter we provide 

a review of the vast amount theoretical literature explaining how inequality may affect growth and 

the reverse. To conclude, the section gives an overview of recent empirical studies. 

2.1 MEASURES OF INEQUALITY 

Inequality is an intangible word, and so any definitions and measurements become intangible as 

well. In this paper, we focus on the entity of economic inequality, though how is this defined and how 

to measure it? Peoples economic means can be measured in both wealth and income, where wealth 

is perhaps most important in saying whether one is poor or not (Spross, 2017). Nevertheless, most 

measures of inequality focus on income, which is due to data on wealth distribution not existing for 

a large number of countries or long time period. Therefore, in the following we refer to inequality as 

income inequality, which is second best but has been shown to have a high positive correlation with 

wealth (Brueckner & Lederman, Effects of Income Inequality on Aggregate Output, 2015, p. 3). Data 

on income distribution, though the best there is, is still flawed both in the matter of comparability 

and reliability. There exist many different survey techniques, which can skew comparability across 

countries, though these can be mitigitated by transforming the data, done both in (Solt, The 

Standardized World Income Inequality Database. Working Paper, 2014) and (Brueckner, Dabla-

Norris, & Gradstein, 2015). Other complicating issues are public services, transfers, taxes or 

redistribution. Is it included in the survey, and if it is not, does the respondent know how to 

differentiate between pre and post tax income? Further harming data reliability is the income that is 

not measured in money, e.g. farmers growing their own food or making their own clothes, without 

any money transfers involved (UNU-WIDER, 2017). 
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So utilizing data on income distribution we can measure income inequality differently. However, 

several measures exist and among those some emerge as superior. The most basic form of income 

inequality measures are ratios. Ratios can be made by dividing the cumulative income distribution 

into shares of deciles or quintiles. Here the most popular are the 20:20 ratio, comparing the 20 

percent richest of a population with the 20 percent poorest, and then the Palma ratio, taking the 

richest 10 per cent over the poorest 40 percent. However, these metrics provide limited information 

as we know nothing about the rest of the distribution, it could be the top decile is an outlier for the 

rest of the distribution (Afonso, LaFleur, & 

Alarcón, 2015). To present the entire 

distribution, we can use a graphical tool and 

draw the Lorenz curve, which is a curve 

describing the distribution of any quantity 

upon a population. For income inequality, the 

Lorenz curve describes the population lined up 

in increasing order in the x-axis and with the 

cumulative income share on the y-axis (Farris, 

2010). Usually, a 45 degree line representing 

complete equality is shown beside the Lorenz 

curve see Figure 1. This representation of 

income inequality is understandable, but it 

does not compare well over time or country and 

is hard to analyse.  

 

Fortunately, we can use the Lorenz curve to calculate the Gini index by dividing the area between the 

Lorenz curve and the 45 degree line with the area below the 45 degree line. Looking at Figure 1, this 

is area A divided by area A + B. This results in a number between 0 and 1 though often quoted in 0 

to 100, where 0 is total equality and 100 means that all income goes to just one rich person in society. 

The Gini index is the most used measure of income inequality (Afonso, LaFleur, & Alarcón, 2015), 

with good reason. It is easy to comprehend, analyse and compare. Nevertheless, it suffers from 

several limitations. You cannot decompose the Gini index into groups, or by attributes or income 

range. The same Gini coefficient can arise from different distributions. A country very unequal in the 

top end, can have the same Gini coefficient as a country very unequal in the bottom half. As with the 

income ratios, the Gini index tells us nothing of the country’s wealth. Developed and less developed 

countries can have the same Gini coefficient, based on very different distributions and levels of 

income. There are a number of alternative indexes to the Gini. One that also relies on the Lorenz 

curve is the Hoover index, showing the percent of income that must be redistributed to achieve 

Figure 1 

Source: (Afonso, LaFleur, & Alarcón, 2015) 



Inequality’s Effect on Growth  15th of May 2018 

Page 11 of 112 
 

complete equality. This is equal to the maximum distance between the Lorenz curve and the 45 

degree line (Afonso, LaFleur, & Alarcón, 2015).  

2.2 PHYSICAL CAPITAL 

The earliest theories on inequality and economic growth focused heavily on the relation to 

investment in physical capital. This was before the importance of human capital had gained 

momentum in the literature and is best illustrated in the paper by Kaldor (1957), where he shows 

richer people have a higher savings rate. Thus, higher income inequality would lead to increased 

investment and thereby growth. This theory was later confirmed and further developed by Francois 

Bourguignon (1981). In the following section we outline the two papers and their impact on 

inequality literature. 

 

Kaldor sets up a simple national economic model with income Y, capital K, profits P, savings S and 

investment I. As he includes profits, he divides income into wages earned from labour and profits 

earned from company and property rent. Savings is assumed to be: 

 
𝑆𝑡 ≡ 𝐼𝑡 ≡ 𝐾𝑡+1 − 𝐾𝑡 

𝑆𝑡 = 𝛼𝑃𝑡 + 𝛽(𝑌𝑡 − 𝑃𝑡) 
(1) 

Here 𝛼 and 𝛽 is assumed to be positive but less than 1 combined. The model present the savings 

function and a function for investment, which develops to equations describing the savings rate and 

investment rate of the economy, dependent on the share of income from profits. With these 

equations we reach the intuitive result that savings grow in profit’s share of total income. Kaldor 

shows that profit’s  share of income grow as income is concentrated among the richest individuals, 

thus indicating that higher inequality leads to higher savings rate. Confirming the vague conclusions 

drawn on inequality from Kaldor is the 1981 paper by Bourguignon. 

 

Bourguignon (1981) in his model assume a convex function of savings, meaning a higher income for 

each individual results in a higher savings rate. Income here may be substituted by wealth. In his 

model, inspired by an earlier Stiglitz model, income is represented by: 

 𝑦 = 𝑤 + 𝑟𝑐 (2) 

Here y income, w is wage, r is rent of capital and c is capital per capita in each group. He then divides 

the otherwise identical agents into two groups capable of having separate stocks of capital per capita 

c, which aggregates to total population capital per capita k. Bourguignon moves on to prove that 

there with two groups with only positive wealth allowed, can exist both an egalitarian equilibrium 

and an unegalitarian equilibrium. The egalitarian equilibrium can be found where the function for 

capital development equal to 0 is at the k where k and c is equal. He finds that for an unegalitarian 
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equilibrium to exist in this neoclassical model with a convex saving function and only positive wealth 

allowed, one needs to satisfy two conditions: 

 𝑘0 < 𝑘∗ ,           inf(𝑎1, 𝑎2) ≤ �̅� (3) 

Here 𝑘0 is the capital per capita prevalent at the egalitarian equilibrium, and 𝑘∗ is the golden rule 

capital per capita, which is not an equilibrium in this two group model. The 𝑎1  and 𝑎2  are the 

population shares of the two classes, which must be less than the average population share of the 

classes, here 0.5. He then proves that the unequal equilibrium can exist, and that it is a Pareto 

optimum as even the poor class is richer than in the equal case. This is due to the higher savings rate 

of the richer class giving rise to more capital accumulation (Bourguignon, 1981).  

2.3 THE CHANNEL OF HUMAN CAPITAL  

Mankiw, Romer and Weil shows in their 1992 paper on the Solow model, investment not only goes 

toward physical capital but to a high degree also human capital. They show human capital has a 

strong effect on determining the steady state of an economy. What if we told you, some of this 

influence stems from variations in inequality, creating more or less unequal opportunities for labors 

to invest in themselves? Several studies have shown an empirical and theoretical link from 

inequality, through human capital to economic growth.  

 

Lazear and Rosen (1981) address the accumulation of human capital in an indirect way by developing 

a framework for optimum wage labor contracts, increasing the efficiency and investment of workers. 

In the model a “prize” is obtained, when outcompeting the other players, the prize being a promotion 

and increased wage. The size of the prize or wage gap decides the investment a player makes in 

herself, as the outcome of the competition is decided based on work effort, education level and a 

random factor. “As the spread increases, the incentive to devote additional resources to improving 

one's probability of winning increases.” (Lazear & Rosen, 1979). Relating this to inequality, it seems 

greater inequality can serve as a motivation to work harder and take risks on investments in 

education and improving skill, thereby creating increased activity in the economy and growth.  

 

Going from this risk taking perspective into a paper researching the empirical relation between 

human capital and inequality Flug, Spilimbergo, & Wachtenheim (1996) find different answers to 

the effect of inequality. They find that inequality in general has a negative effect on human capital 

accumulation. In a paper focused on researching the impact of economic volatility on the investment 

in human capital a substantial effect is found from income inequality. It is theorized that human 

capital is affected by employment volatility and income inequality, as lenders shy away from 

investing in human capital due to its inherent properties of irreversibility and cannot serve as 
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collateral. Therefore, volatility in a high inequality environment will cause more individuals to lack 

the resources to invest in education, which is a decision that cannot be undone, unlike physical 

capital. They conduct a cross-country regression with data from 1970 to 1992, including variables 

representing the development of financial markets, income inequality, employment volatility, 

income volatility, beginning of period GDP and education level. Here human capital is proxied by 

secondary school enrollment, while income inequality is proxied by the ratio of top quintile to the 

bottom two quintiles of the income distribution. The results on financial depth confirms Galor and 

Moav’s (2004) regime framework as the development of the financial market and ease of getting 

credit is found to have a positive effect on school enrollment. The inequality variable is found to have 

a negative significant effect, however only significant in the absence of the volatility variables. Flug, 

Spilimbergo, & Wachtenheim (1996) hypothesize the effects may be different for countries with 

various starting points, much in line with the Galor Zeira framework (Galor & Zeira, 1993). They split 

their sample and see the same siginificant positive result for financial depth, whereas inequality only 

is significantly negative in rich countries, implying a different interaction depending on the level of 

development of the country. To do robustness checks of their cross-country analysis on 122 

countries, they split their data in three time periods and do a panel regression using first differences 

to filter out country specific effects. This method confirms their first results to a certain degree, as 

the signs remain the same, but significance levels drop. 

 

Saint-Paul and Verdier (1992) also suggest a positive effect of inequality on human capital as 

countries convergence to their steady states. They provide a more macroeconomic theoretical model, 

by setting up a politico economic model. The model is set up as a non-overlapping generations model, 

with all individuals having one child and receiving utility from consumption and the human capital 

accumulation of their children. Human capital differs across individuals and is the factor creating 

income inequality as human capital is obtained in part from public education and inheritance. Since 

human capital is inherited in the model, and public education is egalitarian, income levels are 

equalized in the steady state. This convergence of incomes are faster for higher spending on public 

education. When introducing democracy, if the median voter is poorer than the mean there will be a 

higher public spending on education, which indicates higher initial inequality leads to higher growth. 

All economies will still converge, but the income level will differ. Saint-Paul and Verdier makes the 

final remarks that democratisation seems to increase public spending on education which increases 

growth. Further, income inequality leads to more public education, whereas public education in turn 

results in a more equal society (Saint-Paul & Verdier, 1993). 
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2.4 POLITICAL ASPECT 

The political aspect of inequality’s macroeconomic effect is a large area of research. Persson and 

Tabellini in their paper “Is inequality harmful for economic growth” (1994), research how political 

institutions affect inequality. Persson and Tabellini create an endogenous growth model with 

overlapping generations, where the income from investments is affected by a policy term 𝜃𝑡 e.g. a tax 

on profits. The policy term is chosen in t-1 affecting the choice of investment etc. in period t. The 

variable 𝜃𝑡 only taxes income from profits gained from the individual’s capital accumulation, where 

a higher 𝜃𝑡 means more redistribution. Hence, a higher 𝜃𝑡 discourages more investment in capital 

(human or physical) and thereby curtails growth. The political equilibrium in the model is reached 

where the optimal 𝜃𝑡
∗  can be defined through an Euler equation setting the marginal benefit of 

redistribution for the median voter equal to the marginal cost of the tax distortions. This implies that 

if the median voter coincides with the average investor then 𝜃𝑡 = 0, whereas if the median voter 

accumulates less capital than the average investor therefore having lower profits, then 𝜃𝑡 is set higher 

and there is redistribution. The implication when finding the equilibrium growth rate is, higher 

equality leads to higher growth rate, as this means the voting base is more aligned with the investor 

base (Persson & Tabellini, 1994). 

 

Bertola in his 1993 paper “Factor Shares and Saving in Endogenous Growth” also discusses income 

distribution in a politico-economic model with endogenous growth. Instead of using an overlapping 

generations framework he applies an infinite lives framework to his representative agents. He finds 

that workers who do not initially own any capital will never accumulate any, as they use all income 

on consumption, relatable to the framework of Galor and Zeira (1993). He also uses the fact that 

heterogeneity in voters coupled with a possibility for tax and subsidies create disparages between 

what the median voter wants and what the average voter wants. This can push the growth rates away 

from the social optimum, if say the “median voter owns 20-percent less capital than the 

representative agent…, the politically determined growth rate is roughly half as large as 𝜗𝑠.” With 

𝜗𝑠 being the socially optimal growth rate (Bertola, 1993). Hence, he reaches much the same 

conclusion as Persson and Tabellini, that inequality creates distortionary policies and diminishes 

growth. 

 

Benabou (1996) reviews former and current theory on inequality’s implications for growth. He 

creates a similar politico-economic model as Persson & Tabellini, in which the incentive of the 

decisive voter decides if redistributive and regulative policies are put in place. He outlines how in 

this political model with a perfect asset market inequality and resulting redistributive measures will 

hurt growth and investment incentives. When the loan market is “turned off” the poor are credit 
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constrained and with decreasing returns have higher marginal product. This leads to redistribution 

or lower inequality having a positive effect on growth. When reviewing Benabou’s study Perotti 

questions the assumption that inequality leads to more redistribution, he questions the assumption 

that redistribution hurts growth, which not even IMF find significant evidence for (Ostry, Berg, & 

Tsangarides, 2014). And he questions the assumption that redistribution is necessarily increasing 

inequality, as in many developing countries redistribution can be in the form of educational support 

to tertiary schooling, where mostly wealthier families send their children (Bénabou, 1996, pp. 74-

82). 

 

Persson & Tabellini (1994) takes a more empirical approach after outlining their theoretical model. 

Here they conduct a regression analysis researching the actual implications of inequality related to 

political regimes. To test their theoretical results Person & Tabellini (1994) run regressions on two 

datasets. A historical dataset 1850-1985 on a small number of countries and a post-war dataset with 

a large number of countries included, both developing and developed. The historical dataset is based 

on very few observations and only nine now developed countries. They use OLS and some 

specifications show a strong significant negative effect of inequality. Their post war sample uses 

annual data from 1960 to 1985, and conducts an OLS regression on growth, with the explanatory 

variables: 40th - 60th income quintile, initial GDP in 1960, schooling and a dummy variable for 

democracy. They find that equality measured as the size of the 3rd income quintile has a significant 

positive coefficient for growth for democracies, but no significance for non-democracies. The results 

are robust across specifications, though they are limited in variation. The democracy variable is 

constructed from looking at the constitutions of countries and include both poor and rich countries. 

One can wonder if Person & Tabellini’s (1994) democracy variable capture other effects than merely 

being a democracy. However, the results remain consistent when adding dummy variables for 

continents (Africa, Asia and Latin America) and when testing with a 2SLS using several instruments 

for their equality variable and when using investment as an alternative dependent variable. When 

they divide the sample in rich and poor countries the coefficients in the two samples on equality and 

democracy remain similar, but they become insignificant with p-values around 0.16. This could point 

to possible endogenous factors in the democracy dummy variable. 

 

Alesina and Perotti (1996) uses the conclusions made in former studies, Person & Tabellini (1994) 

amongst others, that inequality is hurtful for growth and proceed to study a channel through which 

this effect happens. They choose to study the channel of political instability caused by inequality, and 

to avoid reverse causality issues, set up a two-equation system. They establish an index for socio-

political instability, and use this as the dependent variable in a cross-country regression with 71 
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countries for the period 1960-85. Here, inequality measured as the income distribution proxied by 

the 3rd and 4th quintile in 1960 is an explanatory variable.  

 𝐼𝑁𝑉 = 𝛼0 + 𝛼1𝑆𝑃𝐼 + 𝛼2𝐺𝐷𝑃 + 𝛼3𝑃𝑃𝑃𝐼𝐷𝐸 + 𝛼4𝑃𝑃𝑃𝐼 + 𝜖1 (4) 

 

 𝑆𝑃𝐼 = 𝛽0 + 𝛽1𝑃𝑅𝐼𝑀 + 𝛽2𝐼𝑁𝑉 + 𝛽3𝑀𝐼𝐷𝐶𝐿𝐴𝑆𝑆 + 𝜖2 (5) 

Their regression results are robust to sensitivity checks of including other variables in the 

specifications, amongst others when including school enrolment (PRIM) in the investment equation. 

Their results show a significant negative relation between a larger middle class or increased equality 

on the SPI index. Further the SPI shows to have a negative effect on investment. Alesina and Perotti 

argue the MIDCLASS variable is a good proxy for equality as it has a correlation of almost -1 with the 

richest quintile, in spite that it ignores the bottom quintiles. For a more in depth review of Alesina 

and Perotti see (Schjoelin & Soerensen, 2016) Appendix 8. 

2.5 ALTERNATIVE FUNCTIONAL FORMS OF INEQUALITY’S EFFECT ON ECONOMIC GROWTH 

2.5.1 Evidence of non-linear effects of income inequality on economic growth 

When reviewing theory on the effects of inequality on economic growth, we find an adverse set of 

relations. We find positive impacts through risk taking (Lazear & Rosen, 1981) and increased savings 

from the richer part of the income distribution (Kaldor, 1957). The negative effects stem from 

democratic mechanisms and distortionary policies (Bertola, 1993) (Persson & Tabellini, 1994), 

appropriation of property rights and civil unrest (Alesina & Perotti, 1996) to human capital impacts 

(Flug, Spilimbergo, & Wachtenheim, 1996). Benhabib (2003) proposes in his paper a theoretical 

perspective of a non-linear hump-shaped effect of inequality in contrast to other empirical studies 

finding either positive or negative linear effects. Benhabib creates a politico-economic model with 

two kinds of agents, both represented in the production function. Inequality seems to be good in the 

model inducing productive behaviour in the agents, but only to some tipping point. The model 

incorporates political influence. Below some inequality threshold, the two groups are in a cooperative 

state and reach a cooperative equilibrium in the economy, which is the sustainable optimum when 

including political influence. However, both sides have the possibility of being non-cooperative and 

appropriate through political means a part of the economy, which then leads to the other agent class 

doing the same. This will only happen at some tipping point of inequality, where one class of agents 

has much lower income than the other. This leads to a non-cooperative state with a lower growth 

rate. Thus suggesting a hump-shaped non-linear effect, where political disturbance overcome the 

positive effects of inequality (Benhabib, 2003).                                                     
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2.5.2 Inequality’s effect dependent on economic development 

During the economic wave focusing on economic growth and the apparent differences in countries’ 

wealth, Galor and Zeira (1993) created a macroeconomic model highlighting the effect of initial 

income distribution on economic growth and wealth of a country. They set up a basic model where 

the agents live two periods and assume imperfect capital markets, restricting access to borrowing. 

The agents then choose in the first period to invest in human capital or work as unskilled labour, 

resulting in two different production functions, one for skilled workers and one for unskilled: 

 𝑌𝑡
𝑠 = 𝐹(𝐾𝑡, 𝐿𝑡

𝑠),   𝑌𝑡
𝑛 = 𝑤𝑛 ∗ 𝐿𝑡

𝑛 (6) 

Here 𝑌𝑠 denotes skilled income and 𝑌𝑛 denotes unskilled income. K is capital, L is labour and w is 

marginal product of unskilled labour. The agents receive utility through both consumption and 

leaving a “bequest” for their child, every agent has exactly one parent and one child. As investment 

in human capital is expensive, and borrowing is expensive, only persons with initial wealth from 

their parent above some point f will invest in human capital, see Figure 2. However, only agents who 

have initial wealth above point g will have their whole lineage invest in human capital. This leads to 

rich and poor dynasties dividing society based on initial wealth, meaning the income distribution 

matters for the wealth of a country. A rich economy with wealth only distributed among few will 

end up poor, compared to a more equally rich economy. In this model, a pareto improvement 

happens when the cost of borrowing is 

lowered, as this leads to poorer people 

being able to invest in human capital 

and climb above a now lower g. 

Subsidizing education using tax on 

skilled workers will have the same 

effect. The model is robust to random 

variation in wages, as this merely 

creates a more flexible middle between 

rich and poor dynasties. 

 

Galor and Zeira (1993) extend their model with variable wages confirming their initial results. Rich 

countries will see the wages for skilled and unskilled labour converge and be equal, with a high 

portion of labour being skilled. Countries, which are initially equal, will see higher growth due to 

investments in human capital, whereas unequal countries will see slow growth, become poor and 

have an unequal income distribution in the long run. When exposed to shocks, the extended model 

show rich economies are better able to adjust. A downward demand shock for unskilled labour in 

unequal societies makes the poor even poorer and creates a larger income gap. In the rich economy, 

Figure 2 

Source: Galor & Zeira (1993) 
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people will have money to shift sector by investing in human capital and the economy will adjust 

with only a short run initial loss in income. 

 

The results of the paper relies heavily on the assumption of imperfect capital markets and an 

indivisibility of human capital, meaning you can either afford or you cannot afford to invest in human 

capital, without a middle ground. The key takeaway is that the effect of inequality varies across 

countries, depending on their initial wealth, where especially rich countries seems to benefit from 

equality (Galor & Zeira, 1993). 

 

Galor & Moav (2004) published a similar paper exploring how the effect of inequality depends on 

level of economic development. They also challenge the notion of a universal effect of inequality on 

growth. Their main proposition is that inequality’s effect is transmitted through different channels, 

dependent on the level of economic development. They argue that inequality may both hurt and 

promote economic growth depending on the level of economic development. Economies are assumed 

to develop through two regimes. While in regime one, the country is in early economic development 

where physical capital accumulation is the primary driver of growth as the rate of return on physical 

capital accumulation is assumed higher than return on human capital. Maximizing capital 

accumulation is therefore key to achieve the highest possible growth. If regime one is combined with 

an assumption of an increasing savings rate with income, by concentrating income with few rich 

people, the economy’s total savings increases. Thus, leading to higher physical capital accumulation 

and ultimately higher growth. Inequality therefore promotes growth, by promoting higher capital 

accumulation in early economic development (regime one). Eventually, the economy enters regime 

two. In regime two, investments in human capital becomes feasible as the rate of return on human 

capital has become higher. Galor and Moav (2004) outlines three stages in regime two. In the first 

stage, human capital investments are constrained to the rich. The poor lacks the necessary funds and 

are constrained from borrowing as financial markets are assumed to be imperfect. As the economy 

enters stage two, financial markets allow poor to borrow for human capital investments. In addition  

other income groups can afford to make the investment without borrowing. In stage two and stage 

three, the rate of return on human capital is assumed to have surpassed that of physical capital, and 

by maximizing human capital investment, the economy maximize growth. However, since human 

capital is embedded in people, Galor and Moav argues that in order to maximize human capital 

accumulation in regime two, it is key to spread education across the population. This is in contrast 

to the concentration of physical capital in regime one. Hence, inequality can be hurtful for growth in 

the latter stages of regime two, as it may exclude people from obtaining an education and contribute 

to the accumulation of human capital. Ultimately, Galor and Moav outlines a framework where 
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inequality is predicted to have a positive effect on economic growth for lower income countries while 

inequality hurts growth in advanced economies. 

2.6 REVERSE CAUSALITY AND THE KUZNETS CURVE 

One of the earliest and still today very important contributions to the inequality and growth literature 

is the Kuznets Curve from 1955. The simple theoretical proposal is, that the relationship between 

income inequality and economic development within a country is best described by an inverted U-

shape. Evenly as important for this paper, Kuznets proposed a causal relationship going from 

economic development to economic growth and not the reverse, which is the focus of this paper. 

Kuznet’s proposed theoretical relationship was primarily based on analysis of the income 

distribution in Germany, US and UK and their economic development. He observed that the u-

shaped relationship was founded in the transition from agricultural based economies to industrial 

and urban economies, and the movement of workers from the former to the latter (Kuznets, 1955). 

When the economy is heavily based on the agricultural sector, average income per capita is low, but 

so is inequality as there is assumed little productivity difference between different sub-sectors of 

agriculture. In early economic development, as the workers move into the urban industrial sector, 

inequality and income rises. The rising inequality is the result of both income differences between 

the low productivity agricultural sector and the more productive industrial sector that is growing in 

size as well as the higher variation in income within the industrial sector. Since the industrial sector 

gains more weight in the economy compared to an all-agricultural based economy, inequality rises. 

In addition, the industrial sector also has higher productivity variation within its subsectors than the 

agricultural sector does. So as more people move to the industrial sector, higher income discrepancy 

arise, increasing inequality further. At some point the rising inequality reverses. This is predicted to 

happen when the agricultural sector becomes small and wages are driven closer to the industrial 

sector, while the industrial sector matures and evens out productivity differences. In addition, as the 

size of the agricultural sector becomes small, the inequality stemming from differences between the 

two sectors carries little weight in the overall inequality picture. In addition, as economies grow 

richer, Kuznets notes that redistributive measures plays a bigger role, lowering inequality (Kuznets, 

1955). Kuznets also included a brief analysis looking at Ceylon (Sri Lanka), India and Puerto Rico, 

but data uncertainty and scarcity left the conclusions from these countries more vague. 

 

Given that the analysis is primarily based on countries considered advanced both then and now, we 

should exercise caution generalizing the findings onto a wider sample including emerging markets 

and developing countries. In the 1970s, empirical evidence seemed to suggest that countries followed 

an inequality development as predicted by the Kuznets curve (Ahluwalia, 1976). In addition, Kuznets 

also noted that “The paper is perhaps 5 percent empirical information and 95 percent speculation, 
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some of it possibly tainted by wishful thinking” (Kuznets, 1955). Newer research has pointed 

towards a different interpretation of the Kuznets curve. Li, Squire & Zou (1998) found, that the 

Kuznets curve did not perform well describing countries’ individual development. Instead, they 

found that the Kuznets curve was better at describing the variation between inequality and GDP per 

capita in a cross section of the countries at a point in time. That is, looking at a cross section of 112 

of both developing and developed countries, they found that low and high income countries tend to 

have low inequality, while middle income countries tend to have higher income inequality. They also 

found, that few countries showed a significant time trend in inequality (Li, Squire, & Zou, 1998). The 

main concern for this research paper is the reverse causality suggested. Whereas we work from the 

hypothesis of inequality impacting growth, Kuznets suggested the reverse. As illustrated with his 

own quote, this is merely a theoretical relationship if anything, and while we will look at the Kuznets 

curve prediction in later sections, we maintain the hypothesis of impact from inequality to growth, 

while adjusting our methods to accommodate possible reverse effects from growth to inequality.  

2.7 RECENT EMPIRICAL PAPERS 

Since 2010, a mounting amount of empirical studies have been conducted. International 

organizations have put increasing emphasis on the issues related to rising inequality. Still, the 

empirical evidence on whether inequality promotes or decreases economic growth is inconclusive. 

Inconsistencies in results are prevalent and arise due to subject of countries for analysis, time period, 

definition of inequality and econometric methods. This section outlines some of the recent studies 

with emphasis on the research of three international economic organizations: The OECD, IMF and 

World Bank. The bulk of these studies [ (Cingano, 2014) (Ostry, Berg, & Tsangarides, 2014) (Dable-

Norris et. al. 2015) ] have relied on a system GMM regression method to carry out their analysis, to 

combat the endogeneity problems and reverse causality of economic regressions including inequality 

variables. However, this method also meets critique in a newer paper released by the World Bank 

(Brueckner & Lederman, 2017), due to the instruments suffering from weak instrument bias.  

 

2.7.1 Cingano (2014) OECD paper 

This thesis was inspired by Cingano’s (2014) study of inequality’s long term economic effect on 

advanced (OECD) countries. For the time period 1970-2010, Cingano studied trends in income 

inequality and its effect on long term economic growth in OECD countries and found a statistically 

significant negative relationship (Cingano, 2014). His method, as outlined below, had been the main 

source of inspiration for this thesis. Cingano found that income inequality has been rising in OECD 

countries since the financial crisis. Although real income has on average grown 1.6% annually leading 

up to the financial crisis, in ¾ of OECD countries it was the richest 10% that had higher growth than 
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those in lower income deciles. In addition, as real income generally fell after the financial crisis, the 

real income of the poorest 10% fell more than that of the richest 10%. Cingano observed that the 

income discrepancy between the two groups has increased to a ratio of 9.5:1 in 2014, up from 7:1 in 

1980. When analyzing developments in the Gini coefficient, Cingano notes that on average, the Gini 

coefficient increased 3 points from 0.29 in mid 1980s to 0.32 in 2012. Most OECD countries 

exhibited significant rising Gini coefficients, while only two countries had a significant decrease 

(Cingano, 2014). Figure 3 below show the development in the Gini coefficients in a number of 

countries: 

 

To study the effect of inequality on economic growth, Cingano sets up an augmented Solow model 

and adds inequality as the variable of interest. The model is set up in 5-year intervals in order to 

study the long-term effect of inequality. His baseline model then becomes: 

 𝑙𝑛𝑦𝑖,𝑡 − 𝑙𝑛𝑦𝑖,𝑡−1 = 𝛼𝑙𝑛𝑦𝑖,𝑡−1 + 𝛽𝑋𝑖,𝑡−1 + 𝛾𝐼𝑛𝑒𝑞𝑖,𝑡−1 + 𝜇𝑖 + 𝜇𝑡 + 𝜖𝑖,𝑡  (7) 

where lny is natural logarithm of GDP per capita, X is set of control variables, Ineq is the inequality 

measure, 𝜇𝑖 and 𝜇𝑡 are country and time fixed effects and 𝜖 is the idiosyncratic error term. Using a 

system GMM regression method, he analyzed above model with several specifications (Cingano, 

2014).  
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In his baseline method he set X=0 and looked at lagged GDP and inequality measured by the Gini 

coefficient as the sole explanatory variables. Alternative specifications consisted of including human 

and physical capital in X and alternative measures on Ineq. Physical capital was measured as fixed 

capital formation in percentage of GDP while human capital was proxied by average years of 

schooling from the Barro-Lee (2013) dataset. In another specification, Cingano used income shares 

as an alternative proxy for inequality. With the exemption of human capital, the data was sourced 

from OECD databases (Cingano, 2014). 

 

Cingano finds a statistically and economically significant negative relationship between income 

inequality and economic growth. The result is robust across his different specifications. In his 

baseline model, he specifically finds that an increase of 1 percentage points in the Gini coefficient 

yields 0.8 percentage points lower growth over a 5-year period. When adding human and physical 

capital as control variables, the above result remains in both size and significance. However, Cingano 

finds no non-linear relationship as described by Benhabib (2003), meaning that the 0.8 percentage 

point lower cumulative growth effect of higher inequality should apply both to already very unequal 

economies as well as very equal.  

 

In addition, Cingano extended his study by looking at income deciles. The income deciles measure 

how big a share that income group has of total aggregate income in an economy. When looking at 

income shares, it is possible to analyze whether inequality with regards to bottom inequality (making 

poorest poorer) or top inequality (making richest richer), has similar economic effects. The results 

showed, that the economic impact of inequality is highest among the bottom income groups. 

Specifically, lowering income inequality among the bottom 1st to 4th deciles yields significant higher 

economic growth compared to lowering inequality with regards to the 9th and 10th decile (richest 

20%), which show no significant effect. Cingano thus concludes that inequality needs to be combated 

at lower income groups to maximize growth for advanced countries (Cingano, 2014). 

 

2.7.2 IMF inequality studies on all countries 

IMF has also released a number of articles and reports on the issue of inequality, both in the 

spectrum of analyzing the development of inequality in the world (Fiscal Monitor, 2017) and 

econometric studies more akin to the approach taken in this paper (Dable-Norris et. al., 2015)  

(Ostry, Berg, & Tsangarides, 2014). Ostry, Berg and Tsangarides (2014) provide an analysis on a 

dataset spanning across all countries, which therefore separates it from the Cingano paper. Further, 

they utilize inequality data from Solt’s 3.1 SWIID, which this paper mimics. They analyze the data 
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and find an increasing tendency in inequality in most of the world, setting the stage of the problem 

of inequality. Solt in his dataset, provides both net inequality and market inequality meaning 

inequality before and after redistribution. Ostry, Berg and Tsangarides then use both measures to 

estimate the effects of redistribution in their sample. Using methods similar to Cingano, regarding 

economic model and regression method they find a negative coefficient on lagged GDP and a hurtful 

effect of inequality on growth using system GMM, on 5 year averaged data. For redistribution, they 

find no significant effect, which they owe to the variety of redistribution policies captured by their 

variable. They do find a negative effect of redistribution, when analyzing the risk of a growth spell 

ending, but the effect is only there for countries with a very high initial redistribution. The study’s 

results coincide with Cingano’s in most aspects, with the outcome of showing the negative effect of 

inequality, despite analysing a different sample (Ostry, Berg, & Tsangarides, 2014). 

 

Dable-Norris et.al. confirms the analysis of increased inequality in the world. Further, they also 

conduct a system GMM, leading to the same results as Ostry, Berg and Tsangarides (2014). Further, 

they add an analysis of how income shares affect economic growth, finding that raising income for 

the bottom quintiles increases growth, and raising income for the top quintile decreases growth. For 

a more in depth overview of this article, see our Bachelor’s thesis “Inequality & Growth” from 2016 

(Schjoelin & Soerensen, 2016) Appendix 8.   

 

2.7.3 Brueckner & Lederman (2017) World Bank’s inequality study 

A recent study conducted by Brueckner & Lederman for the World Bank (2017) follows much the 

same structure as the Cingano and IMF papers, using the same macroeconomic model to set up a 

regression specification. The study utilises data on inequality from Brueckner et al. (2015) that uses 

the UNU-WIDER WIID database and the World Bank for both Gini and Income shares. They 

combine the two datasets, and drop duplicates and weak datapoints, meaning those indicated as low 

quality. To proxy physical capital, data from Penn World Table (Heston et al., 2012) is sourced, and 

for human capital they use the Barro and Lee (2010) data set on avg. years of schooling and 

enrolment. The paper conducts its study on a wide range of countries but adds an element based on 

Galor and Zeira’s (1993) framework. An interaction variable between the Gini and initial income 

based on GDP in 1970 separates countries’ inequality effect, by creating a distinction between less 

developed countries and developed countries. Their baseline model specification ends up like the 

following: 

 ln(𝑦)𝑖𝑡 = 𝑎𝑖 + 𝑏𝑡 + 𝜃1𝐼𝑛𝑒𝑞𝑢𝑎𝑙𝑖𝑡𝑦 + 𝜃2𝐼𝑛𝑒𝑞𝑢𝑎𝑙𝑖𝑡𝑦 ∗ ln(𝑦𝑖1970) + (1 + 𝜑) ln(𝑦)𝑖𝑡−1 + 𝑢𝑖𝑡 (8) 

Here control variables are not shown. This specification rooted in Galor and Zeiras framework is also 

used in this paper. 𝜑 is defined as the base for the convergence rate, as done in the Cingano paper, 
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which enables Brueckner and Lederman to calculate the long run effect of inequality on growth, and 

not only the absolute 5 year percentage effect. 

 

They conduct a 2-SLS regression along with several control methods. They instrument inequality by 

filtering out GDP’s influence on inequality to remove reverse causality as suggested by (Brueckner, 

Dabla-Norris, & Gradstein, 2015). They do this by instrumenting inequality with the residuals of a 

simple regression where inequality is the dependent variable and GDP is the explanatory. The results 

conform to the latest empirical research yet also conform to results found in (Schjoelin & Soerensen, 

2016) as seen in Appendix 8. They show that inequality in its own right is positive for the economy 

in regressions with and without the interaction term. Yet when looking at the interaction term, it is 

shown that an initial wealth below 3,000USD yields a significant positive effect of inequality on 

growth (Brueckner & Lederman, 2017). Above this threshold, a significant negative effect is found 

and with the mean income in the sample being 10,000 USD they somewhat reflect other recent 

empirical papers. Their results are directly in line with the Galor & Zeira framework, as poor 

countries see a significant positive relation between inequality and growth, while it is negative for 

rich countries. Galor & Zeira’s framework is also confirmed when using human capital as the 

dependent variable, which Galor & Zeira suggest as the channel through which inequality works 

(Brueckner & Lederman, 2017). Further testing the relation in their working paper from 2015, they 

find that the effect of inequality is decreasing in avg. years of schooling. With the effect of inequality 

on growth being positive at low levels of schooling and negative for the median. This was a result 

found in earlier research (Brueckner & Lederman, 2015). This result is robust to dividing the sample 

in regions and when testing on income shares. The main result, finding a positive effect of inequality 

on growth, when not including the effect of the interaction term and a strong negative relation in 

initial income is also robust to several specifications. Their results based on the new instrument for 

inequality, leads Brueckner and Lederman to criticize the findings of the papers used as inspiration 

for this thesis (Ostry, Berg, & Tsangarides, 2014) (Dable-Norris, Kochhar, Suphaphiphat, Ricka, & 

Tsounta, 2015) for weak instruments in their system GMM method. 

3 METHOD SECTION 

3.1 MACROECONOMIC GROWTH MODEL FOR THE ECONOMETRIC SPECIFICATION 

To measure the effect of inequality on economic growth we seek a framework to both justify the 

validity and calculate actual long run implications of our explanatory variables. The standard model 

widely used in growth literature focusing on inequality is based on the growth model by Robert Solow 

(1956), where different saving rates and population growths across countries led to different steady 
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states. However, one of the main areas of criticism stems from endogenous growth theory. It 

concerns the Solow model’s failure to explain cross country differences and the ability of countries, 

which save more, to grow faster indefinitely, contrary to the predictions from the Solow model. 

Specifically, Barro (1989) observes that according to the Solow model, countries starting at lower 

income levels should grow faster than higher income countries, meaning we ought to see 

convergence in income levels. However, Barro notes that this is inconsistent with cross-country 

evidence, where growth rates are uncorrelated with initial income level (Barro R. J., 1989). Another 

criticism concerns the apparent overestimated effect of population growth and savings (Mankiw, 

Romer, & Weil, 1992). To address some of these issues, the Solow model was augmented and 

defended by Mankiw, Romer and Weil (1992). This augmented Solow model incorporates human 

capital separate from physical capital and finds that including these provide more reasonable 

estimates when testing the model empirically. Mankiw, Romer and Weil (1992) also point out that 

one should not expect convergence in the Solow model, as countries reach different steady states 

because of savings and population growth. However, once these are controlled for, we can observe 

convergence (Mankiw, Romer, & Weil, 1992).  The pure Solow model predicted the correct signs of 

coefficients on savings rate and population growth, but wrong magnitudes. Further, Mankiw, Romer 

and Weil’s model allows for additional variables such as inequality, the key topic of this study. To 

arrive at the augmented model capable of including inequality we must first specify the basics of the 

original Solow model.    

 

Solow defines an economy only producing a single good represented by the output Y. To produce 

output Y we define a production function based on capital K, labour L and technological level A. 

Mankiw, Romer and Weil (1992) utilise a Cobb Douglas production function: 

 𝑌𝑡 = 𝐾𝑡
𝛼(𝐴𝑡𝐿𝑡)1−𝛼           0 < 𝛼 < 1 (9) 

Solow set the two variables 𝐿 and A to grow exogenously at rate n and g: 

 𝐿𝑡 = 𝐿(0)𝑒𝑛𝑡 (10) 

 𝐴𝑡 = 𝐴(0)𝑒𝑔𝑡 (11) 

This also implies an assumption of full employment of labour, as labour grows exogenously and is 

not determined by some interaction with real wage setting etc. Full employment of capital is also 

assumed. One can imagine an extreme inelastic supply, which is then vertical and for labour pushed 

right by the rate n. The wage will then be set as to fulfil full employment. Effective units of labour 

will, by the above equations (10) and (11) grow at a rate n+g. Further, the model assumes an 

exogenous savings rate s of output Y, which is constant and directly translates into investment 

accounting for depreciation. We can now define the variables per effective unit of labour by their 



Inequality’s Effect on Growth  15th of May 2018 

Page 26 of 112 
 

lower case letters, by dividing with AL and then describe the evolution over time of k using the former 

assumption on savings: 

 �̇�𝑡 = 𝑠𝑦𝑡 − (𝑛 + 𝑔 + 𝛿)𝑘𝑡 (12) 

Here 𝛿 is defined as the depreciation rate. Further, as  
𝑌

𝐴𝐿
=

𝐾𝛼𝐴𝐿1−𝛼

𝐴𝐿
= 𝐾𝛼𝐴𝐿−𝛼 =

𝐾𝛼

𝐴𝐿𝛼 = 𝑘𝑡
𝛼 = 𝑦𝑡, from 

equation (9) we can substitute y out to then solve for the steady state of k, 𝑘∗: 

 �̇�𝑡 = 𝑠𝑘𝑡
𝛼 − (𝑛 + 𝑔 + 𝛿)𝑘𝑡 (13) 

Setting the change in capital �̇�𝑡 to 0 yields the steady state: 

 0 = 𝑠𝑘𝑡
∗𝛼 − (𝑛 + 𝑔 + 𝛿)𝑘𝑡

∗ (14) 

 𝑠𝑘𝑡
∗𝛼 = (𝑛 + 𝑔 + 𝛿)𝑘𝑡

∗ (15) 

 𝑘∗ = (
𝑠

𝑛 + 𝑔 + 𝛿
)

1
1−𝛼

 (16) 

Substituting this into the production function in terms of effective labour units and then taking the 

logarithm we find the following equation for output: 

 ln (
𝑌𝑡

𝐿𝑡
) = ln(𝐴(0)) + 𝑔𝑡 +

𝛼

1 − 𝛼
ln(𝑠) −

𝛼

1 − 𝛼
ln (𝑛 + 𝑔 + 𝛿) (17) 

This is actually something that looks like a suitable regression specification, and can as such be used 

to estimate coefficients predicting the direction of the variables’ influence. Furthermore, we can also 

estimate the actual deviation from the steady state caused by a change in a variable, as elaborated 

later. However, to estimate the model empirically using a cross-sectional OLS, Mankiw, Romer and 

Weil (1992) assume g and 𝛿 to be the same across countries and that ln(𝐴(0)) consists of a constant 

a and an idiosyncratic error 𝜖 . Here Mankiw, Romer and Weil assume the savings rate and 

population growth is independent of the error. We will make a less strong assumption in our model, 

using instrumental variable regression models that can handle possible endogeneity. Assuming 

population growth is not correlated with e.g. technological growth is a very strong assumption and 

our choice of model allows us to relax this assumption. Their model looks like the following with g 

and 𝛿 excluded: 

 ln (
𝑌𝑡

𝐿𝑡
) = 𝑎 + 𝑔𝑡 +

𝛼

1 − 𝛼
ln(𝑠) −

𝛼

1 − 𝛼
ln(𝑛) + 𝜖 (18) 

We now approach the task of adding human capital to the equation, by first adding a new factor in 

the production function called H: 

 𝑌𝑡 = 𝐾𝑡
𝛼𝐻𝑡

𝛽(𝐴𝑡𝐿𝑡)1−𝛼−𝛽 (19) 

We can then take the same approach and describe the process of human and physical capital by 

defining 𝑠𝑘 and 𝑠ℎ as the savings rate for human and physical capital: 

 �̇�𝑡 = 𝑠𝑘𝑦𝑡 − (𝑛 + 𝑔 + 𝛿)𝑘𝑡 (20) 
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 ℎ̇𝑡 = 𝑠ℎ𝑦𝑡 − (𝑛 + 𝑔 + 𝛿)ℎ𝑡 (21) 

Mankiw, Romer and Weil (1992) here makes the assumption that human capital has the same 

production function and depreciation rate as physical capital. Further, that 𝛼 + 𝛽 < 1 to ensure a 

steady state of the model by decreasing returns capital in general. By following the same procedure, 

we can find the equations leading to the steady state: 

 𝑘∗ = (
𝑠𝑘

1−𝛽
𝑠ℎ

𝛽

𝑛 + 𝑔 + 𝛿
)

1
1−𝛼−𝛽

 
(22) 

 ℎ∗ = (
𝑠ℎ

1−𝛼𝑠𝑘
𝛼

𝑛 + 𝑔 + 𝛿
)

1
1−𝛼−𝛽

 
(23) 

Substituting this result into the production function in terms of effective labour units and taking logs, 

yields: 

 ln (
𝑌𝑡

𝐿𝑡
) = ln(𝐴0) + 𝑔𝑡 +

𝛼

1 − 𝛼 − 𝛽
ln(𝑠𝑘) +

𝛽

1 − 𝛼 − 𝛽
ln(𝑠ℎ) −

𝛼 + 𝛽

1 − 𝛼 − 𝛽
ln(𝑛 + 𝑔 + 𝛿) (24) 

Equation (24) shows output per capita depending on the accumulation of physical capital and the 

accumulation of human capital. We can combine equation (24) with equation (23) to reach a model 

with human capital in levels, which will suit our data purposes: 

 ln (
𝑌𝑡

𝐿𝑡
) = ln(𝐴0) + 𝑔𝑡 +

𝛼

1 − 𝛼
ln(𝑠𝑘) +

𝛽

1 − 𝛼
ln(ℎ∗) −

𝛼

1 − 𝛼
ln(𝑛 + 𝑔 + 𝛿) (25) 

Adding human capital to the model should remove some bias from population growth and physical 

capital, as one would expect these to be correlated with human capital. Until now we have discussed 

a decreasing returns model with a steady state where 𝛼 + 𝛽 < 1, and we have derived the steady state 

path, however we do not know anything about the mechanics of how fast a country converge to their 

individual steady state. This can also be predicted using the Solow model. If we define from equation 

(24) 𝑦∗ as the steady state level, and then 𝑦𝑡 as the present level of output we can write the speed of 

convergence as: 

 
𝜕 ln(𝑦𝑡)

𝜕𝑡
= 𝜆(ln(𝑦∗) − ln (𝑦𝑡) (26) 

Here 𝜆 is the product of the growth terms and the capital elasticities: 

𝜆 = (𝑛 + 𝑔 + 𝛿)(1 − 𝛼 − 𝛽) 

Mankiw, Romer and Weil (1992) makes the remark that if we assume 𝛼 = 𝛽 =
1

3
 and 𝑛 + 𝑔 + 𝛿 =

0.06  then 𝜆 = 0.02 , which implies the economy converges halfway to the steady state in 

approximately 35 years, twice as long as a classic Solow model predicts. We can use the above 

mechanism in a natural regression, without differentiating to show that: 

 ln(𝑦𝑡) = (1 − 𝑒−𝜆𝑡) ln(𝑦∗) + 𝑒−𝜆𝑡 ln(𝑦0) (27) 
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Here 𝑦0 is initial income at some date. In order to approach some growth rate, we can then subtract 

initial income from both sides of the equation. To then approach a model showing growth rate as a 

function of the determinants of the steady state and the initial level of income, we substitute 𝑦∗ in 

from equation (24) to get the following model: 

 ln(𝑦𝑡) − ln(𝑦0) = (1 − 𝑒−𝜆𝑡) ln(𝑦∗) − (1 − 𝑒−𝜆𝑡) ln(𝑦0) (28) 

 

ln(𝑦𝑡) − ln(𝑦0) = −(1 − 𝑒−𝜆𝑡) ln (𝑦0) + (1 − 𝑒−𝜆𝑡)
𝛼

1 − 𝛼 − 𝛽
ln(𝑠𝑘)

+ (1 − 𝑒−𝜆𝑑)
𝛽

1 − 𝛼 − 𝛽
ln(𝑠ℎ) − (1 − 𝑒−𝜆𝑑)

𝛼 + 𝛽

1 − 𝛼 − 𝛽
ln(𝑛 + 𝑔 + 𝛿) 

(29) 

We can then transform the equation to accommodate the level of human capital as before: 

 

ln(𝑦𝑡) − ln(𝑦0) = −(1 − 𝑒−𝜆𝑡) ln (𝑦0) + (1 − 𝑒−𝜆𝑡)
𝛼

1 − 𝛼
ln(𝑠𝑘)

+ (1 − 𝑒−𝜆𝑑)
𝛽

1 − 𝛼
ln(ℎ∗) − (1 − 𝑒−𝜆𝑑)

𝛼

1 − 𝛼
ln(𝑛 + 𝑔 + 𝛿) 

(30) 

Here we have the advantage of being able to look at out of steady state dynamics, looking at the 

growth rate in a non-steady state level, and still estimate the convergence rate towards the steady 

state from it. Mankiw, Romer and Weil (1992) point out one drawback though, being that 𝐴0 initial 

level or permanent difference in productivity between countries is in the error term in equation (30). 

This can provide some bias to the coefficient on income as it will tend towards zero. Our regression 

method should account for this by including a fixed effects term. One may notice however, that the 

above specification uses 𝑦𝑡 and some initial income to approach a growth rate in a cross-country 

dataset. As we are using panel data we modify the above model as per Cingano’s (2014) specification, 

introducing a term to replace initial income with initial income for the period s years before t: 

 

ln(𝑦𝑡) − ln(𝑦𝑡−𝑠)

= (1 − 𝑒−𝜆𝑠)
𝛼

1 − 𝛼
ln(𝑠𝑘) + (1 − 𝑒−𝜆𝑠)

𝛽

1 − 𝛼
ln(ℎ∗) − (1

− 𝑒−𝜆𝑠)
𝛼

1 − 𝛼
ln(𝑛 + 𝑔 + 𝛿) − (1 − 𝑒−𝜆𝑠) ln (𝑦𝑡−𝑠) 

(31) 

It is then possible to add extra growth determinants without harming the model, and thereby using 

it as a regression specification including economic variables deemed relevant. Mankiw, Romer & 

Weil notes that in their empirical cross sectional analysis, showing that their Solow model holds 

empirically, they assume g, technological growth, to be constant across countries. This assumption 

makes it possible to remove g, and is perhaps more reasonable the more modern times we look at. 

In this paper we will do the same, and believe it to be reasonable. Further, it is assumed that 

depreciation rates are constant, Cingano does the same, and further specifies a simple model is 

preferable to keep the degrees of freedom as high as possible with the limited amount of 

observations. Cingano even excludes population growth from his specification, as he deems to be 
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similar across his sample and thereby irrelevant. This is not the case for our sample, and we will 

include it as a control (Cingano, 2014) (Mankiw, Romer, & Weil, 1992). 

 

To then estimate, the impact on growth itself and not the steady state, of each determinant we can 

use the coefficient estimated on lagged output to find the convergence rate 𝜆 and then combine this 

with the coefficient on any determinant to find the specific growth impact of a variable over the long 

run. If we let 𝜙 be the coefficient estimated on lagged output, �̂� is estimated by: 

 λ̂ = −
ln(1 − �̂�)

𝑠
 (32) 

In our specification, s will be equal to 5. We can then calculate the impact of the growth determinant 

on the steady state level of output by using the coefficient on the determinant, here called 𝛾, with the 

coefficient on initial income or lagged output. 

 ∆ ln(𝑦∗)̂ = − (
𝛾

�̂�
) ∗ ∆𝑋 (33) 

∆𝑋 is then the change in the growth determinant variable. Finally using (32) and (33) and equation 

(28) with 𝑦0 = 𝑦𝑡−𝑠 we find the long run effect on economic growth, by differentiating equation (28) 

and plugging in our estimates: 

 ∆ ln(𝑦𝑡) = (1 − 𝑒−�̂�𝑡) ∗ ∆ ln(𝑦∗)̂  (34) 

This is the effect on long run growth over the course of t years (Cingano, 2014). It is inductive to use 

the speed of convergence found to calculate the amount of years it takes to get halfway to the steady 

state and use this as an estimate for the long run. Here one can do the same calculations as Mankiw, 

Romer and Weil (1992) when they find a 𝜆 = 0.02 means 35 years is halfway to steady state. Cingano 

uses 25 years as “long run” in his paper, as this is half the way to steady state with his speed of 

convergence of 0.029. 

3.2 DATA CHOICES 

3.2.1 Countries 

We have chosen to focus our research on emerging markets and developing countries henceforth 

non-advanced countries. While Cingano (2014) made an extensive study on OECD countries 

primarily consisting of advanced economies, we focus on non-advanced. Due to the varying and 

indistinct definitions of what constitutes emerging markets and developing countries, and what 

distinguish them from advanced economies, we have relied on IMF’s classification as can be seen 

from their latest World Economic Outlook (IMF, 2017). IMF defines 39 “Advanced Economies” and 

classifies remaining countries as “Emerging Markets and Developing Economies” see Appendix 1. 

For simplicity, we adopt the same definition, and focus our attention on non-advanced economies. 
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Using the countries included in the World Bank database, we have varying degrees of data for 217 

countries. This results in 178 countries being included in our main dataset. Though, due to the 

problems of incomplete data in inequality research and data requirements across time for our 

research, only 120 countries have sufficient observations for the main analysis. When including the 

advanced countries there are sufficient observations for 155 countries. The number of countries vary 

across regression specifications due to missing observations in control variables. 

3.2.2 Time range 

The study sets out no predetermined time period for the analysis. However, our extensive data 

requirement and our model put both upper and lower boundaries on the time period which we can 

analyze. The series with the earliest starting points are our real GDP and capital formation series, 

which date back to 1960. The upper boundary will be 2015, given the 5-year intervals of interest in 

our model leaves 2015 as the most recent valid observation. However, most of our time series data 

are further constrained as the data for developing countries is less consistent and reliable. For 

example, the time series on “Average years of schooling” which serves as our proxy for Human 

Capital dates back to 1970. Ultimately, the time period is 1960-2015 to the extent the data is available. 

This leaves us with an unbalanced panel dataset, but due to already substantial scarcity of 

observation points, we do not limit our dataset further by balancing it. Finally, we have interpolated 

every variable. For GDP per capita (including PPP based) we linearly interpolated gaps in the time 

series. Further, we expand the series up to two years to maximize observations coinciding with a 

multiple of 5 years. That is, if we have GDP per capita data for a country from 1982-2015, we are 

interested in estimating GDP for 1980 to obtain an extra data point. To estimate 1981 and 1980, we 

calculate the average growth rate during the time span available, and linearly extrapolate the missing 

years assuming average growth rate between the years. For the Gini we merely extrapolate the value 

of the closest year, up to a maximum of 2 years. 

3.2.3 Economic growth 

To estimate economic growth, we use Real GDP per capita in US$ (based on 2010 prices) sourced 

from the World Bank’s databank “World Development Indicators” (WDI) in our baseline model. We 

have chosen this indicator due to a combination of simplicity and data availability. As earlier 

mentioned, a primary concern for our research is data availability, comparability and consistency for 

developing countries. By using the World Bank’s real GDP per capita series, we maximize the set of 

observations for our analysis. In addition, the World Bank’s real GDP estimates are comparable for 

cross country analysis which is feasible for our analysis. The choice of focusing on per capita 
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estimates allows us to draw conclusions on inequality’s effect across countries.2 Despite caveats in 

terms of missing data for many developing countries especially in the earlier years of our time period, 

the World Bank data is generally considered one of the most reliable sources for comparable cross 

country GDP estimates. We have also included real GDP per capita in purchasing power parity terms 

(Year 2005, USD), as a mean to test robustness of our results. Thus, the PPP based GDP estimates 

will replace the non-PPP estimates from our baseline model in some of our alternative specifications. 

The PPP figures are sourced from the Penn World Table. 

3.2.3.1 HDI 

To test our hypothesis with alternative data and as a mean of robustness checking, we have included 

“Human Development Index” sourced from the United Nations Development programme. The HDI 

index incorporates aspects such life duration, living standards and knowledge. As UN writes: “The 

HDI was created to emphasize that people and their capabilities should be the ultimate criteria for 

assessing the development of a country, not economic growth alone” (UNDP, 2017).  The idea 

behind including this variable is to highlight other concerns than pure income based growth. As 

mentioned in the literature review, inequality impacts a broad array of outcomes including living 

standards and political unrest. HDI thus enables our model to reflect on some of these aspects, and 

analyze the impact of inequality in broader terms than “just” economics. However, the data is only 

available from 1990, severely limiting data points for analysis. The results from the model 

specification with HDI will serve as a complimentary analysis.  

3.2.4 Physical capital 

Gross capital formation as a percentage of GDP will serve as our proxy for physical capital. Similar 

to income, we are interested in physical capital’s impact on growth independent of size of the 

economy, meaning we are interested in capital formation as a share of GDP. Capital formation has 

often been used to proxy investment or physical capital (Cingano, 2014) (Ostry, Berg, & Tsangarides, 

2014) as it includes everything from land improvements, to machinery, equipment and buildings 

(World Bank, 2018). Whereas Cingano could draw data on OECD countries from OECD databases, 

we have relied on the World Bank’s WDI databank for the capital formation series. The data is 

directly comparable to that of Cingano, as the World Bank already utilizes the OECD national 

accounts, which Cingano bases his analysis on. Concerning non-OECD countries, the World Bank 

uses their own national account figures, and we can assume that the figures for both OECD and non-

OECD countries will be comparable. 

                                                        
2 Aggregate “non-per capita” figures would bias our results to the extend the primary effect would be derived 
from larger economies with larger variance due to the higher numbers. 
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3.2.5 Human capital 

We have proxied human capital by average years of schooling for the population in the age group 15-

64. Human capital is a complex concept both in terms of how to measure it and how to specify its 

effect in the production process. However, there is general consensus amongst economists that 

human capital accumulation improves economic growth (Kwon & Dae-Bong, 2009). This thesis 

adopts this consensus view without paying particular attention to how the underlying effect transmit 

to the economy. Still, the problem of measuring human capital has not yet reached a consensus. 

Several proxies exist, such as average years of schooling, enrollment rates, ratio of skilled to non-

skilled adults or spending on education (Kwon & Dae-Bong, 2009). We have chosen to rely on 

average years of schooling due its simplicity and the data availability in developing countries being 

one of the highest among the mentioned proxies. Still, we recognize the weakness in relying on this 

measure for human capital. A primary drawback is the consideration that individual years of 

schooling is endogenous in their level of productivity. The data is sourced from the Barro-Lee 

dataset, which contains educational data for a wide sample of countries (Barro & Lee, 2013). 

Generally, the data is consistent and comparable across countries and time, with its main weakness 

being the reliance on extrapolation in generating missing data points.  

3.2.6 Inequality 

3.2.6.1 Gini 

Income inequality measured by the Gini coefficient is inherently incomparable across countries, as 

with all other income inequality measures. They are based on income surveys from different 

countries with different specifications, and thus have different scales and base values. However, 

some databases outshine others in terms of reliability and comparability. Most of the literature agree 

on the Luxembourg Income Study (LIS) being the golden standard of data on income inequality 

(Solt, 2016) (UNU-WIDER, 2017). Nonetheless, this database is rather limited in coverage of 

developing countries, so for our purposes it would not work. Hence, we turn to Solt’s Standardised 

World Income Inequality Database (SWIID), which is a standardized database incorporating data 

from LIS, World Bank, Eurostat and several others. It is the biggest and the most reliant database 

for cross country and time comparisons in existence (Solt, 2016). Solt standardizes his source dataset 

to that of the LIS data in a way he explains as “generate model-based multiple imputation estimates 

of the many missing observations in the LIS series” (Solt, 2016). 

 

The SWIID exists in several versions, which differ in observation count for countries and for value 

levels. The altered values across SWIID versions are due to new source data added and revisions 

made by LIS, which is the base for the SWIID standardization (Solt, 2016). In this study, data on the 
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Gini coefficient is only needed up until 2010, therefore we have chosen to use an older version of the 

dataset (SWIID3.1) to maximize data points. This is due to several observations pre 1990 having been 

dropped in the newer versions. Specifically, we see 2165 observations in SWIID3.1 and only 1557 

observations in SWIID6.1, meaning a difference in more than 600 observations. Since the number 

of observations are limited already and the method used in this paper need to ensure a certain 

amount of time periods, T’s, we choose to use the SWIID3.1, despite the newer versions existing. Solt 

provides no reasoning or comment on the fewer historical observations, however, we rely on the 

reliability shown by Solt in his 2016 paper of earlier versions of the SWIID to still be valid. 

3.2.6.2 Income Shares 

Inequality can be measured several ways. While the Gini coefficient is one of the most widely known 

and used metrics, using income shares can help illuminate some aspects of inequality that the Gini 

coefficients can not. Income shares are defined as the share of total population income that falls 

within the different income percentiles. For example, a number of 6 for the bottom quintile, tells us 

that the poorest 20% of people within a country accounts for a total of 6% of total country income. 

Thus, while the Gini coefficient can help us look at overall changes in inequality, income shares help 

us explain whether the inequality is primarily predominant in the bottom or top income quintiles, 

and which income groups are experiencing the biggest changes across time. One of the advantages 

of making this distinction, is that it allows us to test whether the effects of inequality across bottom 

or top inequality are similar in size and direction. Further, to some extent we can analyze which of 

inequality’s transmission channels to the real economy that seem to be the driving forces behind the 

effect on economic growth. The income shares data are obtained from UNU-WIDER data bank. The 

entire dataset includes several surveys with different methodologies and definitions. We developed 

a VBA code to pick surveys from parameters such as quality, amount of consistent observations and 

source. To see the selection criteria based UNU-WIDER’s quality assessment guide (UNU-WIDER, 

2017), see Appendix 2.  
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3.2.7 Summary statistics and basic traits for the data 

3.2.7.1 Table 1 summary statistics on the variables in the full sample and non-advanced sample 

 
 

Full country sample Non-advanced sample 

Variables Source Mean 
Within-

Variance 
Variance Mean 

Within-

Variance 
Variance 

Net Gini SWIID_3.1 38.15 16.98 112.88 41.74 20.52 102.72 

Income shares UNU-WIDER       

 Quintile 1 - 6.39 0.94 5.54 5.76 0.99 5.20 

 Quintile 2 - 10.87 1.07 7.46 9.90 1.30 6.71 

 Quintile 3 - 15.16 1.12 6.76 14.18 1.42 6.28 

 Quintile 4 - 21.50 1.22 4.30 20.81 1.42 4.14 

 Quintile 5 - 46.15 12.89 81.84 49.32 16.05 77.23 

Ln GDP per capita 

(Constant 2010 USD) 
WDI 8.25 0.17 2.33 7.81 0.15 1.77 

Ln PPP per capita 

(Constant 2005 USD) 
PWT 8.32 0.15 1.67 7.96 0.13 1.31 

HDI UNDP 0.65 0.00 0.03 0.60 0.00 0.02 

Gross Fixed Capital 

Formation (% of GDP) 
WDI 22.18 47.28 91.44 21.61 56.73 110.71 

Avg. years of schooling Barro & Lee 6.37 1.97 9.28 5.42 2.00 7.31 

Population growth WDI 0.09 0.00 0.01 0.10 0.00 0.01 

 

In Table 1, we present summary stats for the variables. Within-variance estimates are lower than 

regular variances, due to taking out cross-country variation in the within estimates. It is noticeable 

that for the Gini, the within variance on the non-advanced sample is higher than the full sample but 

the overall variance is higher in the full sample. Our dataset seems to be in good shape, as we see the 

same mean and variation on the Gini as Brueckner & Lederman (2017). For the comparable variable 

for human capital, the same mean and almost the same variance is also found between this paper 

and Brueckner & Lederman (2017). GDP data differs with our data having a higher variance. This 

could be due to different sources and a larger country sample for our analysis. 

3.2.8 Data challenges when analyzing developing countries 

A major concern for our analysis is data quality. Especially when our sample contain a large amount 

of low income countries, we need to be aware and acknowledge the many dangers connected to data 
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from these countries. Even main national account figures like GDP can have compromised data 

quality.  This section briefly outlines why data on these countries may be unreliable, and thus may 

to some degree problematize our regressions. 

 

One of the main concerns is complying to newer versions of the internationally agreed System of 

National Accounts (SNA), where especially African countries are not using recent base years. 

Especially African nations often use outdated and old base years for constant price GDP calculations, 

making the estimates less reliable and less comparable to countries using recent base years. In 

addition, several countries who were revised using new SNA versions, showed significant changes in 

historical GDP estimates (AfDB, 2013). What makes a lot of the GDP estimates even more uncertain, 

is the lack of comprehensive industry and household surveys to determine different sectors output 

and relative size in the economy (Sy, 2015). The African Development Bank (AfDB) acknowledges a 

lot of improvement has been done, but there needs to be put significantly more work into collecting 

data to make the output calculations precise and reliable (AfDB, 2013). 

 

Finally, the size of the informal sector in developing countries and emerging markets are often 

estimated to have higher relative size in the total economy than for advanced countries. Especially 

sub-Saharan Africa and Latin American countries have very high estimated size of the informal 

sector (Schneider, Buehn, & Montenegro, 2010). Naturally, these estimates are uncertain, and so is 

the impact of the informal sector on the countries’ aggregate output and thus GDP estimates. 

 

All of the above aspects add to the uncertainty connected to GDP estimates for non-advanced 

countries. It is thus clear that we need to show a certain level of respect when analyzing data from 

non-advanced countries. Although the problem is mediated by efforts from Penn World Table and 

the World Bank in their data collections, we recognize that we are dealing with data that possess a 

high degree of uncertainty and imprecision. 

3.3 THOUGHTS ON SWIID DATA FOR OUR REGRESSIONS 

We chose to use the SWIID3.1, which is an older version of the SWIID dataset. The reasoning is 700 

extra data points in the years before 1990, which adds a lot to our robustness to variations in method 

when conducting regressions. The reasoning is that we need 10 years of data or three five-year 

observations for a country to have it included in the system GMM regression, due to needing at least 

one instrument for the explanatory variable. The newer SWIID6.1 removes some older observations 

but includes new data points on a broader set of countries. In the system GMM regression we cannot 

however use inequality data post 2010 due to the 5-year intervals used to remove some endogeneity. 

This results in the older 3.1 dataset being more optimal than the newer set for our analysis. Even 
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though Solt (2016) does not comment on the removed observations, it is possible to infer that data 

points removed had standard errors above approximately 5. The maximum standard error in the 

newest SWID 6.1 is 4.6, whereas the maximum standard error for 3.1 data is 14.5. This of course 

introduces some measurement bias, though Solt does comment that the earlier versions of SWIID 

has predicted future LIS observations correct in all but 5-7 % of the cases. 

 

The measurement error in Gini may eventually lead to inefficient estimators and possible bias of the 

coefficient estimate of inequality. This can be shown with a simple OLS example as done in Appendix 

3 (Woolridge J. M., 2013). It seems likely that we could suffer from this problem when it comes to 

the Gini coefficient. For example, it seems likely that for very poor developing countries that has 

higher Gini coefficients, the Gini coefficient is a lot harder to measure. Then the error term connected 

to the low income countries’ Gini coefficient is higher than for high income countries. Thus, it indeed 

seems likely that 𝐶𝑜𝑣(𝐺∗, 𝑒) ≠ 0 in our case, with 𝐺∗ being the true Gini and e being the measurement 

error. Consequently, our coefficient estimate of Gini’s effect on growth might be inefficient. This is 

also evident when looking at Solt’s SWIID 3.1. reported standard errors on the Gini coefficient. The 

average standard error for non-advanced economies are 2.1 while advanced economies report a 

standard error of 0.7 (Solt, 2016). 

 

More problematic is the measurement error if we assume that it is correlated with the observed Gini 

coefficient. That is, we assume 𝐶𝑜𝑣(𝐺∗, 𝑒) = 0 . This is the classical errors-in-variables (CEV) 

assumption, which we show to lead to unbiased estimators. See Appendix 3. Thus our model can 

suffer from attenuation bias. Although it is possible for this bias to exist in our model, we deem it 

unlikely that the observed Gini coefficient is correlated with the measurement error more so than 

the measurement error is correlated with the true Gini coefficient.   

  

Nonetheless, the extra data points enables a regression method, which is optimal for removing the 

endogeneity and other bias of the data. Further, the high standard errors may be a bigger loss for the 

comparability across countries and not time, which is less important as we remove fixed effects 

through the system GMM method. Figure 4 below shows the difference in average Gini coefficient 

for the 3.1 and 6.1 dataset for all countries (both advanced and non-advanced) across time, together 

with the amount of observation at each 5-year increment. As noted above, it is clear that the number 

of observations are drastically improved for years before 95 in the 3.1 dataset. Especially when 

looking at non-advanced countries, we see great improvement and just how few observations 6.1 has 

before 1990, see Figure 5. The figures also shows the somewhat high discrepancy between the two 
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datasets. In 1980, the average Gini coefficient for non-advanced countries were just below 44 

according to the 6.1 dataset, while it was just above 40 for the 3.1 dataset. 

 

3.4 MODEL SPECIFICATION 

To analyze the effect of inequality on long run economic growth, we set up the following dynamic 

panel data model: 

 𝑙𝑛𝑦𝑖,𝑡 − 𝑙𝑛𝑦𝑖,𝑡−1 = 𝛼𝑙𝑛𝑦𝑖,𝑡−1 + 𝑋𝑖,𝑡−1𝛽 + 𝛾𝐼𝑛𝑒𝑞𝑖,𝑡−1 + 𝜇𝑖 + 𝜇𝑡 + 𝜖𝑖,𝑡 (35) 

where i denotes individual countries, t denotes individual time periods, 𝑙𝑛𝑦𝑖,𝑡 − 𝑙𝑛𝑦𝑖,𝑡−1, is economic 

growth between period t-1 and t, X is a matrix of controlling factors, 𝐼𝑛𝑒𝑞𝑖,𝑡−1  is the inequality 

measure, 𝜇𝑖 and 𝜇𝑡 are country and time fixed effects and 𝜖𝑖,𝑡 is the idiosyncratic error. Equation (35) 

above serves as our baseline regression specification. The model is set up in 5-year periods, meaning 

that between t and t-1 is a 5-year period. X will include the factors included in the extended Solow 

model, in various combinations (Mankiw, Romer, & Weil, 1992). However, we do not include the 

depreciation of capital and the growth of technology in our specification. Mankiw, Romer & Weil 

(1992) in their cross sectional analysis excludes these variables as well. Cingano (2014) also excludes 

population growth, as his sample is fairly homogenous with regards to population growth and does 

so to limit the number of instruments to the limited amount of observations. We believe it is 

reasonable to assume that technological growth can be excluded without bias, as it is constant across 

countries in the modern world and it is mostly unobserved. There may still be variation across time, 

but by including time dummies and assuming no correlation between the other explanatory 

variables, it is likely safe to exclude. One may argue that human capital and technological growth 

could be correlated. However we believe substantial change in the growth rate would be propelled 

by exogenous shocks to some extent captured by the time dummies. The depreciation rate of both 

human and physical capital is also included in the extended Solow model, but we also exclude this 

as Mankiw, Romer & Weil (1992) does. It is possible to do so again as we do not see any reason for 

cross country dis-similarities and any variation across time should not be correlated with any 
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variables in X. Further, exogenous shocks brought on by various reasons, be it climate, technology 

or accounting standards are captured by the time dummies.  

 

The intuition behind the model is straightforward. 5-year growth, the left hand side of equation (35) 

is dependent on lagged level of economic development, 𝑙𝑛𝑦𝑖,𝑡−1, a set of controlling factors, X, such 

as human and physical capital and lagged income inequality. It should be clear that our specification 

suffers from omitted variables and it could potentially lead to endogeneity issues. The omitted 

variable problem is to some degree accommodated by the country and time fixed effects that can 

influence long run economic growth. It is reasonable to assume that our cross section of countries 

has country fixed effects that influence growth, which will not be controlled for by our matrix of 

control variables X. For example, some emerging markets have consistently experienced higher 

growth rates than others, which can not necessarily be explained by existing GDP per capita nor 

human and physical capital formation. This could be due to factors such as trade openness or 

strength of institutions such as property rights, which we do not control for. Recognizing these 

different characteristics for different countries naturally  led us to include country fixed effects in our 

model (𝜇𝑖) to control for factors such as the ones mentioned above. We have also chosen to control 

for time fixed effects. We find it reasonable to include time fixed effects as different time periods has 

been connected to different growth environments. In example, 1970s were impacted by two oil crisis, 

limiting growth in large parts of the world or the period 2005-2010, which included the Great 

Recession. Allowing time dummies to control for time effects therefore seems reasonable. 

 

However, our main concern is correlation between omitted variables and the Gini coefficient, which 

is our variable of interest. To see a derivation of omitted variable bias (OMVB) in relation to the Gini 

coefficient, see Appendix 4. There is reason to be concerned with omitted variable bias in our case. 

To stay with earlier examples of omitted variables, some research have indicated how trade openness 

has an impact on inequality and on economic growth (Lim & McNelis, 2014). In this case, if trade 

openness and inequality are positively correlated, we would expect a positive 𝛿3 in equation (A15) 

from Appendix 4. If trade openness also has a positive impact on growth, a positive 𝛾 in (A13) we see 

that the coefficient on the Gini is upwardly biased by a positive term, 𝛾𝛿3. Perhaps it is also not too 

farfetched to assume that strength of institutions may have an impact on income inequality, e.g, high 

corruption may be correlated with higher income inequality. Thus, we could run into a similar bias 

stemming from omitting strength of institutions. 
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3.5 REGRESSION METHOD 

3.5.1 Instrumental variable method 

As argued earlier in section 3.4, it is likely that inequality is correlated with the error term in our 

baseline model, equation (35), either due to measurement error or due to OMVB. In many empirical 

studies on inequality, the endogeneity issue is handled by instrumental variable (IV) estimation 

(Ostry, Berg, & Tsangarides, 2014), (Cingano, 2014), (Brueckner & Lederman, 2017). Specifically, in 

a simple model phrased in structural format: 

 𝑦 = 𝛽0 + 𝛽1𝐺𝐷𝑃 +  𝛽2𝑋 +  𝛽3𝐺𝑖𝑛𝑖 + 𝑢 (36) 

IV regression can help accommodate the issue of potential endogeneity of the Gini coefficient, 

meaning the error term is correlated to the Gini 𝐶𝑜𝑣(𝐺𝑖𝑛𝑖, 𝑢) ≠ 0, which is likely to arise due to 

OMVB. As argued above, the endogeneity is likely to produce inconsistent estimates of all coefficients 

in equation (36) if for example the Gini is correlated with u. If we do indeed assume that Gini is 

endogenous in (36), we find an observable variable 𝑧, which is not in equation (36) that is both: 1) 

Not correlated with the error term and 2) Partially correlated with the Gini. That is we need  

 𝐶𝑜𝑣(𝑧, 𝑢) = 0 (37) 

and 

 𝜃1 ≠ 0 (38) 

 in the reduced form equation formed by projecting explanatory variables and the instrument on the 

endogenous variable: 

 𝐺𝑖𝑛𝑖 = 𝛿0 + 𝛿1𝐺𝐷𝑃 + 𝛿2𝑋 + 𝜃1𝑧 + 𝑟 (39) 

Here 𝐸(𝑟) = 0 and r is uncorrelated with all explanatory variables in equation (39). So we need not 

just for 𝑧 to be correlated with Gini, we need it to be correlated with Gini once we control for GDP 

and X. If the two assumptions above hold, we have an instrumental variable candidate for our 

regression model (Wooldridge, 2010). We can then derive the reduced form equation for growth, y, 

by using (39) we get: 

 𝑦 = 𝛼0 + 𝛼1𝐺𝐷𝑃 + 𝛼2𝑋 + 𝜆1𝐺𝑖𝑛𝑖 + 𝑣 (40) 

Where 𝑣 = 𝑢 + 𝛽3𝑟 and 𝛼𝑗 = 𝛽𝑗 + 𝛽3𝛿𝑗  for 𝑗 = 0,1,2 and 𝜆1 = 𝛽3𝜃1. While 𝜆1 is of some interest, we 

are primarily interested in 𝛽3, which can still be identified using population moments, and estimated 

in matrix form with 

 �̂� = (𝑁−1 ∑ 𝑧′
𝑖𝑥𝑖

𝑁

𝑖=1

)

−1

(𝑁−1 ∑ 𝑧′
𝑖𝑦𝑖

𝑁

𝑖=1

) = (𝒁′𝑿)−1𝒁′𝒀 (41) 

Where Z is the instrument matrix, X is other explanatory variables, and Y is dependent variables 

(Wooldridge, 2010). See Appendix 5 for derivation. 
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A standard and widely used instrumental variable method with time series and/or panel data in 

empirical analysis, is using lagged values of the endogenous variable (Wooldridge, 2010). We have 

chosen to rely on lagged values as instruments throughout our regression analyses. The key element 

in using lagged values is to counter the endogeneity in (36) 𝐶𝑜𝑣(𝐺𝑖𝑛𝑖, 𝑢) ≠ 0. If we rewrite equation 

(36) into a time series notation, we have: 

 𝑦𝑡 = 𝛽0 + 𝛽1𝐺𝐷𝑃𝑡 +  𝛽2𝑋 +  𝛽2𝐺𝑖𝑛𝑖𝑡 + 𝑢𝑡 (42) 

And the endogeneity issue can be rewritten as 𝐶𝑜𝑣(𝐺𝑖𝑛𝑖𝑡 , 𝑢𝑡) ≠   0. It is reasonable to assume that the 

Gini in period t could be correlated with the error term in t.  We may see high inequality today, to be 

correlated with political turmoil today that could have an impact on growth. Likewise, inequality can 

be correlated with other unobservable variables. If we use the lagged Gini as instrument i.e. 𝐺𝑖𝑛𝑖𝑡−1 =

𝑧𝑡 we need that 

 𝐶𝑜𝑣(𝐺𝑖𝑛𝑖𝑡−1, 𝑢𝑡) = 0 (43) 

and 

 𝜃1 ≠ 0 (44) 

in 

 𝐺𝑖𝑛𝑖𝑡 = 𝛿0 + 𝛿1𝐺𝐷𝑃𝑡 + 𝛿2𝑋𝑡 + 𝜃1𝐺𝑖𝑛𝑖𝑡−1 + 𝑟 (45) 

Both (43), and (44) are more likely to be satisfied. We cannot say for sure if the instrument is 

correlated with the second-stage error term, but it is reasonable to assume that inequality 5 years 

ago, is less likely to be correlated to shocks or unobservables today than inequality today. 

Nevertheless, this is impossible to test, but seems like a reasonable assumption. In addition, 

especially for a highly auto correlated variables like the Gini coefficient, condition 𝜃1 ≠ 0 in equation 

(44) is certainly satisfied. In fact, we might suffer from a problem where 𝜃1  approaches 1. The 

problems that arise here are that the inequality variable is static and risks cancelling out when using 

methods such as first differencing and fixed effect panel methods. In addition, it challenges the 

earlier notion that 𝐶𝑜𝑣(𝐺𝑖𝑛𝑖𝑡−1, 𝑢) = 0 seems more likely satisfied than 𝐶𝑜𝑣(𝐺𝑖𝑛𝑖𝑡 , 𝑢) = 0. If the Gini 

coefficient varies little and has very high autocorrelation, we might not be able to expect the lagged 

Gini coefficient to be uncorrelated with the error term. However, the main takeaway from this section 

is the justification for choosing instrumental variable methods for our regression, and the choice to 

use lagged values as instruments. 

3.5.2 Fixed effects 

Fixed effects models are the most widely used panel data regression method in the econometric 

literature (Woolridge J. , 2001). It is so, because of its simplicity in terms of calculation, 

understanding and interpretation. The fixed effects estimator filters out time invariant factors for 
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the individual i’s or in our case countries, and therefore removes any OMVB there may be due to 

factors such as environment or institutions in the individual countries. In this thesis, the fixed effects 

estimator is used as a robustness check and to critique our main system GMM results. The fixed 

effects estimator is easily displayed using a simple regression specification with one explanatory 

variable as an example: 

 𝑦𝑖𝑡 = 𝛽1𝑥𝑖𝑡 + 𝑎𝑖 + 𝑢𝑡 + 𝑢𝑖𝑡 (46) 

Here 𝑎𝑖 is the time invariant factor i.e. the fixed effects and in the case of this analysis the country 

specific fixed effects, which do not vary with time. 𝑢𝑖𝑡 is then the time and country variant part of the 

error term and 𝑢𝑡 is the time specific global events included through time dummies. To remove 𝑎𝑖 

we take the averages across time for all i in the following equation, and then subtract from our 

original specification: 

 �̅�𝑖 = 𝛽1�̅�𝑖 + 𝑎𝑖 + �̅� + �̅�𝑖 (47) 

𝑎𝑖  does not change when averaging over time, as it is time invariant. Bar denotes the average values. 

This equation can now be subtracted the original specification: 

 
𝑦𝑖𝑡 − �̅�𝑖 = 𝛽1(𝑥𝑖𝑡 − �̅�𝑖) + 𝑢𝑡 − �̅� + 𝑢𝑖𝑡 − �̅�𝑖 

�̈� = 𝛽1�̈�𝑖𝑡 + �̈�𝑡 + �̈�𝑖𝑡 
(48) 

Equation (48) is then the time demeaned data, and it is now possible to calculate the within 

estimators using regular OLS methods. 𝑎𝑖 is cancelled out when subtracting, as is any variables that 

do not exhibit variation over time, which can limit the type of variables used in the regression. 

Inequality measured by the Gini-index does exhibit very little variation. However, we run the 

regression on 5 year intervals, which should increase the variation somewhat and make FE 

estimation more interesting. FE estimation will be applied as a robustness check in the analysis in 

section 4. Extra explanatory variables are added using the same methods as above. Time dummies 

are a good way also in fixed effects to avoid OMVB for any time specific effects across the country 

sample, e.g. a financial crisis.  The only extra assumption needed on top of the original OLS 

assumptions for the fixed effects estimator to be efficient, is that explanatory variables must be 

uncorrelated with the idiosyncratic error 𝑢𝑖𝑡 over time (Woolridge J. M., 2013).  

 

Woolridge (2013) lists the four assumptions required for the fixed effects estimator to be unbiased 

and consistent as N goes to infinity. The first assumption is pretty simple as it merely assumes that 

we have an unobserved effect in our otherwise standard regression model: 

 𝑦𝑖𝑡 = 𝛽1𝑥𝑖𝑡1 + ⋯ + 𝛽𝑘𝑥𝑖𝑡𝑘 + 𝑎𝑖 + 𝑢𝑡 + 𝑢𝑖𝑡    ,   𝑡 = 1, … , 𝑇 (49) 

This is reasonable to believe of our dataset. The second assumption of having a random sample from 

the cross section, is not as easy to fulfill. Nevertheless, our sample across N covers almost the entire 

population, making having a random sample from the population somewhat irrelevant. The third 
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assumption assumes no perfect collinearity along with variation over time in the explanatory 

variables, which is fairly easy to attain and mostly the case for our data. The last assumption is hard 

to prove and we merely assume that it is satisfied. When controlling for country fixed effects and 

control variables, we still have an expected value of the error term: 

 E(𝑢𝑖𝑡|𝐗𝑖, 𝑎𝑖) = 0 (50) 

The fifth assumption assumes homoscedasticity conditional on the explanatory variables and the 

unobserved effect. We use robust standard errors to account for any heteroscedasticity. The sixth 

assumption states that there should be no autocorrelation in the idiosyncratic errors over time, 

dependent on the explanatory and unobserved effect. Making these two assumptions lets the fixed 

effects estimator be not only unbiased and consistent, but also the best linear estimator of the 𝛽’s. 

However, the last assumption is probably violated in our case, as events or factors causing 

idiosyncratic errors in our sample will likely not be limited to having an effect in one year, but rather 

a longer period. We do in our specification include time dummies, which may transfer some of the 

autocorrelation that would otherwise be in the error to these. Nevertheless, this means the fixed 

effects estimator will likely not be the best linear estimator in our case, but will provide for a good 

robustness check. 

 

Estimation with an unbalanced panel data set such as ours, does not change the estimation method 

for fixed effects substantially. It is only the degrees of freedom that are lowered slightly, and the 

averages across time for each i are merely done with less t’s for some i. The only problem which may 

arise is if the missing data values are correlated with the idiosyncratic error 𝑢𝑖𝑡 in equation (46). For 

our sample this could be the case. For example, changed political landscape or climate changes that 

could be considered part of 𝑢𝑖𝑡, could very easily play a role in whether Gini is reported for a given 

period. It thus seems possible that we could have some covariance between missing Gini 

observations and the idiosyncratic error. However, for our data we suspect the problem is primarily 

due the economic development of the country causing no inequality surveys to have been made. By 

including income level in our control variables we ensure that we mitigate the risk of the covariance 

between missing Gini observations and the error. We find that it is more likely the missing data 

values are correlated with the unobserved effects 𝑎𝑖 , which is not a problem when using the FE 

estimator, as we allow for correlation between 𝑎𝑖 and the covariates. 

 

3.5.2.1 Random effects (RE) estimator 

If we believe the unobserved effects from before are not correlated with our explanatory variables, 

then the fixed effects estimator is no longer the most efficient, instead we should use the random 
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effects estimator. The random effects estimator have almost the same unobserved effects model, 

except for adding an intercept to allow the mean of 𝑎𝑖 to be 0. 

 𝑦𝑖𝑡 = 𝛽0 + 𝛽1𝑥𝑖𝑡1 + ⋯ + 𝛽𝑘𝑥𝑖𝑡𝑘 + 𝑎𝑖 + 𝑢𝑖𝑡 (51) 

As we are not removing 𝑎𝑖 it can be included in a composite error term 𝑣𝑖, which would then very 

clearly have serial correlation due to the inclusion of the unobserved effects. This means we must do 

some transformation to remove the autocorrelation. This correlation is filtered out using a 

parameter: 

 𝜃 = 1 − (
𝜎𝑢

2

𝜎𝑢
2 + 𝑇𝜎𝑎

2)

0.5

 (52) 

Transforming the original equation then turns out to be a half time-demeaned equation: 

 𝑦𝑖𝑡 − 𝜃�̅�𝑖 = 𝛽0(1 − 𝜃) + 𝛽1(𝑥𝑖𝑡1 − 𝜃�̅�𝑖1) + ⋯ + 𝛽𝑘(𝑥𝑖𝑡𝑘 − 𝜃�̅�𝑖) + (𝑣𝑖𝑡 − 𝜃𝑣𝑖) (53) 

𝜃 takes on a value between 0 and 1, where 0 means the RE estimator becomes a pooled OLS without 

transformation and a 𝜃 of one is equal to a fixed effect estimator. Often 𝜃 will be closer to 1, but never 

1 itself. This transformation allows including constant factors in the specification, without bias, 

which for some countries in our sample might be important as inequality is not varying that much. 

𝜃 is estimated using pooled OLS and fixed effects regressions first to estimate 𝜎𝑎
2 and 𝜎𝑢

2. The RE 

estimator is consistent for large N and fixed t, in a random sample of a larger population. Fixed 

effects will be the optimal choice, as the RE estimator needs the 𝑎𝑖 to be random, which is not the 

case with country data, where the 𝑎𝑖 can be seen as an intercept for each country. Here FE wins over 

RE as we do not depend on the assumption of no correlation between the unobserved effect and the 

explanatory variables, as 𝑎𝑖 is removed from the equation entirely (Woolridge J. M., 2013). 

3.5.3 System GMM 

To understand system generalized method of moments (GMM) and why it may prove useful for the 

analysis of this paper, we must first understand traditional GMM analysis. GMM estimation is useful, 

when we have a system of equations where the dependent variable has a causal effect on the 

explanatory and reverse, in so the explanatory variable becomes endogenous. Because of the 

endogeneity of inequality and GDP, OLS methods will generally be inconsistent, and we should turn 

to GMM estimators.  

 

GMM estimation can be seen as a system instrumental variable estimator, (SIV). To lay the 

foundation for the method we need two basic SIV assumptions based on this model: 

 𝒚𝑖 = 𝑿𝑖𝜷 + 𝒖𝑖 (54) 
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Here 𝒚𝑖 is a T x 1 vector, 𝑿𝑖 is a T x K matrix where K is the number of parameters and 𝒖𝑖 is a T x 1 

vector of errors. The i index is then to indicate the number of N or in our sample, countries. The first 

assumption we have to make for estimating a 𝜷 in this system is the orthogonality condition: 

 E(𝒁𝑖
′𝒖𝑖) = 𝟎 (55) 

This is basically the equivalent of the expected value of the errors must be 0 in OLS. Here, 𝒁𝑖 is the 

instrument matrix, which must be a matrix of exogenous variables, whereas the 𝑿𝑖  may be 

endogenous and correlated with 𝒖𝑖 or not. However, to estimate the 𝜷 properly we need a second 

SIV assumption stating the instrument matrix transposed multiplied with the explanatory must have 

full column rank: 

 rank E(𝒁𝑖
′𝑿𝑖) = 𝑲 (56) 

It is an L x K matrix, where L is the number of instruments, and K the number of parameters to be 

estimated. Equation (56) is equivalent to (A21), the implications of this is explained in Appendix 5. 

For the rank condition to be fulfilled, we always need the number of instruments to be at least as 

high as the number of parameters. We can now define our matrices: 

 𝒚𝑖

Tx1
≡

𝑦𝑖1

𝑦𝑖2

⋮
𝑦𝑖𝑇

, 𝑿𝑖

TxK
≡

𝒙𝑖1 0 0 ⋯ 0
0 𝒙𝑖2 0 ⋯ 0

⋮ ⋮
0 0 0 ⋯ 𝒙𝑖𝑇

, 𝜷 ≡

𝜷1
′

𝜷𝟐
′

⋮
𝜷𝑇

′

, 𝒖𝑖 ≡

𝑢𝑖1

𝑢𝑖2

⋮
𝑢𝑖𝑇

 (57) 

The instrument matrix 𝒁𝑖 is then similar to 𝑿𝑖, but with dimension T x L, and putting it together with 

the explanatory E(𝒁𝑖
′𝑿𝑖), we get a block diagonal matrix L x K, where every block must have full 

column rank to satisfy SIV assumption 2 (56), meaning all variables must be independent for each 

time period. 

 𝒁𝑖

TxL
≡

𝒛𝑖1 0 0 ⋯ 0
0 𝒛𝑖2 0 ⋯ 0

⋮ ⋮
0 0 0 ⋯ 𝒛𝑖𝑇

, E(𝒁𝑖
′𝑿𝑖) =

E(𝒛𝑖1
′ 𝒙𝑖1) 0 0 ⋯ 0

0 E(𝒛𝑖2
′ 𝒙𝑖2) 0 ⋯ 0

⋮ ⋮
0 0 0 ⋯ E(𝒛𝑖𝑇

′ 𝒙𝑖𝑇)

 (58) 

We now turn to the actual estimation of the K x 1  vector 𝜷. The two SIV assumptions, should suggest 

that there is only one 𝜷 that fulfils the linear population moment conditions, where averages are 

used: 

 

E(𝒁𝑖
′(𝒚𝑖 − 𝑿𝑖𝜷)) = 0 

𝑁−1 ∑ 𝒁𝑖
′(𝒚𝑖 − 𝑿𝑖𝜷)

𝑁

𝑖=1

= 0 
(59) 

If the number of instruments are equal to the number of explanatory variables, we can by stacking 

all i variables in matrices estimate �̂� by: 

 �̂� = (𝒁′𝑿)−1𝒁′𝒀 (60) 



Inequality’s Effect on Growth  15th of May 2018 

Page 45 of 112 
 

If we have over identification so that L > K, which is the case in system GMM, then the above equation 

will most often yield no answer. Therefore, we can try to make the vector in equation (59) as small 

as possible. This can be done by minimizing the squared error with the following equation, 

 [∑ 𝒁𝑖
′(𝒚𝑖 − 𝑿𝑖𝜷)

𝑁

𝑖=1

]

′

[∑ 𝒁𝑖
′(𝒚𝑖 − 𝑿𝑖𝜷)

𝑁

𝑖=1

] (61) 

but it is generally chosen to be done using a weighting matrix: 

 min
𝐛

[∑ 𝒁𝑖
′(𝒚𝑖 − 𝑿𝑖𝒃)

𝑁

𝑖=1

]

′

�̂� [∑ 𝒁𝑖
′(𝒚𝑖 − 𝑿𝑖𝒃)

𝑁

𝑖=1

] (62) 

If we add a third assumption, that �̂� goes to 𝐖 as N goes to infinity, where 𝐖 is an L x L, non-

random, positive definite matrix and further assume that 𝑿′𝒁�̂�𝒁′𝑿 is non-singular, then we can take 

the inverse. Now we can estimate �̂� through: 

 �̂� = (𝑿′𝒁�̂�𝒁′𝑿)
−1

(𝑿′𝒁�̂�𝒁′𝑿) (63) 

If the three assumptions so far hold, the GMM estimator is a consistent estimator of 𝜷  and 

√𝑁(�̂� − 𝜷)  is asymptotically normally distributed with mean zero and we get the asymptotic 

variance: 

 Avar √𝑁(�̂� − 𝜷) = (𝑪′𝑾𝑪)−1𝑪′𝑾𝚲𝑾𝑪(𝑪′𝑾𝑪)−1 (64) 

In the above equation, C is equal to E(𝒁𝑖
′𝑿𝑖)  and 𝚲 = E(𝒁𝑖

′𝒖𝑖𝒖𝑖
′𝒁𝑖) , which is the variance of the 

expected value of the instrumental variable matrix multiplied with the error matrix. The choice of �̂� 

under the three SIV assumptions can be quite broad, as the requirements for consistency are quite 

loose. However, there is an optimal choice of  �̂� which provides the GMM estimator with the lowest 

asymptotic variance. Woolridge shows that 𝐖 = 𝚲−1  is the optimal weighting matrix, as it simplifies 

the asymptotic variance seen in equation (64) to (𝑪′𝚲−1𝑪)−1. That 𝐖 = 𝚲−1  actually becomes our 

fourth assumption and leads to all GMM estimators being the most efficient as long as we can 

estimate 𝚲 consistently. This however, makes it necessary to run a first regression that estimates the 

errors using some consistent estimator say �̌�, which is usually the 2SLS, where  �̂� is merely set as 

being: 

 �̂� = (𝑁−1 ∑ 𝒁′𝒁

𝑁

𝑖=1

)

−1

= (
𝒁′𝒁

𝑁
)

−1

 (65) 

Then we can consistently estimate 𝚲  as 𝑁−1 ∑ 𝒁𝑖
′�̌�𝑖�̌�𝑖

′𝒁𝑖
𝑁
𝑖=1 , and choose 𝚲−1  as our �̂�  and then 

calculate. The estimated asymptotic variance of the most efficient GMM estimator used to calculate 

the standard errors, are then using the shortened version of equation (64), (𝑪′𝚲−1𝑪)−1: 
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 [(𝑿′𝒁) (∑ 𝒁𝑖
′�̂�𝑖�̂�𝑖

′𝒁𝑖

𝑁

𝑖=1

)

−1

(𝒁′𝑿)]

−1

 (66) 

The weighting matrix ends up weighting the moment conditions of our analysis, on the basis of the 

variances and correlation of the moments (Wooldridge, 2010). The bigger the variance, the smaller 

the weights (Woolridge J. , 2001). Through this GMM estimation is a very general estimator, which 

can under very weak assumptions, which is important for our paper, estimate parameters 

consistently. 

 

There are several ways to use the GMM framework. In this paper we have chosen to work with the 

system GMM specification pioneered by Arellano & Bover (1995) and Blundell & Bond (1998). 

Several other authors researching inequality has chosen the same regression method, which 

validates the choice for this paper (Ostry, Berg, & Tsangarides, 2014) (Cingano, 2014). First 

difference GMM (FD GMM) was developed in the eighties and nineties. This was a model with 

unobserved effects a la fixed effects OLS estimation. The lagged differenced dependent variable is 

used as an explanatory variable, instrumented by levels of the two times lagged dependent variable 

in a GMM estimator. This makes it possible to utilize internal instruments of the variables in a panel 

regression. GMM estimation is more efficient in the presence serial correlation (Woolridge J. , 2001). 

Blundell and Bond in 1998 with their paper “Initial conditions and moment restrictions in dynamic 

panel data models” prove the extra precision of GMM estimates that build on FD GMM but adds 

more moment conditions. They find that the FD estimator have a large finite sample bias, and 

through Monte Carlo methods they documented low precision in simulation studies, where the 

instruments were defined as weak. Their paper along with Arellano and Bover (1995) defines System 

GMM as an extended linear GMM estimator using lagged differences of the dependent variable as 

instruments for level equations. These lagged differences are used along the FD GMM equations with 

lagged levels of the dependent as instruments for first difference equations. Blundell & Bond (1998) 

show that this estimator is more efficient in cases where there is a low t and a large autoregressive 

factor, which fits the case for inequality data. 

 

Blundell & Bond (1998) works with an autoregressive model that can include extra regressors, 

though they focus on the dependent variable: 

 𝑦𝑖𝑡 = 𝛼𝑦𝑖,𝑡−1 + 𝛽1
′𝑥𝑖,𝑡 + 𝛽2

′ 𝑥𝑖,𝑡−1 + 𝜂𝑖 + 𝜈𝑖𝑡 (67) 

Here 𝑢𝑖𝑡 = 𝜂𝑖 + 𝜈𝑖𝑡. Further, adding some extra assumptions on the standard GMM assumptions, 

that 𝜂𝑖 and 𝜈𝑖𝑡 are independently distributed across i and 𝐸(𝜂𝑖) = 0, 𝐸(𝜈𝑖𝑡) = 0, 𝐸(𝜂𝑖𝜈𝑖𝑡) = 0 across i’s 

and t’s and 𝐸(𝜈𝑖𝑡𝜈𝑖𝑠) = 0  for i’s and 𝑠 ≠ 𝑡 . Further an initial condition assumption is included, 

𝐸(𝑦𝑖1𝜈𝑖𝑡) = 0 for all i and all t = 2, …, T. Looking at the model without extra regressors there will be 
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sufficient data to estimate 𝛼 if 𝑇 ≥ 3. From here, to setup a FD GMM we follow the standard GMM 

assumptions and moment conditions from equation (55) E(𝒁𝑖
′𝒖𝑖) = 𝟎  consisting of 𝑚 = 0.5(𝑇 −

1)(𝑇 − 2) moment conditions where 𝒁𝒊 here is a (T-2) x m matrix: 

 𝒁𝑖

(𝑇 − 2)x 𝑚

≡

𝑦𝑖1 0 0 ⋯ 0 ⋯ 0
0 𝑦𝑖1 𝑦𝑖2 ⋯ 0 ⋯ 0
⋮ ⋮ ⋮ ⋯ ⋮ ⋯ ⋮
0 0 0 ⋯ 𝑦𝑖1 ⋯ 𝑦𝑖𝑇−2

 (68) 

And 𝒖𝑖 is a (T-2) vector of the differenced idiosyncratic errors (∆𝜈𝑖3, ∆𝜈𝑖4, … , ∆𝜈𝑖𝑇). From here, they 

follow the usual GMM steps doing a two-step estimation choosing the optimal estimator using some 

initial consistent estimator to calculate initial errors to achieve the optimal weighting matrix. It is 

possible to do a one-step estimation using the 𝑢′𝑢  matrix that will always arise under 

homoscedasticity:  

 𝑮 ≡

2 −1 0 ⋯ 0
−1 2 −1 ⋮
0 −1 2 ⋮
⋮ ⋱ −1
0 ⋯ ⋯ −1 2

 (69) 

And since we merely need errors obtained under some consistent estimator, for the GMM estimator 

to be true, the above error matrix is possible to use when calculating the optimal weighting matrix 

(Soto, 2009). However, Blundell & Bond find that in the first difference instrument equation when 

considering a case of T = 3, there will be very weak instruments when 𝛼 in the first difference version 

of (67), ∆𝑦𝑖2 = (𝛼 − 1)𝑦𝑖1 + 𝜂𝑖 + 𝜈𝑖2  approaches 1 or when the variance of the unobserved effect 

becomes too high. What this basically means is that for a country sample such as ours there will 

probably be a high variance of 𝜂𝑖 in the sample and what is more certain there will be persistency 

across our time series data. The most important variables in our regression model the inequality 

estimator and the level of GDP are both very time persistent. This results in very weak instruments, 

which is also the case for Blundell & Bond’s data on capital and employment. This is the reason why 

the system GMM equations in levels instrumented by first differences are added. The effect of weak 

instruments for FD GMM is strengthened the lower T is, which further adds to the argument of 

utilising equations in levels. Blundell and Bond adds an additional initial condition: 

 𝐸(𝑢𝑖𝑡∆𝑦𝑖,𝑡−1) = 0    𝑓𝑜𝑟 𝑡 = 4,5, … , 𝑇 (70) 

In the case of T=3 this translates into an extra moment condition of 𝐸(𝑢𝑖3∆𝑦𝑖,2) = 0, which can, using 

the above equation be translated into a complete second set of linear equations to be used in a GMM 

estimation. Thus, creating the framework for system GMM. The validity of the moment condition 

hinges on the following being true for the T=3 model: 

 𝐸(𝑢𝑖1ηi) = 𝐸(𝑢𝑖1𝜈𝑖3) = 0    𝑓𝑜𝑟 𝑖 = 1, … , 𝑁 (71) 
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This means that the initial error must be uncorrelated with the unobserved effect, which is true for 

stationary series. Our data model is stationary in the dependent variable growth, but for the 

explanatory variables, this is perhaps not the case. Data on income inequality can definitely be 

defined as stationary, or at worst a moving average over a longer period, as we look at income 

inequality and not wealth inequality. For human capital we have chosen to include it in levels, as it 

is the average years of schooling. Theoretically there is no upper bound of avg. years of schooling. 

However, practically the series should behave somewhat as a stationary series. Further, the 

controlling data series physical capital and population growth are both stationary. The level of GDP 

though is definitely not, and the assumption necessary for the added moment condition may not be 

fulfilled. However, if the initial error and value is randomly distributed across i, then the condition 

should be still satisfied. Blundell & Bond notes, their data fulfils the assumption in their unbalanced 

panel, as the first year of the time period is random, in the sense that Datastream did not report 

employment before, due to no specific reason. We cannot validly conclude that the initial data points 

in the GDP level are random. Therefore, in the analysis, we choose to not include the level equations 

on the explanatory variable of lagged GDP levels, to avoid any bias arising from not fulfilling the 

assumptions necessary for the level equation to be consistent.  

 

System GMM is calculated the same way, using GMM techniques, but the instrument matrix will 

have the new level equations stacked on the difference equations: 

 𝒁𝑖
+ ≡

𝒁𝒊 0 0 ⋯ 0
0 ∆𝑦𝑖2 0 ⋯ 0
0 0 ∆𝑦𝑖3 ⋯ 0
⋮ ⋮ ⋮ ⋯ ⋮
0 0 0 ⋯ ∆𝑦𝑖,𝑇−1

 (72) 

The one-step estimator utilises a weighting matrix 𝑾𝒔 =
𝑾𝒅 0

0 𝑾𝟏
, where 𝑾𝒅  is the one step 

weighting matrix from the FD estimator G equation (69) and 𝑾𝟏 is merely created by the instrument 

matrix from the level equations 𝑾𝟏 = ∑ 𝒁𝒔𝒊
′ 𝒁𝒔𝒊

𝑵
𝒊=𝟏  (Soto, 2009). When extending system GMM to 

include other regressors than the lagged dependent variable, almost the same conclusions hold, and 

we can alter the moment condition 𝐸(𝑢𝑖𝑡∆𝑦𝑖,𝑡−1) = 0  to 𝐸(𝑢𝑖𝑡∆𝑥𝑖,𝑡−1) = 0 , under the additional 

assumption of (∆𝑥𝑖𝑡𝜂𝑖) = 0. It is noted that this is a weaker assumption than if it were in levels 

(Blundell & Bond, 1998), but it is still possible it is violated in our case. Unobserved country fixed 

effects may have an influence on the growth of the countries, or change in human capital, but it is 

more likely the constant unobserved effects only matter for the levels. As the time varying 

idiosyncratic error 𝜈𝑖𝑡, the time dummies and other variables should absorb most effects over time.  
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When testing the system GMM estimator they find the system GMM to deliver more realistic results, 

and more importantly be more precise, while the tests of over-identifying restrictions still hold. This 

result is particularly strong for small T, and only demands that the assumption from equation (70) 

holds. However, in the circumstance where the initial conditions are not stationary, when the 

following assumption from equation (71) does not hold 𝐸(𝑢𝑖1ηi) = 𝐸(𝑢𝑖1𝜈𝑖3) = 0, then the System 

GMM estimators deteriorate a lot, but this should be caught by traditional Hansen tests of over 

identifying restrictions, which we will conduct in the analysis section. Further, they find that one-

step GMM estimators are more reliable in the face of heteroscedasticity and non-normal errors 

(Blundell & Bond, 1998). 

 

The 2009 working paper by Marcelo Soto “System GMM estimation with a small sample” tests the 

method on growth equations with a small sample size, in terms of N, relevant for country wide 

economic studies such as this thesis. The small N present in country samples can limit the full 

number of instruments in the regression as Cingano (2014) also notes, which was not a problem for 

the pioneers of the method, rendering the limitation untested. The weighting matrix becomes 

singular when the amount of instruments exceed N, as W has a maximum rank of N. In the recent 

empirical studies on inequality and growth, all have limited the amount of instruments to some 

maximum of lags, instead of using the full set of moment conditions available and we must do the 

same. Soto (2009) set up a standard regression model using the same error assumptions as Blundell 

& Bond (1998). Endogeneity is present in the model as the explanatory regressors 𝑥𝑖𝑡 follows an auto 

regressive model: 

 𝑥𝑖𝑡 = 𝜌𝑥𝑖𝑡−1 + 𝜏𝜂𝑖 + 𝜃𝑢𝑖𝑡 + 𝑒𝑖𝑡 (73) 

It is clear 𝑥𝑖𝑡 is affected by both the unobserved and the time varying errors of his main model: 

 𝑦𝑖𝑡 = 𝛼𝑦𝑖𝑡−1 + 𝛽𝑥𝑖𝑡 + 𝜂𝑖 + 𝑢𝑖𝑡 (74) 

Here 𝐸(𝑒𝑖𝑡) = 0, 𝐸(𝜂𝑖𝑒𝑖𝑡) = 0 for all i and t = 2, …, T. This is equivalent to the method of Blundell & 

Bond (1998), though they in their model specification focus on a model without extra regressors, but 

note it is directly transferrable. In Soto’s Monte Carlo analysis with N=100 and lower, he finds that 

with data that fulfils the assumption for the moment conditions and with a high persistency, which 

our data has, system GMM outperforms all other regression methods. OLS method shows the lowest 

variance, but has large biases in the coefficient, where system GMM estimators are the most accurate 

while maintaining a low variance. When testing for type I errors, where lack of significance is rejected 

wrongly, fixed effects and OLS estimates rejects in too many cases. 
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4 ANALYSIS 

4.1 SOLOW MODEL ANALYSIS 

As described in section 3.1, this paper has based its method on the Solow model. The criticism 

stemming from lack of cross country convergence was also elaborated. As pointed out, the Solow 

generally do not predict cross country convergence, rather it predicts convergence to each country’s 

individual steady state. In this section, we briefly look at cross country convergence. The aim is to 

analyze the extend of cross country convergence, and whether the Solow model correctly predicts the 

behavior in our sample. If so, we have reason to believe the model choice is reasonable. If we look at 

the cross country convergence, we generally do not 

observe it looking purely at the initial income level 

in 1970 and the average 5-year growth rate during 

the next 40 years (Figure 6). Only a slight negative 

tendency can be observed in the whole sample, 

which only includes emerging markets and 

developing countries. This is exactly the criticism 

of the Solow model, that growth rates seem 

uncorrelated with initial income level, which 

critics have pointed out (Barro R. J., 1989). 

However, as the Solow model predicts, we should 

not see cross country convergence, until after we 

control for the factors that determine each 

country’s steady state. That is, when we control for 

savings and population growth, we should be able 

to see convergence (Mankiw, Romer, & Weil, 

1992). When we control for both savings (by 

controlling for capital formation) and population 

growth by partialling their effect out of growth 

(Figure 7), we see a different picture.  Suddenly we 

see much stronger convergence. As Figure 7 

illustrates, lower initial income in 1970 is 

correlated with higher growth during the next 40 

years. If we additionally partial out the effect of 

human capital (Figure 8), we see the same picture. 

Lower initial income means higher average growth 
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Figure 6: GDP growth
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Figure 7: Growth conditional on 
savings and population growth
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in the sample period. This is in line with the conclusions from Mankiw, Romer and Weil (1992). It 

validates our choice of model in several ways. The Solow model seems to hold empirically, also for 

our sample, correctly predicting convergence once we control for savings and population growth. 

Additionally, adding human capital to the model does not change this conclusion, justifying its place 

in the regression. As argued by Mankiw, Romer and Weil (1992) and evident in the above analysis, 

this extended Solow model is still relevant, and suitable for the addition of extra explanatory 

variables. 

4.2 ANALYSIS OF INEQUALITY DEVELOPMENTS 

Since 1960, we have seen generally declining income inequality. The decline in income inequality is 

measured on a national level and not cross country. Starting from 40 in 1960, the world average Gini 

coefficient has declined to around 35 in 

2010, although rising in the period 

between 1985 to 1995. (See Figure 9) 

When grouping countries into 

advanced economies and non-

advanced economies, we see a 

significantly higher Gini coefficient 

over all time periods for non-advanced 

countries. Further, it is clear that the 

declining Gini coefficient stems from 

the decline in non-advanced economies, which declines from 45 to 40 over the time period whereas 

advanced countries average Gini coefficient has remained fairly stable around 30. It can thus also be 

observed that the difference between the two has declined from 14.5 to 10.5. 

 

 If we look closer at the Gini distribution between the two groups, we also see distinct discrepancies. 

While the majority of advanced 

economies have Gini coefficients 

between 25 and 35, we see higher 

spread amongst non-advanced 

economies. (See Figure 10). From the 

simple histogram in Figure 10, it is 

clear that we have significantly higher 

variance amongst non-advanced 

countries, which spread between Gini 

coefficients of 20 to 70 and with lower 
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concentration around the mean (41.7). For further detail see section 3.2.7. Making a boxplot of the 

Gini distribution across time (Figure 11) also reveals another interesting fact. Interestingly the 

distribution seem to narrow over time. This is especially evident when looking at the middle 50% 

observations, Q2 and Q3. Clearly, the density within Q2 and Q3 narrows, especially evident in 2005-

2010. In addition, the total range has narrowed significantly since 1990. We also quickly see that the 

distribution is somewhat denser for low Gini values, which was briefly mentioned from Figure 10, 

whereas there is somewhat of a longer tail in the upper Gini values. This means that Gini coefficients 

are very similar below the median value around 40, whereas countries differ widely above the median 

and especially in Q4, seen in the long upper whisker. 

 

Figure 10 also indicates the cross-

section version of the Kuznets curve 

as described in the literature review. 

Generally, countries more 

economically advanced tend to have 

lower income inequality than 

developing countries. However, as 

earlier pointed out, the original 

hypothesis that the relationship 

emerges over time has seemed to not hold empirically. Instead it was argued it described a cross-

section of countries. See section 2.6. The cross-section correlation is not quite so evident in our 

dataset. Figure 12 & 13 illustrate the cross section Kuznets curve looking at GDP grouping and 

individual country averages. It is clear to see the negative relationship between higher GDP and lower 

inequality, especially evident in Figure 13 (Individual countries). However, when dividing into 

income groups, we do somewhat see a parabola looking relationship where the Gini coefficient seems 

to be increasing until 𝑙𝑛(𝐺𝐷𝑃) = 7 whereas it generally declines afterwards with the exemption of 

the income group 8.5-9. 
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4.3 NON-ADVANCED SAMPLE RESULTS 

4.3.1 Hansen & Arellano & Bond tests 

To evaluate the validity of our regressions, we choose to include and comment on the same tests as 

in Cingano (2014), the Hansen test of overidentifying restrictions and Arellano-Bond 

autocorrelation test. The Hansen test of overidentifying restrictions tests for joint validity of the 

instruments (Wooldridge, 2010) (Roodman, 2009). As outlined in the method section, we 

instrument several of our explanatory variables with past lags due to endogeneity issues. However, 

we have more instruments than needed for identification when we chose to use more than one lag as 

instrument. For example, when we use three lags as instruments for income level, we have two 

overidentifying restrictions. Potentially, we only need one lag as instrument. The Hansen test, tests 

the joint validity, that is whether when these instruments, considered together, are exogenous. So 

the instruments jointly need to be uncorrelated with the error in our baseline model 𝜖𝑖,𝑡, see equation 

(35). This is the null hypothesis. If we reject the null hypothesis of exogenous instruments, we should 

be concerned and potentially reevaluate the choice of instruments. Unfortunately, the test does not 

specify which instruments are endogenous, making the process of disentangling the endogeneity 

issue complicated. We reject the null at a 5% significance level. 

 

The Arellano-Bond autocorrelation test (henceforth “A-B test”) is another test used to spot 

endogeneity issues. The specific goal of this test is to test for autocorrelation of the idiosyncratic error 

(Roodman, 2009), in our case  the 𝜖𝑖,𝑡  in equation (35). The null hypothesis is that the errors are not 

autocorrelated. If we have autocorrelation in the error, this would leave us thinking some of the lags 

used as instruments are invalid and we thus still have endogenous explanatory variables.  The A-B 

test uses the residuals in differences to allow for the fixed effects which we assume to exist in our 

population. The fixed effects are by definition autocorrelated, so analyzing the collective error term 

including the fixed effects: 

 𝑣𝑖,𝑡 = 𝜇𝑖 + 𝜖𝑖,𝑡 (75) 

is not sufficient as 𝜇𝑖  ensure correlation between 𝑣𝑖,𝑡  and 𝑣𝑖,𝑡−1 . We want to focus on the 

autocorrelation aside from the fixed effects. Instead, if we focus on the first difference idiosyncratic 

error term, we get 

 ∆𝜖𝑖,𝑡 = 𝑣𝑖,𝑡 − 𝑣𝑖,𝑡−1 (76) 

since the fixed effect disappears when first differencing. The A-B test then looks at autocorrelation 

in ∆𝜖𝑖,𝑡. However, it should be noted that first order autocorrelation exists as it is clear that:  

 ∆𝜖𝑖,𝑡 = 𝑣𝑖,𝑡 − 𝑣𝑖,𝑡−1 (76) 
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 ∆𝜖𝑖,𝑡−1 = 𝑣𝑖,𝑡−1 − 𝑣𝑖,𝑡−2 (77) 

Both share the term 𝑣𝑖,𝑡−1. So mathematically, we have negative first order autocorrelation process 

in ∆𝜖𝑖,𝑡. Thus checking for first order autocorrelation is uninformative.  Instead, Arellano-Bond check 

the correlation between ∆𝜖𝑖,𝑡 and ∆𝜖𝑖,𝑡−2 respectively: 

 ∆𝜖𝑖,𝑡 = 𝑣𝑖,𝑡 − 𝑣𝑖,𝑡−1 (76) 

 ∆𝜖𝑖,𝑡−2 = 𝑣𝑖,𝑡−2 − 𝑣𝑖,𝑡−3 (78) 

If correlation between ∆𝜖𝑖,𝑡  and ∆𝜖𝑖,𝑡−2 exists, then Arellano and Bond notes that it should reflect 

correlation between  𝑣𝑖,𝑡−1 in ∆𝑣𝑖,𝑡−1 and 𝑣𝑖,𝑡−2 in ∆𝑣𝑖,𝑡−2. So if there is correlation between 𝑣𝑖,𝑡−1 and 

𝑣𝑖,𝑡−2 , it should reflect correlation aside from fixed effects and thus autocorrelation in the 

idiosyncratic error in levels, 𝜖𝑖,𝑡 (Roodman, 2009). As noted earlier, the test is carried out based on 

residuals to estimate errors. We reject the null at a 5% significance level. 

4.3.2 Basic correlations 

In Table 2 below, we see a basic correlation table for the variables of interests of the non-advanced 

sample. It includes our dependent variable, 5-year GDP growth rate, along with the primary 

independent variable of interest, inequality. It also includes the control variables, initial income 

level, human and physical capital.  

Table 2 Growth Gini GDP 
Avg. years of 

schooling 

Capital 

formation 

Growth 1  
 

 
 

Gini -0.0387 1 
 

 
 

GDP -0.0621 0.1098 1   

Avg. years of schooling 0.0759 -0.2123 0.5705 1  

Capital formation 0.0502 -0.0958 0.2656 0.1441 1 

 

Without dwelling too long at the correlation table, we observe a few things worth noting. Overall, the 

correlations generally reflect what we have anticipated, broadly in line with the theoretical 

frameworks outlined in the literature review. 

 

We see positive, although small correlations between human capital and growth as well as between 

physical capital and growth. This goes well in line with our theoretical outlines, where we expect 

higher capital accumulation, whether human or physical to be associated with higher growth. In 

addition, there is an even higher positive correlation present between the income level (GDP per 

capita) and the level of human and physical capital. We expect a high correlation here. It is worth 
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noting that the causality may both go from higher capital accumulation to higher income levels, or 

higher income levels allowing higher capital accumulation. However, it is beyond the scope of this 

thesis to determine the causality here. Instead, as evident, we work from a hypothesis of causality 

from accumulation to income, since we derive our model from the extended Solow model (Mankiw, 

Romer, & Weil, 1992). 

 

We also see the desired negative correlation between the income level expressed as GDP per capita 

and growth. From our outline of the Solow model, we need a negative coefficient in order to 

determine the rate of convergence.  

 

The correlation between inequality and growth is reported at -0.0387. Here however, we do not dwell 

too much with the reported negative correlation. The method section above outlined the method of 

which we choose to derive causality between inequality and subsequent growth. The correlation 

mentioned here does not satisfy our requirements to establish the ceteris paribus effect of inequality 

on economic growth. The next sections will look into the results from the regression methods suitable 

for the analysis of the effect inequality has on economic growth.  

 

The correlation between inequality and human capital is also clearly negative. This is also an 

expected correlation.  Again, while we do not further analyze the direction of causality, we note that 

Flug, Spilimbergo, & Wachtenheim (1996) argued that higher inequality meant less access to 

education and ultimately lower growth. However, we are aware that the causality may also work in a 

reverse direction, meaning lower levels of education may cause high inequality between uneducated 

and educated. However, we need to show caution again on this correlation. Both Benhabib (2003) 

and Galor & Moav (2004) note that inequality may actually increase human capital for non-advanced 

countries. One reason for a positive correlation to exist would be that initially, only the rich are able 

to afford education and thus accumulate human capital. Accumulating income at the top, 

consequently increases inequality and may actually be necessary to increase human capital in early 

economic development (Galor & Moav, 2004). This point will be discussed further in the analysis 

and discussion. 

4.3.3 Baseline results 

As earlier outlined, our baseline model consists of looking at the specification outlined in section 3.4: 

 𝑙𝑛𝑦𝑖,𝑡 − 𝑙𝑛𝑦𝑖,𝑡−1 = 𝛼𝑙𝑛𝑦𝑖,𝑡−1 + 𝑋𝑖,𝑡−1𝛽 + 𝛾𝐼𝑛𝑒𝑞𝑖,𝑡−1 + 𝜇𝑖 + 𝜇𝑡 + 𝜖𝑖,𝑡 (35) 

where 𝜇𝑖 and 𝜇𝑡 are time and country fixed effects. In addition, we differentiate between two baseline 

models: One where X includes physical capital, human capital and population growth as suggested 

by Mankiw, Romer, & Weil (1992), and one where 𝑋 = 0 and we only control for level of income. In 
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general, we will barely comment on coefficients for the control variables, X, unless specifically 

relevant. Especially population growth will not be in focus. In addition, our baseline specifications 

are based on a simple linear relationship between inequality and economic growth, whereas we will 

include other functional forms later.  

 

The results of the system GMM regressions on the baseline specification where 𝑋 = 0 are reported 

in Table 3 below: 

4.3.3.1 Table 3, Baseline without controls 

 (A) (B) (C) (D) 

𝐺𝑖𝑛𝑖𝑡−1 
-0.0015 

(0.0025) 

-0.0022 

(0.0026) 

-0.0006 

(0.0032) 

-0.0029 

(0.0024) 

ln 𝐺𝐷𝑃𝑡−1 
-0.0086 

(0.0234) 

0.0066 

(0.0219) 

-0.0075 

(0.0205) 

0.0374 

(0.0309) 
     

Observations 696 696 696 682 

Countries 120 120 120 118 

Number of instruments 74 57 40 51 

     

Arellano-Bond test AR(2) 0.053 0.052 0.056 0.181 

Hansen statistic (p-val) 0.132 0.028 0.026 0.092 

Dependent variable represented by ln(𝑦𝑡) − ln (𝑦𝑡−1) in all regressions, with y equal to real GDP per capita (D equal to PPP) 

and t-(t-1) equal to a 5-year period. Estimation done by system GMM two-step regression with robust standard errors. The 

AR(2) test, tests for autocorrelation in the errors, with null=no autocorrelation. Hansen tests for overidentifying 

restrictions. All regressions include time period dummies. *,**,*** denote 10 %, 5 % and 1 % significance levels. 

 

Column A-C uses the same data, but differs in the number of lags used to form the instruments in 

the system GMM equation. The specification in column A uses two lags to form the Gini instrument 

and three lags on income level. Column B uses respectively 2 and 1 lag, while column C uses 1 lag on 

each. Column D uses PPP corrected GDP per capita data from Penn World Tables instead of GDP 

per capita in constant prices from the World Bank. In all variations, this baseline specification yields 

practically identical results. Across all columns, we find but no significance on the coefficient on 

inequality and all the estimates are negative.  

 

In column A, the coefficient on inequality is reported negative, but highly insignificant. In addition, 

the coefficient on the income level control is negative but also insignificant. Both the Hansen test 

and A-B test are insignificant, providing evidence against endogeneity. 
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Column B reports a similar negative coefficient on inequality, but still not significant. However, the 

coefficient on the income control changes to positive, although it too remains insignificant. We will 

elaborate on the problem of a positive coefficient on the income control shortly, as it complicates our 

convergence calculation and thus conflicts with our Solow model. In addition, in column B, the A-B 

test is insignificant, maintaining the null hypothesis, while the Hansen test rejects the null and our 

regression potentially suffers from endogeneity. Oddly enough, removing lags caused the Hansen 

test to reject the H0, suggesting that we should aim to include more lags as instruments. Note that 

the amount of instruments are reported lower. Column C reports results that are practically identical 

to the results in column B, although the coefficient on income level is now negative, but still 

insignificant. 

 

Column D, where we use PPP adjusted GDP figures, reports a negative coefficient on inequality, and 

a positive coefficient on the income control. Both are insignificant however. In addition, the 𝐻0 is 

neither rejected in Hansen or A-B test. The positive coefficient on the income level in some 

specifications causes some concern. We would tend to expect a negative coefficient, as we would 

expect convergence, and a positive coefficient makes us unable to calculate long term effect as 

outlined in section 3.1. On the other hand, given we do not include any other control variables, the 

lack of observed convergence may not be of any concern, as the Solow model only predict 

convergence once we control for savings, population growth and technological progress (Mankiw, 

Romer, & Weil, 1992). This point was also highlighted in section 4.1 (see Figure 6, 7 and 8) although 

Ostry, Berg, & Tsangarides (2014) managed to report a negative coefficient on the lagged GDP 

variable. We should note that their sample included both advanced and non-advanced economies, 

which could yield different results, compared to our non-advanced sample. For now, that allows us 

to be less concerned on the insignificant positive coefficient on lagged GDP. 

 

The coefficient on inequality is insignificant, and remains so through column A-D, meaning this 

result is robust to changes in amount of lags used as instruments and alternative GDP data. This is 

in sharp contrast to the results obtained from Cingano (2014), who reported a statistically significant 

negative effect of inequality, while only controlling for GDP per capita. A result Ostry, Berg, & 

Tsangarides (2014) also reported, although they also controlled for redistribution. Still, our sample 

differs from both by excluding advanced economies. Thus, our baseline results where we only control 

for GDP per capita, suggest that inequality does not have an effect on subsequent growth. 
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4.3.4 Including human and physical capital and population growth 

The picture alters when we include physical capital, human capital and population growth to our 

control variables. We maintain a simple linear relationship between inequality and growth in this 

second part of our baseline regression model. The results are reported in Table 4 below: 

4.3.4.1 Table 4, Baseline with controls 

 (A) (B) 

𝐺𝑖𝑛𝑖𝑡−1 
0.0012 

(0.0021) 

0.0000 

(0.0015) 

ln 𝐺𝐷𝑃𝑡−1 
-0.0844*** 

(0.0293) 

-0.0743*** 

(0.0284) 

𝐻𝑢𝑚𝑎𝑛 𝐶𝑎𝑝𝑖𝑡𝑎𝑙𝑡−1 
0.0321** 

(0.0147) 

0.0216* 

(0.0123) 

𝑃ℎ𝑦𝑠𝑖𝑐𝑎𝑙 𝐶𝑎𝑝𝑖𝑡𝑎𝑙𝑡−1 
-0.0049* 

(0.0029) 

-0.0003 

(0.0022) 

𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝐺𝑟𝑜𝑤𝑡ℎ𝑡−1 
-0.5797 

(0.4407) 

-0.8615** 

(0.3989) 
   

Observations 507 476 

Countries 90 89 

Number of instruments 82 86 

   

Arellano-Bond test AR(2) 0.020 0.444 

Hansen statistic (p-val) 0.345 0.241 

Dependent variable represented by ln(𝑦𝑡) − ln (𝑦𝑡−1) in all regressions, with y equal to real GDP per capita and t-(t-1) equal 

to a 5-year period. Estimation done by system GMM two-step regression with robust standard errors. The AR(2) test, tests 

for autocorrelation in the errors, with null=no autocorrelation. Hansen tests for overidentifying restrictions. All regressions 

include time period dummies. *,**,*** denote 10 %, 5 % and 1 % significance levels. 

 

Column A in Table 4 shows, that when we include the extra controls, we find a positive but 

insignificant coefficient on inequality. However, the coefficient on the income control is now negative 

and significant at the 1% level, suggesting that we can calculate long run convergence according to 

the Solow model. This is a solid result given our concern elaborated when controls were not included. 

The Hansen test does not reject the null. However, we are now concerned about the null being 

rejected for the A-B test, suggesting we have autocorrelated errors. When we changed the amount of 

lags used as instruments, it did not alter the rejection of the null in the A-B test. Still, the result in 

column A stands out. Compared to Cingano (2014) and Ostry, Berg, & Tsangarides (2014) , we find 

no statistical evidence for a negative effect of inequality. Our coefficient estimate is positive contrary 

to the evidence presented by these papers reporting a negative effect. Again, we need to emphasize 

the different samples. Whereas these papers included advanced economies, our sample excludes 
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these and focus solely on emerging markets and developing countries. It is a strong possibility that 

the effect may differ between advanced and non-advanced economies. If advanced countries are 

removed, the dataset loses a significant portion of observations, especially considering that the data 

required for the analysis is more widely available from advanced countries than for non-advanced. 

One can therefore easily imagine, that excluding advanced countries can entail different results, as 

including advanced economies might lead to skewed results in the direction that applies within 

advanced economies. 

 

Column B reports the results from replacing the constant GDP/capita variable by the PPP based 

GDP/capita from Penn World Tables. Otherwise, the specification is identical to column A. Still, the 

coefficient on inequality is insignificant, and estimated at 0.000. However, the A-B test no longer 

rejects the null suggesting some validity for this specification. Together, the results in Table 4 seem 

to suggest that for non-advanced countries, inequality has no significant effect on growth. 

 

A main drawback of adding the extra control variables in Table 4 is loss of degrees of freedom from 

loss of observations. We go from almost 700 observations and 120 countries in Table 3 to around 

500 observations and 90 countries in Table 4, which may impact our results. Given our sample is 

already suffering from few observations across time on certain countries, further restricting our data 

points by adding controls may certainly hurt our estimates. However, given that we gain significance 

on the income control, it may very well be that the loss of observations is outweighed by the addition 

of extra explanatory power of growth from the controls, which ultimately establish some significance. 

4.3.5 Excluding either human capital or physical 

One of the main concerns with the baseline regression, where we include human and physical capital, 

is that we end up controlling for the factors we would expect to be channels inequality works through, 

as outlined in the literature review. For instance, we would expect lower inequality to generally be 

connected to higher human capital (Galor & Moav, 2004) (Flug, Spilimbergo, & Wachtenheim, 1996) 

or higher inequality to lead to higher savings and thus physical capital (Kaldor, 1957) (Galor & Moav, 

2004). Therefore, when we include these two channels through which inequality likely has an effect 

on economic growth, we impose multicollinearity in our model. That is, the conclusion we would 

want to draw ceteris paribus on the effect that a one point change in Gini has on growth can become 

invalid, as the effect exactly would work through changing human and physical capital. Table 5 below 

show regression estimates where we have tried excluding first human capital (Column A) and 

thereafter physical capital (Column B), to see what happens to the effect of inequality. This approach 

is in line with Wooldridge (2013), recommending trying to drop the independent variable correlated 

with the explanatory variable of interest. However, we should note that this may lead to bias if the 



Inequality’s Effect on Growth  15th of May 2018 

Page 60 of 112 
 

dropped control variable belongs in the population model (Woolridge J. M., 2013) (Ostry, Berg, & 

Tsangarides, 2014).  As we can reasonably expect with human and physical capital to have its place 

in our population model, we proceed with caution in these estimates. 

 

4.3.5.1 Table 5, Baseline with controls, testing different control variables 

 (A) (B) 

𝐺𝑖𝑛𝑖𝑡−1 
0.0041 

(0.0028) 

-0.0003 

(0.0022) 

ln 𝐺𝐷𝑃𝑡−1 
-0.0095 

(0.0227) 

-0.0881*** 

(0.0294) 

𝐻𝑢𝑚𝑎𝑛 𝐶𝑎𝑝𝑖𝑡𝑎𝑙𝑡−1  
0.0151 

(0.0120) 

𝑃ℎ𝑦𝑠𝑖𝑐𝑎𝑙 𝐶𝑎𝑝𝑖𝑡𝑎𝑙𝑡−1 -0.0002  

𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝐺𝑟𝑜𝑤𝑡ℎ𝑡−1 
-0.9225** 

(0.3899) 

-1.0322** 

(0.4516) 
   

Observations 631 535 

Countries 113 92 

Number of instruments 93 81 

   

Arellano-Bond test AR(2) 0.023 0.041 

Hansen statistic (p-val) 0.223 0.438 

Dependent variable represented by ln(𝑦𝑡) − ln (𝑦𝑡−1) in all regressions, with y equal to real GDP per capita and t-(t-1) equal 

to a 5-year period. Estimation done by system GMM two-step regression with robust standard errors. The AR(2) test, tests 

for autocorrelation in the errors, with null=no autocorrelation. Hansen tests for overidentifying restrictions. All regressions 

include time period dummies. *,**,*** denote 10 %, 5 % and 1 % significance levels. 

 

Column A in Table 5 above reports the result where human capital is excluded from the control 

variables. Interestingly, when human capital is excluded, the coefficient on inequality increases to 

0.004 but remains insignificant, while the GDP coefficient remains negative although insignificant. 

The A-B test rejects the null while the Hansen test does not. This result is puzzling. If human capital 

has a positive effect on growth (suggested by Table 4), and we expect inequality to have a negative 

impact on human capital (Flug, Spilimbergo, & Wachtenheim, 1996), we would expect the coefficient 

on inequality to become negative, or at least lower and less significant when excluding human capital. 

Instead, the coefficient on inequality turns more positive and in column A Table 5, compared to 

column A in Table 4. However, at lower levels of economic development, inequality may actually 

improve human capital meaning that the true correlation between human capital and inequality is 

positive for non-advanced countries (Galor & Moav, 2004). Actually, this result was found 
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empirically by the World Bank. They found that for low income countries, inequality had a positive 

effect on human capital, while the effect was negative in high income countries (Brueckner & 

Lederman, 2017). Thus, the result may seem sensible after all.  

 

Similarly, when physical capital is excluded, we would expect the coefficient on inequality to turn 

higher and more significant, as inequality has a positive effect on capital accumulation, which has a 

positive impact on growth (Kaldor, 1957) (Galor & Moav, 2004). This is also in line with the 

considerations made by IMF’s recent study on inequality (Ostry, Berg, & Tsangarides, 2014). 

However, this does not seem to be the case in Column B, where the coefficient on inequality becomes 

lower, although remains insignificant. The A-B test still fails, leaving this results somewhat 

questionable. 

 

As warned, we should be careful interpreting these results, as we expect human and physical capital 

accumulation to belong in the population model, but there is still some lesson to be learned from 

excluding each of these. In addition, both column A and B shows no significance on the inequality 

coefficient, so the results is not very meaningful in any case. One takeaway is however, that we need 

to be careful interpreting the channels through which inequality affects growth and how whether 

they work as we have outlined through the literature review. 

4.3.6 Changing the functional form of inequality’s effect 

In this section we alter the functional form of inequality’s effect on growth. As outlined in the 

literature review, Benhabib (2003) suggests a non-linear relationship between inequality and 

economic growth. Specifically, Benhabib suggested an inverted u-shaped relationship, meaning the 

regression model of interest becomes 

 𝑙𝑛𝑦𝑖,𝑡 − 𝑙𝑛𝑦𝑖,𝑡−1 = 𝛼𝑙𝑛𝑦𝑖,𝑡−1 + 𝑋𝑖,𝑡−1𝛽 + 𝛾1𝐼𝑛𝑒𝑞𝑖,𝑡−1 + 𝛾2𝐼𝑛𝑒𝑞𝑖,𝑡−1
2 + 𝜇𝑖 + 𝜇𝑡 + 𝜖𝑖,𝑡 (79) 

Another functional form suggestion comes from (Galor & Zeira, 1993), also used in Brueckner & 

Lederman (2017). These papers suggested an interaction term between initial level of economic 

development and inequality, suggesting richer countries should see a negative effect of inequality, 

while poor countries should see a positive effect. In order to test this specification, we test the model: 

 𝑙𝑛𝑦𝑖,𝑡 − 𝑙𝑛𝑦𝑖,𝑡−1 = 𝛼𝑙𝑛𝑦𝑖,𝑡−1 + 𝑋𝑖,𝑡−1𝛽 + 𝛾1𝐼𝑛𝑒𝑞𝑖,𝑡−1 + 𝜙𝐼𝑛𝑒𝑞𝑖,𝑡−1 ∗ 𝑙𝑛𝑦𝑖,1970 + 𝜇𝑖 + 𝜇𝑡 + 𝜖𝑖,𝑡 (80) 

 

Table 6, below report the results.  
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4.3.6.1 Table 6, Alternative functional forms 

 (A) (B) (C) (D) 

𝐺𝑖𝑛𝑖𝑡−1 
-0.0075 

(0.0108) 

-0.0014 

(0.0123) 

0.0119 

(0.0098) 

0.0349** 

(0.0137) 

𝐺𝑖𝑛𝑖𝑡−1
2    

-0.0001 

(0.0001) 

-0.0003** 

(0.0001) 

𝐺𝑖𝑛𝑖𝑡−1 ∗ ln 𝑃𝑃𝑃1970 
0.0007 

(0.0014) 

-0.0001 

(0.0016) 
  

ln 𝐺𝐷𝑃𝑡−1 
-0.0443 

(0.0440) 

-0.1126* 

(0.0637) 

-0.0141 

(0.0167) 

-0.0746** 

(0.0332) 

𝐻𝑢𝑚𝑎𝑛 𝐶𝑎𝑝𝑖𝑡𝑎𝑙𝑡−1  
0.0314** 

(0.0129) 
 

0.0121 

(0.0147) 

𝑃ℎ𝑦𝑠𝑖𝑐𝑎𝑙 𝐶𝑎𝑝𝑖𝑡𝑎𝑙𝑡−1  
0.0038** 

(0.0019) 
 

0.0007 

(0.0028) 

𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝐺𝑟𝑜𝑤𝑡ℎ𝑡−1  
-0.3959 

(0.3944) 
 

-1.240*** 

(0.4706) 
     

Observations 624 445 696 507 

Countries 100 79 120 90 

Number of instruments 83 79 93 89 

     

Arellano-Bond test AR(2) 0.202 0.968 0.066 0.119 

Hansen statistic (p-val) 0.500 0.198 0.101 0.287 

Dependent variable represented by ln(𝑦𝑡) − ln (𝑦𝑡−1) in all regressions, with y equal to real GDP (PPP in column A & B) per 

capita and t-(t-1) equal to a 5-year period. Estimation done by system GMM two-step regression with robust standard 

errors. Instrument matrices on controls in column B & D have been collapsed. The AR(2) test, tests for autocorrelation in 

the errors, with null=no autocorrelation. Hansen tests for overidentifying restrictions. All regressions include time period 

dummies. *,**,*** denote 10 %, 5 % and 1 % significance levels. 

 

Column A reports the results on the regression where we include the interaction term, but exclude 

the extra control variables (capital and population growth). Column B includes the control variables. 

For both column A & B, PPP based GDP figures are used as explanatory and dependent variables, as 

this allows for the highest amount of observations. PPP based GDP figures has more observations in 

1970 than the non-PPP GDP figures. The results in both columns are highly similar. The inequality 

coefficient is negative but insignificant in both columns. Similarly, the income level control 

coefficient is negative in both columns, although only significant at the 10% level when controls are 

included and insignificant when controls are excluded. Both tests do not reject the null. We also note 

the lower amount of observations (445) when the interaction term is included along with controls 

(column B). Overall, we find little evidence of a possible interaction term with negative coefficient as 

suggested by Brueckner & Lederman’s (2017) World Bank study.  
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Looking at column C, we see little significance of the inequality effect in the way Benhabib (2003) 

suggested. The first non-squared term on inequality is positive at 0.0119, but insignificant while the 

squared inequality is negative at -0.0001, also without significance. The income control is not 

significant when controls are excluded. The Hansen and A-B test do not reject the null. This does not 

provide much evidence towards a non-linear relationship as suggested by Benhabib (2003). 

 

Looking at column D, we do see evidence of the proposed inverted u-shaped relationship between 

inequality and growth that Benhabib (2003) suggests. The linear term is significant at the 5% level 

and estimated at 0.0349, while the nonlinear term is reported at -0.0003 and also significant at the 

5% level. The coefficient on the GDP control is also negative and significant at the 5% level. Neither 

Hansen or A-B test reject the null. This result seems very solid. Having a non-linear effect, we should 

be able to calculate the optimum level of inequality, specifically the optimal Gini coefficient. Holding 

everything else fixed and only looking at inequality’s effect on growth we can set up following 

equation: 

 𝑙𝑛𝑦𝑖,𝑡 − 𝑙𝑛𝑦𝑖,𝑡−1 = 0.0349038 ∗ 𝐺𝑖𝑛𝑖 − 0.000348 ∗ 𝐺𝑖𝑛𝑖2 (81) 

Taking the derivative and setting equal to zero: 

 
d(lny𝑖,𝑡 − 𝑙𝑛𝑦𝑖,𝑡−1)

dGini
= 0.0349038 − 2 ∗ 0.000348 ∗ 𝐺𝑖𝑛𝑖 = 0 (82) 

 𝐺𝑖𝑛𝑖 =
0.0349038

2 ∗ 0.000348
= 50.1 (83) 

So up until a Gini coefficient of 50.1, increasing inequality is predicted to increase economic growth 

in the following 5 years, whereas at a higher Gini coefficient than 50.1, more inequality actually 

decreases economic growth. The optimal Gini coefficient is somewhat high for our sample, but still 

well within the range, meaning that the optimal point prediction is meaningful in the sample. This 

results will be discussed further in the discussion section. 

4.3.7 Fixed effects estimation 

To test robustness of our results we have included a fixed effects estimation of the baseline model in 

equation (35) along with estimates using other functional forms of inequality. The results are 

reported in Table 7 below. 
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4.3.7.1 Table 7, Fixed effects estimations 

 (A) (B) (C) (D) (E) (F) 

𝐺𝑖𝑛𝑖𝑡−1 
0.0046*** 

(0.0016) 

0.0066*** 

(0.0019) 

0.0249** 

(0.0115) 

0.0382*** 

(0.0106) 

0.0032** 

(0.0016) 

-0.0223* 

(0.0127) 

𝐺𝑖𝑛𝑖𝑡−1
2    

-0.0002* 

(0.0001) 

-0.0004*** 

(0.0001) 
  

𝐺𝑖𝑛𝑖𝑡−1 ∗ ln 𝑃𝑃𝑃1970      
0.0033* 

(0.0017) 

ln 𝐺𝐷𝑃𝑡−1 
-0.2635*** 

(0.0552) 

-0.2655*** 

(0.0690) 

-0.2545*** 

(0.0539) 

-0.2554*** 

(0.0615) 

-0.2386*** 

(0.0638) 

-0.2244*** 

(0.0679) 

𝐻𝑢𝑚𝑎𝑛 𝐶𝑎𝑝𝑖𝑡𝑎𝑙𝑡−1  
-0.0180 

(0.0169) 
 

-0.0191 

(0.0159) 

-0.0118 

(0.0153) 

-0.0098 

(0.0159) 

𝑃ℎ𝑦𝑠𝑖𝑐𝑎𝑙 𝐶𝑎𝑝𝑖𝑡𝑎𝑙𝑡−1  
0.0005 

(0.0018) 
 

0.0008 

(0.0016) 

0.0019 

(0.0015) 

0.0028* 

(0.0015) 

𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝐺𝑟𝑜𝑤𝑡ℎ𝑡−1  
0.4065* 

(0.2755) 
 

0.2934 

(0.2732) 

0.3971 

(0.2532) 

0.3338 

(0.2483) 
       

Observations 696 507 696 507 476 445 

Countries 120 90 120 90 89 79 

       

Prob > F 0.0000 0.0000 0.0000 0.0000 0.0000 0.000 

Within R2 0.3081 0.3600 0.3193 0.3877 0.2834 0.2849 

Dependent variable represented by ln(𝑦𝑡) − ln (𝑦𝑡−1) in all regressions, with y equal to real GDP (PPP in column E and F) 

per capita and t-(t-1) equal to a 5-year period. Estimation done by fixed effects estimation with robust standard errors. All 

regressions include time period dummies. *,**,*** denote 10 %, 5 % and 1 % significance levels. 

 

Column A reports the results of the baseline regression without controls while column B shows the 

coefficients when the set of controls X are included. Column C and D reports the results when adding 

the squared inequality term. Column E reports the results of using PPP adjusted GDP figures with 

the baseline regression including controls. Column F reports the results of the interaction term 

specification. Only the first lag of each explanatory variable is used. The results from column A and 

B provide some evidence towards a positive effect of inequality on growth. Without controls, the 

coefficient on inequality is estimated to 0.0046 while the estimate increases to 0.0066 when controls 

are included. Both estimates are highly significant at the 1% level. In addition, the coefficient on GDP 

is significant at the 1% level and negative. 

 

When looking at column C and D, the results suggest the inverted u-shaped effect of inequality on 

growth as suggested by section 4.3.6. The results are very similar to those obtained by system GMM 

regression with controls (see column D in Table 6). Both the linear and the squared term are  

significant at respectively 5% and 10% and maintain the positive linear coefficient and the negative 
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coefficient on the non-linear inequality term. In addition, the implied optimal Gini coefficient which 

yields the highest subsequent 5-year growth is calculated using the same method as under the system 

GMM estimation, equation (81)-(83). Without controls, this yields: 

d(lny𝑖,𝑡 − 𝑙𝑛𝑦𝑖,𝑡−1)

dGini
= 0.0248921 − 2 ∗ 0.0002288 ∗ 𝐺𝑖𝑛𝑖 = 0 

𝐺𝑖𝑛𝑖 =
0.0248921 

2 ∗ 0.0002288
= 54.4 

Including controls the optimum is: 

d(lny𝑖,𝑡 − 𝑙𝑛𝑦𝑖,𝑡−1)

dGini
= 0.0381664  − 2 ∗ 0.0003554 ∗ 𝐺𝑖𝑛𝑖 = 0 

𝐺𝑖𝑛𝑖 =
0.0381664  

2 ∗ 0.0003554
= 53.7 

So the level of inequality that maximizes economic growth is estimated at a Gini coefficient of 54.4 

when our controls are excluded, and falls to 53.7 when controls are included. This is somewhat close 

to the estimate of 50.1 as suggested by the system GMM regression. Again, we highlight that 

collectively both estimation methods offer quite a lot of evidence toward the proposed non-linear 

relationship between inequality and growth.     

 

These results are also highly consistent with the results obtained in our bachelor thesis (Schjoelin & 

Soerensen, 2016), using a different set of Gini coefficients, the SWIID5.0. A potential source of 

concern is the within R2 value. Without our set of controls, the within R2 value lies at 0.31 in the 

baseline regression while it increases to 0.36 when controls are included. We are here primarily 

interested in the within R2, as it is interpreted as the time variation in economic growth that is 

explained by time changes in our explanatory variables. However, we note that most econometric 

studies are only little concerned with somewhat low R2 values (Woolridge J. M., 2013). 

 

In column E we have included the baseline specification using PPP adjusted GDP. These results are 

consistent with the results reported in column A and B. This specification is only included to justify 

the validity of adding the PPP based interaction term in column F. In column F, the non-interaction 

term of inequality is reported at -0.0223 and significant at the 10% level, while the interaction term 

is estimated at 0.0033, also significant at the 10% level. The coefficient on income level is negative 

and significant. This is highly surprising. It suggest that for initially poor countries, inequality has a 

negative effect one economic growth, while at higher levels of initial income levels, inequality starts 

having a positive effect. Specifically, calculating the point where higher inequality increases 

economic growth can be done similarly to optimum calculation in equations (81)-(83). If we focus 

exclusively on the terms that include inequality, we have: 

𝑙𝑛𝑦𝑖,𝑡 − 𝑙𝑛𝑦𝑖,𝑡−1 = −0.0223471 ∗ 𝐺𝑖𝑛𝑖 + 0.0033022 ∗ 𝐺𝑖𝑛𝑖 ∗ 𝐼𝑛𝑖𝑡𝑖𝑎𝑙 𝐼𝑛𝑐𝑜𝑚𝑒 
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d(𝑙𝑛𝑦𝑖,𝑡 − 𝑙𝑛𝑦𝑖,𝑡−1)

dGini
= −0.0223471 + 0.0033022 ∗ 𝐼𝑛𝑖𝑡𝑖𝑎𝑙 𝐼𝑛𝑐𝑜𝑚𝑒 

Setting the left hand side in above equation equal to zero, means we find the level of initial income 

where increasing the Gini coefficient starts to have a positive effect on growth.  

d(lny𝑖,𝑡 − 𝑙𝑛𝑦𝑖,𝑡−1)

dGini
=  −0.0223471 + 0.0033022 ∗ 𝐼𝑛𝑖𝑡𝑖𝑎𝑙 𝐼𝑛𝑐𝑜𝑚𝑒 = 0 

𝐼𝑛𝑖𝑡𝑖𝑎𝑙 𝑖𝑛𝑐𝑜𝑚𝑒 = 6.77  

Noting that initial income is expressed as the natural logarithm, this implies a value of: 

𝑒6.77 = 867.0  

Consequently, these results suggest, that for countries who reported above 867 PPP corrected GDP 

per capita in 1970, higher inequality is predicted to increase growth during the subsequent five years, 

keeping everything else equal. Countries with income levels below this threshold in 1970 would suffer 

lower growth if inequality increased. 

 

So according to the results in column F, countries with initial income higher than 867 PPP adjusted 

USD per capita in 1970, should see higher growth as a consequence of higher inequality, while 

countries lower than this threshold are predicted to see lower growth if inequality rises. The 867 level 

of PPP adjusted GDP per capita is only reported in the very poorest income countries. In Figure 14, 

below the marginal effect of inequality based on the result in column F, is pictured given different 

levels of initial income along with the 95% confidence intervals for the regression estimate of the 

linear term. The coefficient on the interaction term (the slope) is assumed true.  

 

As the Figure 14 illustrate, the point estimates for the regressions that include the interaction term 

suggest that richer countries would benefit from higher inequality, while lower income countries 

would suffer. However, the figure above show that if we consider the 95% confidence bands for the 

marginal effect of inequality at given levels of initial income, there is high uncertainty of the actual 

effect. As the upper confidence band suggest, at logarithmic values of initial income between 4 and 

12 inequality could very well have positive marginal effects. Similarly, the lower confidence band 
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Figure 14: Marginal effect of inequality at given levels of initial income
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suggest that the marginal effect of inequality is negative for logarithmic values of initial income 

between 4 to 12. All values of initial income in our data fall within this range. So practically, we cannot 

say whether the effect is positive or negative at any level of initial income. We would need to go 

beyond a logarithmic value of 12 for initial income to say that the marginal effect of inequality is 

positive. No country has an initial level of income above a logarithmic value of 12, corresponding to 

162,754 PPP adjusted USD per capita, which is way above the levels of even the richest countries in 

1970. So practically, and economically, these results little meaning. It thus seems, that despite the 

significant interaction term, we have a hard time establishing the joint effect of the non-interaction 

and interaction term. Therefore, despite the statistical significance, the economical and practical 

significance of the joint effect may be insignificant. In addition, the interaction term was not 

significant in the system GMM regressions, meaning we will relax the idea of an interaction term for 

the non-advanced sample. 

4.4 FULL COUNTRY SAMPLE RESULTS 

4.4.1 Baseline results, whole sample 

As expected, the regression results changes markedly when we add the advanced countries, i.e. use 

the whole sample. The results obtained and reported in Table 8 below will be somewhat comparable 

to the IMF study from 2014 (Ostry, Berg, & Tsangarides, 2014). 

4.4.1.1 Table 8, Baseline without controls 

 (A) (B) (C) (D) 

𝐺𝑖𝑛𝑖𝑡−1 
-0.0039* 

(0.0020) 

-0.0054** 

(0.0022) 

-0.0054* 

(0.0028) 

-0.0043* 

(0.0024) 

ln 𝐺𝐷𝑃𝑡−1 
-0.0295** 

(0.0125) 

-0.0260* 

(0.0140) 

-0.0234 

(0.0164) 

0.0157 

(0.0303) 
     

Observations 992 992 992 943 

Countries 155 155 155 152 

Number of instruments 74 57 40 51 

     

Arellano-Bond test AR(2) 0.045 0.048 0.050 0.186 

Hansen statistic (p-val) 0.025 0.002 0.000 0.000 

Dependent variable represented by ln(𝑦𝑡) − ln (𝑦𝑡−1) in all regressions, with y equal to real GDP per capita (D equal to PPP) 

and t-(t-1) equal to a 5-year period. Estimation done by system GMM two-step regression with robust standard errors. The 

AR(2) test, tests for autocorrelation in the errors, with null=no autocorrelation. Hansen tests for overidentifying 

restrictions. All regressions include time period dummies. *,**,*** denote 10 %, 5 % and 1 % significance levels. 
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In Table 8 above, we report the results of the system GMM estimation of the baseline regression 

without additional controls other than income level for the whole sample. The amount of lags used 

as instruments in column A through C are identical to those in Table 3 on the non-advanced sample. 

Column D reports the results where we use PPP based GDP data. 

 

Looking at Column A-C, we see somewhat similar results indicating that the amount of lags used in 

the instruments does not alter the results significantly. The coefficient on inequality is negative in all 

three columns, reporting an effect between -0.0039 to -0.0054. All coefficients are significant at the 

10% level. Only in column C, is the coefficient on income not statistically negative although reported 

negative. It is worth noting that the amount of observations used when we include advanced 

economies increase to 992, a substantial increase compared to the non-advanced sample. So if we 

include all countries, both advanced and non-advanced, higher inequality seems to predict lower 

economic growth over the subsequent 5 years. A one point increase in Gini specifically, decreases 

economic growth over the next 5 years by 0.39% using results in Column A and 0.54% in B and C. 

There are however some warning signals. Both the Hansen and A-B test reject the null hypothesis 

for columns A through C, providing substantial evidence for endogeneity in our regressions. This 

seems highly likely, as including both advanced and non-advanced samples can create further 

endogeneity issues through omitted variables. Omitted variables can explain different characteristics 

between advanced and non-advanced countries such as strength of institutions. We therefore should 

be cautious about the validity of the results suggested by column A to C. 

 

In column D we use PPP based GDP data for income level and growth. The results from column D 

show a negative coefficient on inequality, significant at the 10% level. Specifically a one point increase 

in the Gini leads to 0.43% higher growth over the five subsequent years. So in essence, this result is 

not really different from the results reported in column A-C except we no longer have a negative 

significant coefficient of income level. The Hansen test is also significant. When we changed amount 

of lags for instruments in column D, the result still stood. 

 

Taken together, we were expecting to see these results. When Ostry, Berg and Tsangarides (2014) 

conducted their analysis on a similar sample although slight variations in data and specification 

details, they found a negative and significant coefficient. In addition, Cingano (2014) found a 

significant negative coefficient on inequality on a sample of OECD countries, which are primarily 

advanced countries according to our definitions, using a similar regression method. Thus, when we 

add 35 advanced countries to the sample, we would expect lower, perhaps both negative and 

significant coefficients. These are exactly the changes we observe when including advanced 

economies in the regressions. The coefficient on inequality becomes negative and significant. In 
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addition, we maintain the negative coefficient on the lagged GDP control variable, consistent with 

the results obtained in our non-advanced sample except in column D. 

4.4.2 Baseline with controls, whole sample 

When we add human capital, physical capital and population growth as extra control variables, the 

picture we saw from Table 8 above changes slightly. The regression results when adding human and 

physical capital are reported in Table 9 below. In both columns, two lags are used as inequality 

instruments and one lag on income level. 

4.4.2.1 Table 9, Baseline with controls 

 (A) (B) 

𝐺𝑖𝑛𝑖𝑡−1 
-0.0009 

(0.0018) 

-0.0009 

(0.0019) 

ln 𝐺𝐷𝑃𝑡−1 
-0.0492*** 

(0.0190) 

-0.0644*** 

(0.0212) 

𝐻𝑢𝑚𝑎𝑛 𝐶𝑎𝑝𝑖𝑡𝑎𝑙𝑡−1 
0.0184* 

(0.0111) 

0.0212* 

(0.0113) 

𝑃ℎ𝑦𝑠𝑖𝑐𝑎𝑙 𝐶𝑎𝑝𝑖𝑡𝑎𝑙𝑡−1 
-0.0045 

(0.0029) 

-0.0017 

(0.0025) 

𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝐺𝑟𝑜𝑤𝑡ℎ𝑡−1 
-0.7905** 

(0.3707) 

-0.5909 

(0.3789) 
   

Observations 773 703 

Countries 125 123 

Number of instruments 98 86 

   

Arellano-Bond test AR(2) 0.024 0.449 

Hansen statistic (p-val) 0.083 0.031 

Dependent variable represented by ln(𝑦𝑡) − ln (𝑦𝑡−1) in all regressions, with y equal to real GDP per capita and t-(t-1) equal 

to a 5-year period. Estimation done by system GMM two-step regression with robust standard errors. Instrument matrices 

on controls in column XX have been collapsed. The AR(2) test, tests for autocorrelation in the errors, with null=no 

autocorrelation. Hansen tests for overidentifying restrictions. All regressions include time period dummies. *,**,*** denote 

10 %, 5 % and 1 % significance levels. 

 

Looking at Column A, the results suggest a negative coefficient on inequality. However, the 

coefficient is insignificant at the 10% level suggesting that higher inequality has no effect on 

economic growth during the next 5 years. Column B uses PPP based GDP figures in the regression. 

Also here the coefficient on inequality is negative but insignificant. In both column A and B, the 

coefficient on GDP is negative and significant. Again, the story is somewhat the same as reported in 

Table 8 without control variables, except here the results are not significant. It is puzzling that when 
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we include the additional controls, that the effect of inequality suddenly becomes insignificant. 

However, we do see some warning signs. The number of observations falls to 773 compared to the 

almost 1000 in Table 8 above. In addition, the A-B test suggest autocorrelation in the errors in 

column A, while the Hansen test suggest endogeneity of the instruments in column B. Thus these 

results does not provide much further evidence in favor on the conclusions from the above section 

on the whole sample. 

4.4.3 Excluding either human or physical capital, whole sample 

As noted during the analysis of the sample excluding advanced countries, we need to show caution 

when including both human and physical capital as controls in the regression, since these are the 

two main channels we expect inequality to have an effect through. In Table 10 below, we report the 

results where we first exclude human capital and then physical capital.  

4.4.3.1 Table 10, Baseline with controls, testing different control variables 

 (A) (B) 

𝐺𝑖𝑛𝑖𝑡−1 
0.0022 

(0.0026) 

-0.0016 

(0.0022) 

ln 𝐺𝐷𝑃𝑡−1 
-0.0175 

(0.0120) 

-0.0513*** 

(0.0161) 

𝐻𝑢𝑚𝑎𝑛 𝐶𝑎𝑝𝑖𝑡𝑎𝑙𝑡−1  
-0.0001 

(0.0099) 

𝑃ℎ𝑦𝑠𝑖𝑐𝑎𝑙 𝐶𝑎𝑝𝑖𝑡𝑎𝑙𝑡−1 
-0.0027 

(0.0025) 
 

𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝐺𝑟𝑜𝑤𝑡ℎ𝑡−1 
-1.2106*** 

(0.3172) 

-1.1928*** 

(0.3341) 
   

Observations 918 801 

Countries 148 127 

Number of instruments 93 81 

   

Arellano-Bond test AR(2) 0.020 0.033 

Hansen statistic (p-val) 0.060 0.045 

Dependent variable represented by ln(𝑦𝑡) − ln (𝑦𝑡−1) in all regressions, with y equal to real GDP per capita and t-(t-1) equal 

to a 5-year period. Estimation done by system GMM two-step regression with robust standard errors. The AR(2) test, tests 

for autocorrelation in the errors, with null=no autocorrelation. Hansen tests for overidentifying restrictions. All regressions 

include time period dummies. *,**,*** denote 10 %, 5 % and 1 % significance levels. 

 

In column A, when we exclude human capital from the regression, the coefficient on inequality is 

estimated positive, but insignificant. The GDP coefficient is negative and insignificant. This is an 

interesting result, given we expect a negative relationship between inequality and human capital, 
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and further for human capital to have a positive effect on economic growth. When we include human 

capital in the regression, the coefficient on human capital in positive and significant at the 10% level 

(see Table 9). It therefore follows naturally that if inequality decreases human capital, and human 

capital, according to the regression in column A of Table 9 increases growth, that the coefficient on 

inequality will be downward biased if human capital is excluded. This goes somewhat against the 

results we observe in column A in Table 10. Again, we may have a wrong idea of whether inequality 

increases human capital for developing countries as earlier mentioned. As noted when we excluded 

human capital for the non-advanced countries, the World Bank indeed suggest that inequality only 

has a negative effect on human capital for high income countries (Bruckner & Lederman, 2017). 

Thus, when our sample includes both advanced and non-advanced countries, we may still see a 

positive correlation between inequality and human capital that we would not see if we only looked at 

advanced countries. Thus the results still make intuitive sense. We should also note that once again, 

both the A-B test rejects the null while the Hansen does not. We should therefore show caution on 

these results as well, as the A-B test suggest autocorrelation in the error. 

 

In Column B we exclude physical capital from the regression. Here, we see an expected decrease in 

the coefficient of inequality compared to column A, Table 9 where both physical and human capital 

are included. Given the negative coefficient on physical capital when included in the regression 

(Table 9), and the assumed positive correlation between inequality and physical capital 

accumulation, we expect to see a lower coefficient on inequality when omitting physical capital. This 

lower coefficient on inequality is what we observe in column B. However, there is no significance of 

inequality at the 10% level. Again, the applicability of this result can be challenged. The coefficient 

of physical capital accumulation on growth ought to be positive as outlined in the literature review 

(Kaldor, 1957) (Bourguignon, 1981). When the coefficient is estimated negative, although 

insignificant, omitting physical capital thus has somewhat the opposite effect of what we would 

expect. Multicollinearity between the control variables is again an issue. The correlation between 

GDP level and physical capital for the full country sample is as high as 0.3072, which although just 

a raw correlation, shows the point of multicollinearity in the control variables. 

4.4.4 Changing the functional form of inequality’s effect, whole sample 

In this section we conduct the same analysis as section 4.3.6 where we looked into the non-advanced 

sample. Here, we looked into a specification with a non-linear inequality term and a specification 

that includes an interaction term between inequality and level of GDP per capita in 1970. Table 11 

below reports these results. 
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4.4.4.1 Table 11, Alternative functional forms 

 (A) (B) (C) (D) 

𝐺𝑖𝑛𝑖𝑡−1 
-0.0150 

(0.0096) 

-0.0034 

(0.0122) 

-0.0009 

(0.0093) 

0.0102 

(0.0088) 

𝐺𝑖𝑛𝑖𝑡−1
2    

-0.0001 

(0.0001) 

-0.0001 

(0.0001) 

𝐺𝑖𝑛𝑖𝑡−1 ∗ ln 𝑃𝑃𝑃1970 
0.0013 

(0.0012) 

0.0001 

(0.0015) 
  

ln 𝐺𝐷𝑃𝑡−1 
-0.0675* 

(0.0363) 

-0.0915** 

(0.0453) 

-0.0183* 

(0.0106) 

-0.0159 

(0.0184) 

𝐻𝑢𝑚𝑎𝑛 𝐶𝑎𝑝𝑖𝑡𝑎𝑙𝑡−1  
0.0282** 

(0.0132) 
 

-0.0062 

(0.0123) 

𝑃ℎ𝑦𝑠𝑖𝑐𝑎𝑙 𝐶𝑎𝑝𝑖𝑡𝑎𝑙𝑡−1  
0.0025 

(0.0025) 
 

-0.0019 

(0.0028) 

𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝐺𝑟𝑜𝑤𝑡ℎ𝑡−1  
-0.2775 

(0.4798) 
 

-1.719*** 

(0.4687) 
     

Observations 863 652 992 773 

Countries 128 107 155 125 

Number of instruments 83 79 93 89 

     

Arellano-Bond test AR(2) 0.251 0.981 0.042 0.074 

Hansen statistic (p-val) 0.107 0.007 0.069 0.081 

Dependent variable represented by ln(𝑦𝑡) − ln (𝑦𝑡−1) in all regressions, with y equal to real GDP (PPP in column A & B) per 

capita and t-(t-1) equal to a 5-year period. Estimation done by system GMM two-step regression with robust standard 

errors. Instrument matrices on controls in column B & D have been collapsed. The AR(2) test, tests for autocorrelation in 

the errors, with null=no autocorrelation. Hansen tests for overidentifying restrictions. All regressions include time period 

dummies. *,**,*** denote 10 %, 5 % and 1 % significance levels. 

 

When we look at the specification including an interaction term between inequality and initial level 

of GDP per capita in 1970, we see no significant results compared to the insignificant results obtained 

on the non-advanced sample. Note that for the interaction specification, PPP based GDP per capita 

data is used for income data. Neither column A or B reports a significant linear effect or interaction 

term effect of inequality. The suggested coefficients are positive on the interaction term but negative 

in the linear inequality term, which is in line with the results suggested by the non-advanced sample 

(See Table 6). These signs on each coefficient is the opposite of the ones suggested by Brueckner & 

Lederman (2017) who suggested a negative interaction term, but positive linear coefficient.  Both 

columns still maintain the significant negative coefficient on the income control. Both the A-B tests’ 

null is not rejected in either case, but the Hansen null is rejected in column B where the additional 

controls are included along with the interaction term. Considering the results from both the non-
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advanced and the advanced sample, we see very little evidence that inequality’s effect on growth 

interacts with the initial income level in 1970. 

 

The results in column C and D of Table 11, are somewhat different to the ones obtained from 

analyzing the non-advanced sample. The non-linear effect of inequality on economic growth is not 

significant according to column C and D. Specifically, column C suggest that both the linear and non-

linear effect of inequality are negative although both coefficients are insignificant. Column D reports 

a positive linear coefficient and a marginally negative non-linear coefficient on inequality, but both 

are insignificant at the 10% level. So column D suggest the correct inverted u-shape, but without 

significance. In addition, the A-B test fails in column C. Both tests do not reject the null in column 

D. This is somewhat in line with Cingano (2014), who did not find a non-linear relationship between 

inequality and growth when studying OECD countries. Since all of the advanced countries in our full 

sample are indeed OECD countries, adding advanced countries to the sample may lower the presence 

of the non linear effect seen in non-advanced countries as reported in Table 6.  

 

Overall, the results in Table 11 provides little evidence for alternative functional forms of inequality 

when considering both advanced and non-advanced countries, contrary to the suggesting of an 

inverted u-shape when looking solely at non-advanced countries.  

 

4.4.5 Fixed effect estimation, whole sample 

As a mean of robustness checking, we also estimate the model with a fixed effects estimation method. 

Table 12 below reports the results from fixed effects estimation with the baseline model, first 

excluding controls in column A, and then including those variables in column B. In addition other 

functional forms with and without controls are presented in column C to F. 
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4.4.5.1 Table 12, Fixed effects estimations 

 (A) (B) (C) (D) (E) (F) 

𝐺𝑖𝑛𝑖𝑡−1 
0.0035** 

(0.0015) 

0.0050*** 

(0.0018) 

0.0164* 

(0.0084) 

0.0233*** 

(0.0083) 

0.0025* 

(0.0015) 

-0.0081 

(0.0116) 

𝐺𝑖𝑛𝑖𝑡−1
2    

-0.0002* 

(0.0001) 

-0.0002** 

(0.0001) 
  

𝐺𝑖𝑛𝑖𝑡−1 ∗ ln 𝑃𝑃𝑃1970      
0.0012 

(0.0015) 

ln 𝐺𝐷𝑃𝑡−1 
-0.2426*** 

(0.0397) 

-0.2545*** 

(0.0489) 

-0.2359*** 

(0.0398) 

-0.2452*** 

(0.0471) 

-0.2376*** 

(0.0470) 

-0.2221*** 

(0.0479) 

𝐻𝑢𝑚𝑎𝑛 𝐶𝑎𝑝𝑖𝑡𝑎𝑙𝑡−1  
-0.0028 

(0.0113) 
 

-0.0032 

(0.0113) 

-0.0019 

(0.0110) 

-0.0031 

(0.0114) 

𝑃ℎ𝑦𝑠𝑖𝑐𝑎𝑙 𝐶𝑎𝑝𝑖𝑡𝑎𝑙𝑡−1  
0.0007 

(0.0014) 
 

0.0007 

(0.0014) 

0.0007 

(0.0013) 

0.0016 

(0.0013) 

𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝐺𝑟𝑜𝑤𝑡ℎ𝑡−1  
0.0307 

(0.2792) 
 

-0.0229 

(0.2814) 

0.1475 

(0.2504) 

0.0583 

(0.2689) 
       

Observations 992 773 992 773 703 652 

Countries 155 125 155 125 123 107 

       

Prob > F 0.000 0.000 0.000 0.000 0.000 0.000 

Within R2 0.2727 0.2721 0.2784 0.2842 0.2248 0.2120 

Dependent variable represented by ln(𝑦𝑡) − ln (𝑦𝑡−1) in all regressions, with y equal to real GDP (PPP in column E and F) 

per capita and t-(t-1) equal to a 5-year period. Estimation done by Fixed with robust standard errors. All regressions include 

time period dummies. *,**,*** denote 10 %, 5 % and 1 % significance levels. 

 

When we carried out the fixed effects regressions on the non-advanced sample, we saw highly 

significant results. Without human and physical capital controls, the coefficient on inequality was 

estimated at 0.0046 and significant at the 1% level, while including the additional controls reported 

a coefficient of 0.0066, also significant at the 1% level. (See Table 7). Looking at Table 12 above, we 

see very similar results. In column A, our baseline model is estimated without including human and 

physical capital as controls. The reported coefficient on inequality is 0.0035, significant at the 5% 

level. Once again, we thus have significant evidence of a positive relationship between inequality and 

economic growth, and this time it is based on the whole sample. Including human and physical 

capital as controls offers additional support for the positive link. When included, the estimated 

coefficient even increases to 0.0050, also significant at the 1% level. Thus, even though the 

coefficients decreases compared to the non-advanced sample, they are still significant and positive. 

As earlier commented, we would expect the coefficient to decrease and possibly lose significance 

when including advanced countries. Our own system GMM results suggest a negative effect of 

inequality when including advanced countries in the regression (Table 8, column A & B) and other 
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empirical evidence suggests, that for advanced countries, the causality from inequality to economic 

growth is negative (Cingano, 2014). In our case, the fixed effect coefficients do decrease when adding 

advanced countries to the sample, but the significance remains. We also have the desired negative 

coefficients on the GDP control variable. 

 

We need to be cautious with these results. They go against both the findings of our own Table 8, 

Ostry, Berg, & Tsangarides’(2014) analysis on both advanced and non-advanced sample and 

Cingano’s (2014) analysis on OECD countries. All of these suggested a negative relationship between 

inequality and growth. In the end of the results section, we will elaborate the criticism of the fixed 

effects estimation, and why we need to be cautious with these results. 

 

As was the case when looking at the non-advanced sample, the within R2 value is somewhat low when 

we estimate using fixed effects. The within R2 value in Table 12 above is reported at 0.273 without 

controls and decreases slightly to 0.272 with controls. It thus still seems, that there is a lot of 

variation in growth we simply cannot explain from inequality and the included controls. 

 

We also find highly similar results when comparing the non-linear functional form regression of the 

whole sample to the non-advanced sample. Column C and D in Table 12 above reports the results of 

the regressions where a squared inequality term is included. In column C, human and physical are 

excluded, while they are included in column D. The results on the non-advanced sample, suggested 

a highly significant non-linear effect of inequality on economic growth in line with Benhabib (2003) 

both from system GMM and from fixed effects estimation. Here we compare the whole sample fixed 

effects results to the fixed effects estimation for the non-advanced sample for a 1-to-1 comparison of 

coefficients. For the non-advanced sample in Table 7, we see the linear terms were positive and 

significant at the 1% and 5% level, while the squared inequality term was negative and significant at 

the 1% and 10% level. In addition, we calculated the turning point from which higher levels of 

inequality would impact growth negatively. These points are respectively with and without controls 

calculated at 53.7 and 54.4. 

 

Similar results emerge when we include advanced countries, reported in Table 12 column C & D. 

When controls are excluded, the linear term remains positive and significant at the 10% level, 

although the point estimate is now lower at 0.164. The squared inequality term also remains 

negative, although it becomes less significant, now only significant at the 10% level. Including 

controls does not alter this picture. The linear and non-linear coefficients are reported at 0.0233 and 

-0.0002 respectively, significant at the 1% and 5% level. 
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To finalize the analysis of the non-linear model we calculate the optimal level of inequality that 

maximizes economic growth, holding everything else constant. When human and physical capital is 

excluded, holding everything else constant, optimal level of inequality is calculated from the same 

methodology used previously: 

lny𝑖,𝑡 − 𝑙𝑛𝑦𝑖,𝑡−1 = 0.0163964 ∗ 𝐺𝑖𝑛𝑖 − 0.00015 ∗ 𝐺𝑖𝑛𝑖2 

d(lny𝑖,𝑡 − 𝑙𝑛𝑦𝑖,𝑡−1)

dGini
= 0.0163964 − 2 ∗ 0.00015 ∗ 𝐺𝑖𝑛𝑖 = 0 

𝐺𝑖𝑛𝑖 =
0.0163964

2 ∗ 0.00015
= 54.7 

Calculating the optimum when controls are included yields: 

d(lny𝑖,𝑡 − 𝑙𝑛𝑦𝑖,𝑡−1)

dGini
= 0.0232537  − 2 ∗ 0.000213 ∗ 𝐺𝑖𝑛𝑖 = 0 

𝐺𝑖𝑛𝑖 =
0.0232537

2 ∗ 0.000213
= 54.6 

So when advanced countries are included in the sample, the point at which inequality starts hurting 

economic growth is estimated to be at a Gini coefficient around 54.6-54.7 depending on whether 

controls are included. This is only slightly higher than the 53.7-54.4 range suggested by the non-

advanced sample. So including advanced economies in the example still seem to show significant 

evidence towards a non-linear, inverse u-shaped relationship of the effect of inequality on economic 

growth during the next 5 years. Overall, the evidence towards the non-linear relationship is present 

in system GMM and fixed effects estimation for the non-advanced sample, while it is only present 

using fixed effects for the full sample. 

 

In column E in Table 12 we report the results equivalent to Table 7 column E, just based on the whole 

sample. The results are highly similar using both samples. The inequality coefficient is still positive 

and significant at the 10% level, and we have a negative significant income control. 

  

We have more interest in the results in column F. The interaction term, which was significant in 

Table 7, is no longer significant in Table 12. While we were already skeptical towards the validity of 

the interaction term, we are now additionally concerned. If the positive interaction term was true, as 

suggested by Table 7 column F, we would expect the addition of advanced countries to the sample 

would provide further evidence. This is not the case. This should provide further evidence against 

the notion that inequality has a positive effect on growth for advanced countries. Given the combined 

evidence for the non-advanced sample and the full sample, we see little evidence for an interaction 

effect. 



Inequality’s Effect on Growth  15th of May 2018 

Page 77 of 112 
 

4.5 LONG RUN IMPLICATIONS OF SIGNIFICANT RESULTS ON GROWTH 

Utilizing the macroeconomic specification of the extended Solow model underlying our regression 

model, it is possible to calculate long run growth effects from a change in the Gini coefficient 

(Cingano, 2014). With equation (27): 

 ln(𝑦𝑡) = (1 − 𝑒−𝜆𝑡) ln(𝑦∗) + 𝑒−𝜆𝑡 ln(𝑦0) (27) 

We can find the convergence rate using the coefficient on lagged level of income found in the 

regressions. This allows us to find the time it takes to go halfway to the steady state (Mankiw, Romer, 

& Weil, 1992), defined as the long run by Cingano (2014). Looking first at the full country sample we 

found a significant negative effect of the Gini in the baseline result from Table 8 column B of -0.0054 

and a coefficient on GDP of -0.0260, which using equation (32) results in a convergence rate of: 

�̂� = −
ln(1 − 0.0260)

5
= 0.005269 

This results in a movement halfway to steady state in 135 years, which is very long run. This 

convergence rate is extraordinary high and not in line with theory. This of course signifies an 

extremely low convergence rate, which is nonetheless higher than the one reported in IMF’s study 

(Ostry, Berg, & Tsangarides, 2014). We can then calculate a long run effect of inequality using 

equation (33) and (34), by first calculating the change in the steady state level and then the change 

over the long run, which in this case is set to 35 years as Mankiw, Romer & Weil (1992) suggest: 

∆ ln(𝑦∗)̂ = − (
−0.0054

−0.0260
) ∗ −1 = 0.207692 

∆ ln(𝑦𝑡) = (1 − 𝑒−0.005269∗35) ∗ 0.207692 = 0.034976 

Thus, over a 35 year period we would see a cumulative gain of 3.5% in GDP by decreasing the Gini 

by one point. This is quite substantial, stemming from a high effect of inequality on the steady state. 

However, our convergence rate is only a quarter of the rate posed as likely in the original extended 

Solow model paper, and perhaps the result should be taken lightly, which is why we rely on the 35 

years as the long run. Nevertheless, the reason for a lower convergence rate, may be that advanced 

countries being closer to the steady state have a more steady GDP growth with less variance, whereas 

in developing countries one could expect high variance in GDP growth and perhaps also being longer 

from their steady state. This argues for the lower convergence rate found in the full country sample 

and the validity of the long run effect. We find no significant results for the Gini coefficient in the 

system GMM regressions on the developing sample, and will not calculate long run results for these. 

 

The fixed effect results showed positive significant coefficients on the Gini and significant coefficients 

on the lagged level of GDP. However, due to the probable bias of results and a convergence rate that 

implies half way to steady state in 10 years the results does not seem valid for a long run analysis. 
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4.6 CHANGING THE ECONOMIC VARIABLE TO HDI, NON-ADVANCED SAMPLE 

The relevancy of GDP as an economic variable to describe the welfare of society is not a given, and 

has been a debate issue especially in recent times with rising inequality and poor worker conditions 

alongside economic growth (The Economist, 2016). Recently, at the World Economic Forum of 

Davos in 2016, the IMF head Christine Lagarde and Joseph Stiglitz both argued to find new and 

better ways to measure development of a country (Thomson, 2016). 

 

Therefore, in the following section we use our baseline model, equation (35) used in the main section 

of this paper to focus on the UN development programme (UNDP) welfare measure HDI. 

 𝑙𝑛𝑦𝑖,𝑡 − 𝑙𝑛𝑦𝑖,𝑡−1 = 𝛼𝑙𝑛𝑦𝑖,𝑡−1 + 𝑋𝑖,𝑡−1𝛽 + 𝛾𝐼𝑛𝑒𝑞𝑖,𝑡−1 + 𝜇𝑖 + 𝜇𝑡 + 𝜖𝑖,𝑡 (35) 

We simply substitute 𝑦𝑖𝑡 from being proxied by economic growth, to growth of welfare, which we use 

HDI to measure in this paper. The HDI is an index computed out of several data sets, with data on 

life expectancy, education and GNI per capita included (UNDP, 2017). UNDP states that “income is 

a means to human development and not the end” meaning that if we want an analysis of the broader 

impact of inequality, HDI may be better. Nevertheless, UNDP also states that the HDI cannot be 

used alone to measure welfare either, as variables such as inequality, gender inequality etc. also 

should be included in a judgement of welfare. In the following analysis we disregard the direct effect 

inequality has on welfare, which most would believe is negative, and focus on the effect inequality 

has on a welfare measure that does not include inequality. We use the log of HDI in the below analysis 

to get percentage changes to ensure comparability with the analysis on GDP growth.  

 

UNDP began reporting this measure in 1990, which leaves us with an unbalanced panel data set with 

a maximum of 5 T’s. The number of observations in the following regressions is therefore lower than 

in the main regressions, however, the panel is more balanced. With the sudden start of the index we 

remove some missing data value bias, where missing data values in earlier time periods could be 

correlated with the idiosyncratic errors. The results when looking at inequality’s effect on a welfare 

index mimic and confirm in many aspects the results from the baseline analysis, which is intuitive 

as GNI is a part of the index and because economic growth and welfare should be related. 
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4.6.1.1 Table 13 Regression table with economic growth proxied by HDI 

 (A) (B) (C) (D) (E) (F) 

𝐺𝑖𝑛𝑖𝑡−1 
-0.0010 

(0.0009) 

-0.0008 

(0.0009) 

-0.0008 

(0.0015) 

-0.0012 

(0.0011) 

0.0154** 

(0.0069) 

0.0225*** 

(0.0054) 

𝐺𝑖𝑛𝑖𝑡−1
2      

-0.0002** 

(0.0000) 

-0.0003*** 

(0.0000) 

ln 𝐻𝐷𝐼𝑡−1 
-0.0711*** 

(0.000) 

-0.0703*** 

(0.0164) 

-0.0651*** 

(0.0243) 

-0.0950** 

(0.0479) 

-0.0592*** 

(0.2234) 

-0.1305*** 

(0.0431) 

𝐻𝑢𝑚𝑎𝑛 𝐶𝑎𝑝𝑖𝑡𝑎𝑙𝑡−1    
0.0027 

(0.0053) 
 

0.0057 

(0.0042) 

𝑃ℎ𝑦𝑠𝑖𝑐𝑎𝑙 𝐶𝑎𝑝𝑖𝑡𝑎𝑙𝑡−1    
0.0005 

(0.0008) 
 

0.0011 

(0.0010) 

𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝐺𝑟𝑜𝑤𝑡ℎ𝑡−1    
0.1785 

(0.1658) 
 

0.0892 

(0.1466) 
       

Observations 403 403 403 344 403 344 

Countries 116 116 116 91 116 91 

Number of instruments 32 27 18 54 45 72 

       

Arellano-Bond test AR(2) 0.036 0.038 0.035 0.084 0.063 0.119 

Hansen statistic (p-val) 0.008 0.006 0.000 0.063 0.014 0.234 

Dependent variable represented by ln(𝑦𝑡) − ln (𝑦𝑡−1) in all regressions, with y equal to HDI and t-(t-1) equal to a 5-year period. 

Estimation done by system GMM two-step regression with robust standard errors. Instrument matrices on controls have been collapsed. 

The AR(2) test, tests for autocorrelation in the errors, with null=no autocorrelation. Hansen tests for overidentifying restrictions. All 

regressions include time period dummies. *,**,*** denote 10 %, 5 % and 1 % significance levels. 

 

When looking at Table 13 column A-C we find no significance for the coefficients on inequality using 

several lag specifications. However, we do find a significant negative coefficient on the level of HDI 

across the different lags, showing some convergence of the variable. The Gini coefficient has 

insignificant coefficients, but they remain negative through column A-D. In column D we add control 

variables human capital, physical capital and population growth to the regression model. This does 

not changes the sign of the coefficient on our main variable or the significance level and keeps the 

convergence rate significant at negative 0.0950. This makes intuitive sense to see insignificant 

results on the Gini coefficient, mirroring the main analysis. Further, a negative coefficient on the 

level of HDI, means that a higher level in HDI, signifies a lower growth over the coming period is 

very intuitive. 

 

We add a non-linear term, Gini squared, alongside the other variables as suggested in the main 

analysis. This yields results similar to the main analysis, showing a very strong non-linear hump 

shaped effect of the Gini index on HDI as seen in column E and F. Looking at the regression results 
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including the squared term, there is a very strong significance on all variables in the regression 

without control. We see a negative convergence rate of -0.0592 along with a positive coefficient on 

the normal Gini term of 0.1539 and a negative coefficient on the squared term of -0.0002, all showing 

significance at the 5 % or 1 % level. The A-B test confirms validity of the result both with and without 

controls, though the Hansen test of overidentifying restrictions show the instruments for the non-

linear regression without controls suffer from endogeneity. We obtain similar results on the main 

variables, when adding control variables as suggested by the extended Solow model (Mankiw, 

Romer, & Weil, 1992). The coefficients on HDI, inequality and squared inequality all become slightly 

stronger, for growth being -0.1305, for inequality 0.0225 and the squared variable -0.0003, all 

significant at the 1 % level. With an inequality at the sample average of around 41.7 a small negative 

effect of 0.1-0.3% on growth of a one Gini point increase is found. The top point of the curve, when 

holding all other variables constant are calculated as 38.5 and 37.5 with and without control variables 

respectively. Below those level, we would see a positive effect of increasing inequality, and above a 

negative effect. 

 

Overall, the results on HDI echo the main analysis, with mostly the same effects of inequality on 

welfare as the effects of inequality on economic growth. Similar results are quite intuitive as of course 

economic growth in the form of GNI is part of the HDI. However, human capital is also part of the 

HDI and we would therefore expect, at least when it is not included as a control variable, for the 

coefficient on inequality to be negative (Flug, Spilimbergo, & Wachtenheim, 1996). We do see a 

negative coefficient on inequality in the linear regressions, though not significant. Human capital in 

the two regressions does show a positive coefficient, with low z-scores however. The variable HDI is 

a bit ambiguous as it is an index formed from different variables, if we do not simply accept it as a 

perfect measure for welfare.  

 

The regression results for the non-linear effect found in the non-advanced sample are robust to fixed 

effects estimation, with the same signs on the coefficients and also being significant. This confirms 

the main result of some non-linear effect of inequality on welfare and economic growth. 

4.7 INCOME SHARES 

The Gini coefficient is perhaps the simplest and most efficient measure available for inequality in 

regression analysis. However, it does not provide a full picture of the income distribution as it is 

merely an index of how unequal a society is, and does not indicate the shape of the income 

distribution. In the above, the paper explores the general effect of inequality on the society, now we 

turn to how changes to parts of the income distribution affects economic growth. We do this by using 

income quintiles from the UNU-WIDER database, as proxies for income inequality.  
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4.7.1 Base regressions no control, non-advanced 

The regressions are run using the same model, with the same variables: 

 𝑙𝑛𝑦𝑖,𝑡 − 𝑙𝑛𝑦𝑖,𝑡−1 = 𝛼𝑙𝑛𝑦𝑖,𝑡−1 + 𝑋𝑖,𝑡−1𝛽 + 𝛾𝐼𝑛𝑒𝑞𝑖,𝑡−1 + 𝜇𝑖 + 𝜇𝑡 + 𝜖𝑖,𝑡 (35) 

As seen in Table 14 we run the system GMM regressions using all five quintiles and one where we 

provide an estimate of the income share for the middle class, which is the 3rd and 4th quintile added 

together.  

4.7.1.1 Table 14 with inequality proxied by income shares, no controls 

 (A) (B) (C) (D) (E) (F) 

Variables 1st Quintile 2nd Quintile 3rd Quintile 4th Quintile 5th Quintile Mid-Class 

𝐼𝑛𝑐𝑜𝑚𝑒 𝑆ℎ𝑎𝑟𝑒𝑠𝑡−1 
-0,0072 

(0,0252) 

-0.0002 

(0.0238) 

-0.0117 

(0.0101) 

-0.0087 

(0.0126) 

-0.0024 

(0.0028) 

-0.0060 

(0.0050) 

ln (𝐺𝐷𝑃/𝐶𝑎𝑝𝑖𝑡𝑎)𝑡−1 
0,0106 

(0,0252) 

0.0070 

(0.0238) 

-0.0166 

(0.0329) 

-0.0269 

(0.0219) 

-0.0205 

(0.0235) 

-0.1855 

(0.0281) 
       

Observations 504 502 502 502 506 502 

Countries 117 117 117 117 117 117 

Number of instruments 57 57 57 57 57 57 

       

Arellano-Bond test AR(2) 0.032 0.050 0.044 0.050 0.051 0.049 

Hansen statistic (p-val) 0.351 0.588 0.809 0.479 0.321 0.0641 

Dependent variable represented by ln(𝑦𝑡) − ln (𝑦𝑡−1) in all regressions, with y equal to real GDP per capita and t-(t-1) equal to a 5-

year period. Quintiles represent the percentage income shares of the population groups. Estimation done by system GMM two-step 

regression with robust standard errors. The AR(2) test, tests for autocorrelation in the errors, with null=no autocorrelation. Hansen tests 

for overidentifying restrictions. All regressions include time period dummies. *,**,*** denote 10 %, 5 % and 1 % significance levels. 

 

We find results confirming many of the points from the analysis on the Gini coefficient as inequality. 

One would expect based on the inequality theory, that the negative effects of inequality primarily 

stems from the lower class not being able to invest or access funds to innovate or increase human 

capital, or the political power being non-growth optimal, in extreme cases leading to coups etc. This 

would lead us to think positive coefficients on the bottom income shares would be likely. For 

coefficients on the top quintile it is hard to predict what the coefficient should be, as the channels 

through which inequality affects growth are mostly positive when looking at the top income share. 

High reward to investment should promote growth, along with thoughts from Kaldor (1957). 

However, a very rich top in the society can strengthen political conflicts and a higher income share 

for the top also means a lower income share for the bottom, and reverse, obscuring the interpretation 

of results. In the baseline regressions excluding controls, we find insignificant results for the 

coefficient on the income shares as seen in Table 14 for all quintiles. We get a negative coefficient for 

all quintiles, meaning increasing the share of income for any of the population groups decreases 
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economic growth. However, the high standard errors renders the coefficients meaningless and 

further the A-B tests renders the instruments invalid. The fixed effects robustness checks shows 

significant negative coefficients for quintile 1, 2 and 4, see Appendix 6, which may be due to 

problematics related to the fixed effects estimation see section 4.9.3. The fixed effects estimator for 

the regression using quintile 5’s income share results in a positive and significant coefficient, which 

does not harmonise with the results of the System GMM analysis. This result tells us that the effect 

Kaldor proposes (Kaldor, 1957) along with the Risk-reward effect (Lazear & Rosen, 1981) are quite 

strong in non-advanced countries. However, the fixed effects estimator is likely to be biased in an 

endogenous sample and further is found to overestimate significance in samples such as ours (Soto, 

2009). Nevertheless, there are problems with the significance of our instrument tests in the System 

GMM analysis and there may be reason to think the positive coefficient on the 5th quintile in the FE 

estimation is closer to the true parameter. 

  



Inequality’s Effect on Growth  15th of May 2018 

Page 83 of 112 
 

4.7.2 Adding control variables, non-advanced sample 

Adding control variables to the system GMM regression does not change much in the results as 

reported in Table 15. 

4.7.2.1 Regression Table 15 with inequality proxied by income shares including control variables 

 (A) (B) (C) (D) (E) (F) 

Variables 1st Quintile 2nd Quintile 3rd Quintile 4th Quintile 5th Quintile Mid-Class 

𝐼𝑛𝑐𝑜𝑚𝑒 𝑆ℎ𝑎𝑟𝑒𝑠𝑡−1 
-0.0086 

(0.0138) 

-0.0171 

(0.0153) 

-0.0252** 

(0.0116) 

-0.1453 

(0.0123) 

-0.0008 

(0.0033) 

-0.0104** 

(0.0052) 

ln (𝐺𝐷𝑃/𝐶𝑎𝑝𝑖𝑡𝑎)𝑡−1 
0.0361 

(0.0351) 

-0.0353 

(0.0405) 

-0.0076 

(0.0459) 

-0.0574** 

(0.0275) 

-0.0489* 

(0.0287) 

-0.0351 

(0.0342) 

𝐻𝑢𝑚𝑎𝑛 𝐶𝑎𝑝𝑖𝑡𝑎𝑙𝑡−1 
-0.0117 

(0.0185) 

0.0063 

(0.0172) 

-0.0049 

(0.0199) 

0.0177 

(0.0117) 

0.0087 

(0.0126) 

0.0093 

(0.0153) 

𝑃ℎ𝑦𝑠𝑖𝑐𝑎𝑙 𝐶𝑎𝑝𝑖𝑡𝑎𝑙𝑡−1 
-0.0034 

(0.0037) 

-0.0027 

(0.0034) 

-0.0031 

(0.0039) 

-0.0030 

(0.0043) 

-0.0014 

(0.0027) 

-0.0034 

(0.0035) 

𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝐺𝑟𝑜𝑤𝑡ℎ𝑡−1 
-0.4988 

(0.8221) 

-1.1474 

(0.6645) 

-0.5063 

(0.7752) 

-0.1627 

(0.6674) 

-0.4628 

(0.6360) 

-0.1039 

(0.6951) 
       

Observations 379 378 378 378 381 378 

Countries 87 87 87 87 87 87 

Number of instruments 56 56 56 56 56 56 

       

Arellano-Bond test AR(2) 0.088 0.197 0.172 0.147 0.126 0.125 

Hansen statistic (p-val) 0.174 0.260 0.362 0.280 0.210 0.305 

Dependent variable represented by ln(𝑦𝑡) − ln (𝑦𝑡−1) in all regressions, with y equal to real GDP per capita and t-(t-1) equal to a 5-

year period. Quintiles represent the percentage income shares of the population groups. Estimation done by system GMM two-step 

regression with robust standard errors. Instrument matrices on controls have been collapsed. The AR(2) test, tests for autocorrelation 

in the errors, with null=no autocorrelation. Hansen tests for overidentifying restrictions. All regressions include time period dummies. 

*,**,*** denote 10 %, 5 % and 1 % significance levels. 

 

We find that the convergence rates become significant in the regressions with the 4th and 5th quintile 

income groups. Further, we find a significant negative relation for the income share of the 3rd quintile 

and the middle class variable. This is in line with higher a Gini coefficient creating higher growth, as 

a lower income share for the middle class, usually means higher general inequality in society, which 

is then positive for growth. It is worth noting that the regressions including the control variables pass 

both tests for the instruments, confirming validity of the results. When looking at fixed effect results 

we see the same results when adding controls as without. Thus, we still see an inconsistency in the 

result on the richest quintile.  

 

Removing human capital or physical capital as controls in the system GMM regressions does not 

change signs on the coefficients for any income groups (we have not reported the results in the 
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paper). It does however, remove the significance on the income share term in the middle class and 

3rd quintile regressions. This could be due to the size of the middle class income share affecting 

growth positively through human capital and physical capital, and so the negative effect is only 

significant when including both kinds of capital as controls. 

4.7.3 Non-linear regression results, non-advanced sample 

The more interesting results when analysing the Gini coefficient came from the non-linear 

regressions. Here, a hump-shaped effect of inequality on growth was found. When researching a 

non-linear relationship for income share quintiles, we find some fairly interesting results when 

paired with the linear results. The system GMM regression results are reported in Table 16 below. 

All the regressions seem to be valid according to the Hansen and A-B tests. 

4.7.3.1 Non-linear-regression Table 16 with inequality proxied by income shares including control variables 

 (A) (B) (C) (D) (E) (F) 

Variables 1st Quintile 2nd Quintile 3rd Quintile 4th Quintile 5th Quintile Mid-Class 

𝐼𝑛𝑐𝑜𝑚𝑒 𝑆ℎ𝑎𝑟𝑒𝑠𝑡−1 
0.0964*** 

(0.0344) 

0.2387** 

(0.1000) 

0.1065 

(0.0985) 

0.0729 

(0.1517) 

0.0885** 

(0.0371) 

0.0852 

(0.0828) 

𝐼𝑛𝑐𝑜𝑚𝑒 𝑆ℎ𝑎𝑟𝑒𝑠𝑡−1
2  

-0.0098*** 

(0.0026) 

-0.0139** 

(0.0056) 

-0.0044 

(0.0037) 

-0.0018 

(0.0039) 

-0.0008** 

(0.0004) 

-0.0013 

(0.0012) 

ln (𝐺𝐷𝑃/𝐶𝑎𝑝𝑖𝑡𝑎)𝑡−1 
-0.0123 

(0.0404) 

-0.0663 

(0.0446) 

-0.0306 

(0.0385) 

-0.1936 

(0.0277) 

-0.0332 

(0.0375) 

-0.0365 

(0.0308) 
       

Observations 379 378 378 378 381 378 

Countries 87 87 87 87 87 87 

Number of instruments 57 57 57 57 57 57 

       

Arellano-Bond test AR(2) 0.445 0.648 0.401 0.073 0.609 0.298 

Hansen statistic (p-val) 0.255 0.065 0.196 0.187 0.075 0.197 

Dependent variable represented by ln(𝑦𝑡) − ln (𝑦𝑡−1) in all regressions, with y equal to real GDP per capita and t-(t-1) equal to a 5-

year period. Quintiles represent the percentage income shares of the population groups. Control variable coefficients on human capital, 

physical capital and population growth not shown. Instrument matrices on controls have been collapsed. Estimation done by system 

GMM two-step regression with robust standard errors. The AR(2) test, tests for autocorrelation in the errors, with null=no 

autocorrelation. Hansen tests for overidentifying restrictions. All regressions include time period dummies. *,**,*** denote 10 %, 5 % 

and 1 % significance levels. 

 

When looking at bottom inequality quintile 1 and 2, we find a significant hump shaped relationship, 

with a top point at 4.9 and 8.6 for quintile 1 and 2 respectively. This should be seen in relation to the 

sample averages of 5.7 and 9.9, making the simple linear negative coefficients on quintile 1 and 2 

more valid, as the majortity of the sample reported income shares above the top points. We note the 

simple linear results were insignificant with system GMM methods. This tells us in non-advanced 
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countries it is not optimal for the poorest population groups to have too large an income share. 

Perhaps due to Galor and Moav’s (2004) and Benhabib’s (2003) perspective that in developing 

countries it is important to ensure a few individuals have access to get education and invest in 

physical capital. Even though this entails a large low income group, it may yield the highest growth. 

The difference in significance for the non-linear relationship between bottom income shares and 

middle income shares, could stem from political unrest. Political unrest is more likely for people in 

the bottom income shares if they experience extreme poverty, with very low income shares. 

Therefore, an income floor is needed, creating the positive effect of raising their income share when 

it is very low. This effect would not be prevalent for the middle class.  

 

Lastly, the coefficient for both the linear and non-linear term on the 5th income share quintile is also 

significant, hinting at the importance for a rich upper class in developing countries. Furthermore, 

the top-point suggest that the significant positive coefficient found in the linear fixed effect analysis 

may be valid as the top-point is 55.3, higher than the sample average of 49.3. 

4.8 SUMMARY OF RESULTS 

From the analysis, we found some results that showed high significance and were deemed relevant, 

whereas others were insignificant or can to some degree be set aside due to significant test statistics 

on endogeneity. Below is a list of the key takeaways from the analysis. These results will be discussed 

in section 5. 

 

We find substantial evidence for an inverted u-shaped effect of inequality on economic growth as 

suggested by Benhabib (2003). The evidence comes from both system GMM and fixed effects 

estimation using; the Gini coefficient as proxy for inequality, income shares as proxy for inequality 

and for the regression using HDI as the dependent variable. 

 

We find little if any evidence for an interaction term between inequality and economic growth. 

  

We find a negative simple linear relationship between inequality and economic growth when we look 

system GMM regressions of the whole sample in line with IMF’s studies (Dable-Norris, Kochhar, 

Suphaphiphat, Ricka, & Tsounta, 2015) (Ostry, Berg, & Tsangarides, 2014) and somewhat consistent 

with Cingano (2014). However, when adding control variables all significant effects disappear. 

Further, fixed effects estimation reports positive significant results. Thus the overall picture is 

inconclusive. 
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We find some evidence for a positive linear relationship between inequality and growth when looking 

only at non-advanced countries. This is mostly evident from the fixed effects estimation, where we 

are somewhat skeptical towards the validity due to the expected high amount of type-I errors. Still, 

the positive effect of inequality is also evident in the income shares regression on the developing 

sample. Thus, we see some collective evidence that a positive effect exists for non-advanced 

countries. 

4.9 CRITIQUE OF REGRESSION METHODS 

4.9.1 Comparing two-step GMM results to one-step results 

GMM estimation requires a weighting matrix to function, which is chosen by the researcher to 

provide the most optimal results (Wooldridge, 2010). This can be done in several ways, in the above 

section two-step estimation was chosen involving a first regression as done by Arellano & Bover 

(1995), using the Stata command Xtabond2, see Appendix 7 (Roodman, 2009). Arellano & Bover 

uses the one-step System GMM regression to estimate the errors used in the weighting matrix for 

the two-step, which should provide the optimal estimator. In articles testing the efficiency and 

reliability of System GMM using mostly Monte Carlo methods, it is found that two-step System GMM 

underestimates the standard errors slightly and thereby may reject the null of no significance 

wrongly, and thereby create a Type I error (Soto, 2009) (Blundell & Bond, 1998). However, in theory 

the two-step estimator should be more efficient and optimal. In order to test that our results does 

not suffer from Type-I error or other bias relating to two-step system GMM we verify the results by 

running a One-step regression. The results do not differ in either coefficient sign or in respect to 

differing rejections of null hypothesis for variable coefficients. Actually, we find a mix of lower and 

higher z-values for the significance tests, with very limited variation in the coefficients themselves. 

This further proves the results of the analysis to be valid and robust to changes in the regression 

specification. As the one-step and two-step results are so similar, we only include the two-step results 

in this paper.  

4.9.2 Critique of the System GMM method 

First difference GMM has been criticised of having weak instruments (Blundell & Bond, 1998) 

(Roodman, 2009). To get around the weak instrument problem System GMM and level equations 

were introduced (Arellano & Bover, 1995) to create a GMM method capable of utilising internal 

instruments in an optimal way. This method has proved successful for large N samples and has been 

tested in a few econometric papers finding it can be more efficient and less biased than OLS and the 

within estimator (Soto, 2009). However, in some of the regressions in this paper the instruments fail 

exogeneity tests. Those which do not, are perhaps close to failing if we had set a confidence interval 
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for the test of 10% instead of 5%. In this paper, we have strived to stay true to the method and not 

meddle with the method to achieve better results, though system GMM due to its complexity offers 

this possibility. System GMM becomes complex when selecting the right instruments in terms of lags 

and which variables should have difference equation instruments, level equation instruments or 

both. This process requires a very keen knowledge of the assumptions behind the System GMM 

instruments, and whether the data variables fulfils these. It may be due to the assumptions making 

first difference and system GMM instruments valid, are not fulfilled for our data. We take comfort 

in that the data utilised in this paper is very similar to the data used in recent IMF studies (Dable-

Norris, Kochhar, Suphaphiphat, Ricka, & Tsounta, 2015) (Ostry, Berg, & Tsangarides, 2014). 

Nevertheless, regressions in this study have also shown to have a certain sensitivity to changes in 

specifications, questioning the robustness. When testing IMF’s code and data we also find their 

results are changing with smaller specification changes. Removing their redistribution variable, 

which is non-significant, makes the model fail both the Hansen test and the A-B test. This could 

suggest that we ought to have included redistribution in our paper.  

 

None of the empirical papers including (Cingano, 2014) argue for which lags are used as instruments 

in either level equations, difference equations or both creating a form of “black box” around the 

results. Brueckner and Lederman (2017) in their paper criticise the method of using past lags as 

instruments, exactly due to the instruments being weak. They argue that GMM estimates based on 

weak instruments gravitate towards OLS estimates biased downwards giving the general negative 

effect of inequality found in e.g. (Ostry, Berg, & Tsangarides, 2014). In their analysis they create an 

instrument for inequality based on filtering out GDP’s effect on inequality from the inequality 

variable, and then using a 2SLS regression to attain vastly different estimates. These estimates show 

positive coefficients on the Gini in a full country sample. The contradicting results begs further 

research into which regression methods can yield consistent unbiased results while providing 

transparency around the estimation. 

4.9.3 Issue with fixed effects estimation 

As outlined in section 4.3.7 we need to be cautious with the fixed effects estimates. The appealing 

property that country specific fixed effects are eliminated through the fixed effect transformation 

(Woolridge J. M., 2013) might be violated. In our case, time invariant characteristics are very likely 

present, things such as strength of institutions or whether the country is democratic could be 

examples. These effects are assumed somewhat time invariant, and therefore disappears in the fixed 

effects model. 
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It is also documented, that compared to first difference and system GMM estimation, the fixed effect 

estimator is know to cause a lot of Type-I errors, i.e, rejecting true null hypothesis. (Soto, 2009) In 

that case, it is likely that the results on the baseline regression using fixed effects is actually a type-I 

error. The fixed effects estimation suggests, that there is a positive and significant relationship 

between inequality and economic growth, but we need to show caution, as this could be a Type 1 

error. The true relationship might actually be no effect of inequality. However, when it comes to the 

proposed non-linear relationship from the fixed effects estimation, although this may also be a Type-

I error, the system GMM also reported a non-linear relationship. We therefore put more trust on the 

validity of this result. 

 

Another troublesome aspect is that we have a low T (time dimension) compared to N (country 

dimension). Wooldridge (2013) points out, that the fixed effects estimator is more sensitive to serial 

correlation and heteroscedasticity especially if T is small. (Woolridge J. M., 2013). Since we only have 

at maximum T=10 but most often around T=3-5, we are likely to suffer from this sensitivity. 

 

We should also take a moment to consider why our panel might be unbalanced. While an unbalanced 

panel does not have to be a problem, it can easily become so. One example is, when the reason we 

have no observation on a variable is correlated with the idiosyncratic error. Then the unbalanced 

panel causes problem. That is, just like we do not want inequality to be correlated with the 

idiosyncratic error, it is also a problem if there is a correlation between the missing inequality data 

and the idiosyncratic error. For example, there seems to be some correlation between low-income 

countries having scarce inequality data. This is fine if we can control for income, but what if 

inequality data is also correlated with another omitted variable that could cause bias? We should 

however not be concerned that the missing inequality data is correlated with the country fixed effects 

𝜇𝑖  as the fixed effect indeed allows for correlation between the explanatory variables and the 

unobserved fixed effects (Woolridge J. M., 2013). This also means it can be correlated with the 

“missing” inequality observation. It could be that non-functioning democracies are correlated with 

limited inequality data. 

5 DISCUSSION 

5.1 LINEAR EFFECTS OF INEQUALITY AND THE ROBUSTNESS OF ANALYSIS 

Looking at our baseline results, the most significant and interesting results stem from the analysis 

on the whole sample, not excluding any countries. Here we find significant negative coefficients on 

the Gini in all baseline regressions without controls. Including controls we find the same sign, but 
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no significance. Finding a negative effect of the Gini coefficient on economic growth, plays well in 

line with recent empirical literature using similar data and specifications (Cingano, 2014) (Dable-

Norris, Kochhar, Suphaphiphat, Ricka, & Tsounta, 2015) (Ostry, Berg, & Tsangarides, 2014). 

Specifically, these studies find a significant negative effect of inequality across all their regressions, 

showing a strong robustness to changes in control variables. The fixed effect analysis in this paper 

does not confirm these results though, as it finds a significant positive effect both with and without 

control variables. This combined with our lack of significance in the system GMM analysis with 

control variables questions the robustness of the consensus of a negative effect of inequality. 

Brueckner & Lederman’s study from 2017 is critical on the use of lagged values as instruments in the 

inequality specification that has become the norm. They find a significant positive effect of inequality 

on their full country sample though with their interaction term included they do see a negative overall 

effect of inequality for the median income country. 

 

The theoretical effect of inequality on economic growth goes through many channels as outlined in 

the literature review. Many of these channels are dependent on the institutions of a country or society 

in general behaving in a certain way. Accumulation of physical capital is less important in advanced 

economies where the financial markets function better and physical capital is plenty (Galor & Moav, 

2004). The extreme effects from inequality trough political measures are less prevalent in the 

advanced economies with solid institutions, where only the less obvious democratic effects remain 

(Alesina & Perotti, 1996). The effect inequality has on growth through human capital is likely 

prevalent in both advanced and non-advanced countries, but since advanced economies are more 

dependent on human capital it may be more important here (Galor & Moav, 2004). Brueckner & 

Lederman (2017) find a negative correlation between human capital and inequality in advanced 

countries and a positive in developing countries. The negative effect of inequality in the regressions 

without control variables may therefore be due to OMVB from human capital, as we find a significant 

positive effect of this when including it in the full country sample regression. 

 

The risk-reward framework of hard work and investment paying off when inequality is greater 

(Lazear & Rosen, 1981) may be a factor in all economies, but perhaps lessened in advanced 

economies where the living standard for both poor and rich are generally closer. This leads to the 

idea that inequality having a negative effect in a sample consisting of only advanced countries is very 

reasonable, as Cingano (2014) also finds. When analysing a full sample the effect from the theory is 

less obvious due to the different effects of inequality in countries of various development states 

(Galor & Zeira, 1993) as explained above.  
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This may be the reason for the inconclusive results found on the whole sample in this paper, and the 

contradictions between IMF papers and the World Bank paper. If most of the negative effect from 

inequality goes through the channel of human capital, then it is perhaps intuitive to lose significance 

of the Gini when controlling for human capital. Significance for the negative coefficient on the Gini 

in Ostry, Berg, & Tsangarides’ paper (2014) compared to the nonsignificance in this paper, may stem 

from the different methods in contatenating the data into 5-year datasets. Here, we have used the 

exact values for years available, interpolated for missing values and extrapolated 2 years out. IMF 

have taken the average for the year in interest and the 4 preluding years, with missing values simply 

not making it into the average. We do not deem either method superior. However there is a risk that 

averaging may smooth out the variable and therefore decrease its variance, perhaps decreasing 

standard errors in IMF’s regression, which can explain their hgiher significance level. 

 

This leads to the inconclusive results found in the baseline regressions on the non-advanced sample. 

No significance may have been found, though looking to the theory it is may be due to the different 

channels of inequality cancelling eachother out. Therefore, the insiginficance may be seen as a result 

in itself. It is hard to compare our results to the rest of empirical litterature, as no real attempt at 

creating a non-advanced or developing country sample for analysis on inequality has been made. The 

closest we get is perhaps the result from Brueckner & Lederman when they include an interaction 

term in their regression showing that in low income countries inequality has a positive effect, with 

the breaking point being at 3000USD PPP per capita. The median of our non-advanced sample data 

on PPP in 1970 is 2.026USD PPP per capita, meaning most countries in our sample is below their 

threshold. This validates the effect  of inequality that is not negative for the non-advanced sample 

for in this paper. 

 

The fixed effect estimates on the non-advanced sample of this paper show a positive significant 

coefficient, which is probably biased but is more likely than the fixed effects estimation on the full 

country sample. What supports this result of some positive influence of inequality on growth is the 

analysis on the income shares. Here a significant linear negative relation between the income share 

of the middle class and econonmic growth is shown. A lower income for the middle class can 

reasonably be translated to higher inequality in general. The evidence of mixed effects especially 

present for the non-advanced sample leads to the question of whether a non-linear effect is probable. 

5.2 THE NON-LINEAR EFFECT OF INEQUALITY 

5.2.1 Non-linear using the Gini as proxy for inequality 

When we looked at the non-linear specification 
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 𝑙𝑛𝑦𝑖,𝑡 − 𝑙𝑛𝑦𝑖,𝑡−1 = 𝛼𝑙𝑛𝑦𝑖,𝑡−1 + 𝑋𝑖,𝑡−1𝛽 + 𝛾1𝐼𝑛𝑒𝑞𝑖,𝑡−1 + 𝛾2𝐼𝑛𝑒𝑞𝑖,𝑡−1
2 + 𝜇𝑖 + 𝜇𝑡 + 𝜖𝑖,𝑡 (79) 

we found significant evidence, that the relationship between inequality and economic growth was 

indeed non-linear. Both the system GMM and the fixed effects estimation showed a positive and 

significant coefficient on the linear term, and a significant negative coefficient on the non-linear 

term. Especially the fixed effects estimation showed striking consistency between estimates from 

different set of controls and when adding advanced countries to the sample. The results show 

significant evidence for the proposed inverted u-shaped relationship of inequality’s effect on growth, 

as proposed by Benhabib (2003). When we changed the dependent variable to HDI, the inverted u-

shaped relationship was still evident from the system GMM regressions on the non-advanced 

sample. Thus, the same conclusion that some inequality is good for economic growth also applies in 

the case that some inequality is needed to maximize HDI improvement. Similarly, too high levels of 

inequality may hurt both GDP and HDI growth. 

 

Table 17 reports the calculated optimal Gini coefficients that ceteris paribus, produced the highest 

level of growth. 

 

Especially the fixed effects estimation produces optimums suggesting that the turning point is at a 

Gini coefficient above 53. If we look at the boxplot in section 4.2, we see that less than 25% of 

countries report Gini coefficients above 53 in all time periods. The only countries that on average 

over the time period report a Gini coefficient above 53 are: Comoros (56.9), Gambia (53.3), Haiti 

(54.0), Jamaica (57.2), Kenya (56.4), Lesotho (56.8), Namibia (65.7), Peru (53.7), Sao Tome and 

Principe (54.8), South Africa (62.1), Zambia (56.6) and Zimbabwe (53.6). It is thus very likely, that 

the evident non-linear effect could not be derived from a sample of OECD countries where none 

reported a Gini coefficient above 53, where Cingano (2014) found no evidence of non-linearity. Most 

advanced countries do indeed have Gini coefficients in the range 20-35 (see Figure 10 Gini 

Table 17: Optimum Gini suggested: With control Without controls 

𝑮𝑫𝑷 𝒈𝒓𝒐𝒘𝒕𝒉 𝒂𝒔 𝒅𝒆𝒑𝒆𝒏𝒅𝒆𝒏𝒕   

𝑁𝑜𝑛 − 𝑎𝑑𝑣𝑎𝑛𝑐𝑒𝑑 𝑠𝑎𝑚𝑝𝑙𝑒, 𝑆𝑦𝑠 𝐺𝑀𝑀 50.1 - 

𝑁𝑜𝑛 − 𝑎𝑑𝑣𝑎𝑛𝑐𝑒𝑑 𝑠𝑎𝑚𝑝𝑙𝑒, 𝐹𝑖𝑥𝑒𝑑 𝑒𝑓𝑓𝑒𝑐𝑡𝑠 53.7 54.4 

𝑊ℎ𝑜𝑙𝑒 𝑠𝑎𝑚𝑝𝑙𝑒, 𝐹𝑖𝑥𝑒𝑑 𝑒𝑓𝑓𝑒𝑐𝑡𝑠 54.6 54.7 

𝑯𝑫𝑰 𝒂𝒔 𝒅𝒆𝒑𝒆𝒏𝒅𝒆𝒏𝒕   

𝑁𝑜𝑛 − 𝑎𝑑𝑣𝑎𝑛𝑐𝑒𝑑 𝑠𝑎𝑚𝑝𝑙𝑒, 𝑆𝑦𝑠 𝐺𝑀𝑀 37.5 38.5 
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histogram) and it would be hard to spot a non-linear tendency in this range. In addition, our analysis 

suggested that adding advanced countries to the regressions with a non-linear specification only 

changed the results marginally. Still, the suggested optimum on the fixed effect sample was 

calculated slightly higher at 54.6 and 54.7 with and without controls. 

 

The system GMM regression on the non-advanced sample suggested a somewhat lower optimal level 

of inequality. Here the optimum was calculated at a Gini coefficient of 50.1. With this optimum, 

several additional countries report Gini coefficients higher than 50. As evident from the boxplot in 

Figure 11, a Gini coefficient of 50 is closer to the 3rd quartile than the 53-54 suggested by fixed effects. 

If the optimum is at 50, it is further evident from Figure 10, that we should get all 23 countries in 

this inequality group. If advanced countries were included in the sample, the system GMM regression 

did not find significant evidence for the non-linear relationship, once again highlighting that the 

non-linear effect applies to non-advanced countries. The main implication, both from the fixed effect 

and system GMM regressions, is that a majority of countries could increase inequality and achieve 

higher GDP growth as most countries report coefficient below the optimum. Given the non-linear 

effect, the channels through which inequality has positive effect on growth, such as savings 

accumulation (Kaldor, 1957) and incentives (Lazear & Rosen, 1981) are assumed dominating over 

the negative effects, such as lower human capital accumulation (Flug, Spilimbergo, & Wachtenheim, 

1996) or social & political instability (Alesina & Perotti, 1996) for most of these countries. This allows 

for higher inequality to increase growth for most of the countries in our sample. 

 

When looking at the optimal level on inequality if the dependent variable is HDI, we see a lower level. 

The regression on the non-advanced sample, had implied optimal Gini coefficients at 37.5 and 38.5 

with and without controls respectively. This value is below the mean Gini value across all time 

periods of 41.7, and evidently also just about the median value in most time periods as evident from 

the boxplot Figure 11. This has interesting implications. In the section above, we argued that most 

non-advanced countries had room to increase inequality. This is true, if the objective is to maximize 

GDP growth. It is not true if the objective is maximizing HDI. Here, about 50% of countries actually 

has too high inequality levels to maximize HDI improvements according to the calculated optimum.  

 

One reason for the lower optimal Gini value can be explained by the composition of HDI, which 

includes average life expectancy, standard of living and human capital. Income can be concentrated 

and possibly maximized at the top. Hypothetically, all income could fall to one person and still 

maximize total income in a country, compared to a case where income is more evenly spread. Income 

clearly needs to be spread to maximize all the three components of HDI. Especially with regards to 

human capital, we argued how this is maximized by spreading it across the population in the 
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literature review. It thus makes sense, that the optimal level of inequality is lower if the aim is to 

maximize HDI instead of income. Even clearer to maximize country life expectancy, it needs to be 

spread across the population. However, some inequality is still needed to ensure high growth, as 

income growth is certainly necessary to ensure high HDI. That could be the reason we also do not 

see a significant negative linear effect of inequality on HDI as reported in Table 13. Higher income 

ensures aspects such as quality education, better hospitals, and basic necessities all incorporated into 

the HDI measure. Therefore, while income is an implicit aspect of HDI, the important takeaway is 

that HDI allows for a broader based quality of life indication than income, which is maximized at 

lower inequality levels. 

 

It is somewhat puzzling that the non-linear effect only seems present for the non-advanced sample. 

Compared to earlier empirical studies, only Cingano (2014) included a non-linear term in is his 

regression and found no significant results (Cingano, 2014). Neither IMF or the World Bank included 

a non-linear specification. As proposed above, Cingano’s failure to spot the proposed non-linear 

relationship could be that the calculated optimum is at a high level of inequality, that no OECD 

country’s level of inequality is measured to be beyond this level. Another explanation, may very well 

be that the two samples have different characteristics and omitted variables. Some theories suggest 

that level of economic development (income level) can explain the different effect inequality has on 

growth (Galor & Moav, 2004) (Galor & Zeira, 1993). However, we find no significant effect on the 

interaction term between inequality and initial income level in almost all specifications. In one 

specification where we do find significance on the interaction, the marginal effect of increasing 

inequality at any income level can neither be determined positive or negative (see marginal effect 

interaction Figure 14). This is in sharp contrast to the World Banks finding of a significant negative 

interaction term (Brueckner & Lederman, 2017). We will elaborate this predicament a later section. 

 

It may still be, that there are characteristic differences other than income level, and perhaps 

endogenous to income level, that explain the difference in inequality’s effect in the two samples. For 

example, Galor and Moav (2004) suggest that in early economic development, it is physical capital 

accumulation that drives growth, more so than human capital. Even when human capital becomes 

feasible to accumulate (still at lower economic development levels), inequality promotes human 

capital too, as only few can afford it. Inequality therefore increase physical and human capital 

accumulation (Galor & Moav, 2004) (Kaldor, 1957), and so it makes sense that our non-advanced 

sample does not suggest a negative effect of inequality like our whole sample and Cingano (2014) 

suggest. It might even show a positive inequality coefficient as suggested by our fixed effects results. 

However, the positive effect of inequality, does not appear to be very robust, as it is not evident in 

our system GMM results, and can perhaps be explained by the notion that too high levels of 
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inequality leads to sociopolitical instability (Alesina & Perotti, 1996). Indeed, combining the effect of 

positive capital accumulation with instability from too high levels of inequality, would explain the 

evident non-linear effect of inequality for the developing sample. 

 

We can reason why the evident non-linear relationship in the non-advanced sample does not seem 

to hold for the whole sample. First, inequality may actually be dragging on growth through lower 

human capital investment for advanced countries (Galor & Moav, 2004) (Flug, Spilimbergo, & 

Wachtenheim, 1996). This is what is suggested by Cingano (2014). One could assume that generally 

advanced countries have stronger institutions and lower levels of political instability (Aisen & Veiga, 

2011) (Maplecroft, 2018) and very low levels of inequality compared to non-advanced countries (see 

histogram, Figure 10). Thus, additional negative effects from sociopolitical instability at high levels 

of inequality may never come in play, denying a non-linear effect to be evident from the regression 

results. 

5.2.2 Non-linear using income shares as proxy for inequality 

The non-linear effect found on the Gini for non-advanced countries is reaffirmed when we include 

the results from the analysis on income shares. Here a significant hump shaped effect exists for 

income share quintile 1, 2 and 5 of the income distribution. These results can be hard to interpret, as 

the relation between income shares and general inequality in society is complex. If we look at the top 

points and average income shares for the non-advanced sample in Table 18 it is apparent that for 

quintile 1 and 2 the averages are higher than the top points, and for quintile 5 it is below. 

Table 18 Quintile 1 Quintile 2 Quintile 5 

Non-linear top point 4.91 8.59 55.31 

Sample average 5.76 9.01 49.32 

 

The non-linear effect on quintile 1 and 2 can be somewhat justified through the theory. For the non-

advanced sample the channels through which inequality affects growth in the lower end of the 

income distribution are likely primarily political and to a lesser degree the risk-reward framework. 

Too low an income share may spark political unrest, private property insecurities, mass violence or 

coups all upsetting for economic growth (Alesina & Perotti, 1996). However, too high an income 

share will in relation to the risk reward framework lessen the incentive to invest and work hard for a 

better life (Lazear & Rosen, 1981).  

 

Further, a higher income share for the bottom would intuitively be good for human capital, as more 

parents can then afford to send their children to secondary schooling etc. However, in many 

developing countries, secondary and tertiary schooling is preserved for the middle class or even 
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mostly the upper class. This means a higher income share for the poorest could act as an 

appropriation of income away from the other income groups, who then cannot afford schooling. 

Actually higher inequality may spark a democratic effect leading to higher spending on public 

education and thereby increasing long-term growth (Saint-Paul & Verdier, 1993). Thus, we see the 

non-linear effect, that for the average bottom income shares in the non-advanced sample results in 

a positive effect of lowering the income share of the bottom.  

 

The opposite can be said for the richest quintile, where for the average top income share in the 

sample, raising the income share will spark an increase in growth. The non-linear effect for the 

income share of quintile 5 is justified from the theoretical inequality channels of Kaldor’s growth 

model, the risk reward framework and political aspects. Kaldor (1957) and Bourguignon (1981) find 

that the savings rate is a convex function of income, so that higher income in the upper end of the 

income distribution leads to more investment and thereby growth. This confirms some positive 

relation of the income share for the richest quintile, especially for the non-advanced sample, where 

financial markets are imperfect (Flug, Spilimbergo, & Wachtenheim, 1996) and physical capital may 

be a more important factor than human capital (Galor & Moav, 2004). The negative effect stemming 

from raising the top income share too much may stem from political pressures, where a society too 

unequal is not sustainable (Alesina & Perotti, 1996). Nonetheless, it seems this effect is weaker, since 

we see a top point much above the average. The non-linear effects for the income shares, present in 

the top and bottom where inequality is at its most defined, backs up the general conclusion of a hump 

shaped effect of the Gini coefficient on economic growth. 

5.3 INTERACTION TERM DISCUSSION 

The analysis showed little evidence of a proposed interaction term between income level and 

inequality as proposed by Galor and Zeira (1993) and specified by equation (80). 

 𝑙𝑛𝑦𝑖,𝑡 − 𝑙𝑛𝑦𝑖,𝑡−1 = 𝛼𝑙𝑛𝑦𝑖,𝑡−1 + 𝑋𝑖,𝑡−1𝛽 + 𝛾1𝐼𝑛𝑒𝑞𝑖,𝑡−1 + 𝜙𝐼𝑛𝑒𝑞𝑖,𝑡−1 ∗ 𝑙𝑛𝑦𝑖,1970 + 𝜇𝑖 + 𝜇𝑡 + 𝜖𝑖,𝑡 (80) 

That is, most results could not reject the null of 𝜙 = 0. Only in the case of fixed effects estimation on 

the non-advanced sample did we reject the null at 10% significance level as the estimation showed 

coefficients of 𝛾1 = −0.0223 and 𝜙 = 0.0033. However, when analyzing the estimations further and 

looking at Figure 14, it became clear that the marginal effect could not be determined either positive 

or negative at the income levels that our sample falls within in 1970. Thus, the collectively evidence 

clearly rejected the idea of the interaction term. This result contrasts the World Banks finding from 

2017. They found that high income countries was significantly hurt by higher inequality, whereas 

higher inequality was predicted to increase growth for low income countries (Brueckner & 

Lederman, 2017). However, there are major differences in our estimation method and the model we 
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set up, especially with regards to our instruments. Brueckner & Lederman (2017) instrument income 

inequality with the residual variation in income inequality that is not due to GDP per capita, 

recogninzing the reverse causality that income level influences inequality as suggested by Kuznets 

(1955). Our approach is to instrument inequality with lags to counter endogeneity. While the World 

Bank’s method could seem superior in removing endogeneity stemming from reverse causality, we 

can justify our method using the criticism of the Kuznets curve which was elaborate in the litterature 

review. It was elaborated, how the Kuznets curve was more fitting when explaining cross country 

differences, that high and low income countries would have low inequality, than describring the 

process of economic development and inequality within countries (Li, Squire, & Zou, 1998). Thus, 

despite the World Bank’s finding, we are not convinced that an interaction term belongs in the model. 

6 CONCLUSION 

This paper analyzed several functional forms of inequality’s effect on growth. The overall result show 

an ambiguous linear effect of inequality on growth using a non-advanced sample. The system GMM 

regressions did not establish any significant effects. This was evident when using both GDP and HDI 

as the dependent variable and altering the set of control variables. When changing the inequality 

proxy to income shares a positive effect was found. This result was not consistent for all income share 

quintiles, but only within the middle class.  The fixed effects estimation also showed some evidence 

of positive effects of inequality on growth, but again this result is not strong in validity due to the 

bias of fixed effects estimation. 

 

When changing the model specification to include a non-linear term of the inequality variable, we 

see evidence of a hump shaped effect across all specifications, methods and measures for the non-

advanced sample. The non-linear effect was present in both system GMM and fixed effects 

regressions. Altering the set of control variables had no substantial effect. The relationship was 

evident when changing the measure for economic growth from GDP to HDI, and the measure of 

inequality from the Gini coefficient to income shares.  

 

As this paper could not establish a simple linear effect of inequality on growth in non-advanced 

countries, it goes somewhat against the evidence suggested by other empirical studies. Ostry, Berg & 

Tsangarides (2014) on a sample consisting of both advanced and non-advanced countries find a 

negative relationship. Our full sample could to some degree confirm these results in the system GMM 

regression. When looking only at non-advanced countries we find no negative effect. Therefore, we 

do not believe a universally negative effect of inequality on growth across country income groups is 

present. Since we do find some evidence of a negative relation for our full sample but no effect in the 
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non-advanced sample, Cingano’s (2014) proposed negative effect in advanced countries is consistent 

with this paper. 

 

This paper offers new evidence to the inequality and growth literature. Our main contribution to the 

literature is the non-linear hump-shaped effect of inequality on growth in non-advanced countries. 

Despite other empirical studies distinguishing countries based on income level, no one exclusively 

analyze a non-linear effect of inequality on a sample of non-advanced countries.  

 

Further research should take note in the complexity of analyzing this topic. One should be very 

deliberate in choice of regression method, as we easily violate underlying assumptions. Applying 

system GMM seems reasonable in theory. However, in practice it is possible to manipulate and 

transparency is low. Future research should emphasize choices made on number of lags for 

instruments, choice of weighting matrix and endogeneity tests. Researchers should draw inspiration 

from Brueckner and Lederman (2017) in developing new instruments to handle endogeneity. A 

limitation of this study was concluding through which channels inequality affects growth. New 

empirical research could analyze, which inequality channels are prevalent in non-advanced countries 

compared to advanced countries. 
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8 APPENDICES 

8.1 APPENDIX 1 – IMF’S CLASSIFICAITON OF “ADVANCED ECONOMIES” 
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8.2 APPENDIX 2 – SELECTION CRITERIA TO BUILD VBA CODE 

The UNU-WIDER dataset has multiple income share observations for each year for all countries. 

Therefore we filtered the data using a VBA code, keeping only the highest quality datapoint for each 

country-year. We based the filter on the following quality proxies: 

1. Whether the inequality survey was based on income or consumption, with income being the 

preferred. 

2. The quality grade ascribed to the observation by UNU-WIDER 

3. The area of the country covered, be it all, urban or rural. All was preferred. 

4. Whether the survey was based on household or individuals. Household being preferred. 

Here, if several observations existed with equal parameters for the first quality proxy, we compared 

the observations using the second most important, and then the third and so on. 
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8.3 APPENDIX 3 - SIMPLE OLS EXAMPLE OF BIAS ARISING FROM MEASUREMENT ERROR 

If we consider a regression model: 

 𝑦 = 𝛽0 + 𝛽1𝑥1 + 𝛽2𝐺∗ + 𝑣 (A1) 

where x is an explanatory variable and G* is the true Gini coefficient. However, we can not obtain 

the true Gini coefficient so the best estimate is the 3.1 Solt Gini where we assume the Solt 3.1 Gini 

has a measurement error “e” as in: 

 𝐺 = 𝐺∗ + 𝑒 (A2) 

If we assume that if we were able to include the true G*, including G has no effect, i.e 

 𝐸(𝑦|𝑥1. 𝐺∗, 𝐺) = 𝐸(𝑦|𝑥1. 𝐺∗) = 𝛽0 + 𝛽1𝑥1 + 𝛽2𝐺∗ (A3) 

which is a rather harmless assumption since the true Gini coefficient is what we expect to have an 

impact on y (growth). We further assume v is uncorrelated G and G* meaning v is also uncorrelated 

with e. We can rewrite equation (A2) as 

 𝑒 = 𝐺∗ − 𝐺 (A4) 

where we assume e can be both positive, negative or zero but we assume 𝐸(𝑒) = 0. A standard 

assumption is that e is uncorrelated with 𝑥1 i.e 𝑐𝑜𝑣(𝑥1, 𝑒) = 0. There are two ways we can consider 

measurement error correlation with the Gini coefficient. Either e is uncorrelated with the observed 

G or the unobserved true G*. In the first case, 𝑐𝑜𝑣(𝐺, 𝑒) = 0 meaning 𝑐𝑜𝑣(𝐺∗, 𝑒) ≠ 0. Isolating G* in 

equaition (A4) and inserting in equation (A1) we get 

 𝑦 = 𝛽0 + 𝛽1𝑥1 + 𝛽2𝐺 + (𝑣 − 𝛽2𝑒) (A5) 

where the last term in parentheses is the collected error term. Since both e and v are uncorrelated 

with both 𝑥1 and G have zero mean, we know that 𝑣 − 𝛽2𝑒 is also uncorrelated with G and 𝑥1 and 

have zero mean. Thus our standard OLS assumption are still satisfied assuming 𝑥1  and G are 

uncorrelated, meaning we produce consistent estimator of 𝛽2. However, this estimate is less efficient 

since the variance or the error increases. If we take the variance of the error we get: 

 𝑉𝑎𝑟(𝑣 − 𝛽2𝑒) = 𝜎𝑣
2 + 𝛽2

2𝜎𝑒
2 (A6) 

Thus our variance of the error has increased by 𝛽2
2𝜎𝑒

2, producing less efficient estimators. 

 

If instead the measurement error is correlated with the observed Gini coefficient, the effect is 

different. If we rewrite (A2), we see that the observed Gini coefficient is the sum of the true plus the 

measurement error: 

 𝐺 = 𝐺∗ + 𝑒 (A7) 

It then follows that if 𝐶𝑜𝑣(𝐺∗, 𝑒) = 0, we must have that 𝐶𝑜𝑣(𝐺, 𝑒) ≠ 0. Specifically,  

 𝐶𝑜𝑣(𝐺. 𝑒) = 𝐸(𝐺𝑒) = 𝐸(𝐺∗𝑒) + 𝐸(𝑒𝑒) = 𝜎𝑒
2 (A8) 

since 𝐶𝑜𝑣(𝐺∗𝑒) = 𝐸(𝐺∗𝑒) = 0 . So we covariance between the observed Gini coefficient and the 

measurement error is exactly the variance of the measurement error. It is clear from equation (A8), 



Inequality’s Effect on Growth  15th of May 2018 

Page 105 of 112 
 

that our OLS assumptions will be challenged. Looking again at (A5), we see that the composite error 

is still 𝑣 − 𝛽2𝑒 , but this time the covariance between this error term and the explanatory Gini 

coefficient is no longer zero. In fact: 

 𝐶𝑜𝑣(𝐺𝑖𝑛𝑖, 𝑣 − 𝛽2𝑒) = −𝛽2𝐶𝑜𝑣(𝐺𝑖𝑛𝑖, 𝑒) = −𝛽2𝜎𝑒
2 (A9) 

From equation (A9), is is clear that the orthogonality condition 𝐸(𝑥𝑢) = 0 is violated. In this case 

our coefficient estimates of Gini’s effect on growth will thus be inconsistent because it can be shown 

that 

 𝑝𝑙𝑖𝑚(�̂�2) = 𝛽2 (
𝜎𝑟∗

2

𝜎𝑟∗
2 + 𝜎𝑒

2) (A10) 

Where r* is the linear projection error from: 

 𝐺∗ = 𝛿0 + 𝛿1𝑥1 + 𝑟∗ (A11) 

It is clear from (A10), that 0 < (
𝜎𝑟∗

2

𝜎𝑟∗
2 +𝜎𝑒

2) < 1, which means that 𝑝𝑙𝑖𝑚(�̂�2) < 𝛽2. Thus for positive 𝛽2, 

�̂�2 will underestimate 𝛽2while if 𝛽2is negative, �̂�2 will overestimate 𝛽2 (Woolridge J. M., 2013).  
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8.4 APPENDIX 4 - OMITTED VARIABLE BIAS EXAMPLE  

If we outline a simplified cross section version of our model to show the possible bias arising from 

OMVB in relation to the Gini: 

 𝑦 = 𝛽0 + 𝛽1𝐺𝐷𝑃 +  𝛽2𝑋 + 𝛽3𝐺𝑖𝑛𝑖 + 𝑣 (A12) 

where y is economic growth and X is our included set of control factors (either nothing or human 

and physical capital) and v is our error term. If we have an omitted variable, q, which has an effect 

on growth, then the true model specification ought to be; 

 𝑦 = 𝛽0 + 𝛽1𝐺𝐷𝑃 +  𝛽2𝑋 +  𝛽3𝐺𝑖𝑛𝑖 + 𝛾𝑞 +  𝑣 (A13) 

The way we deal with this issue is to include q in the error term. Specifically we can include it for the 

country specific error term in equation (35). Thus, our model becomes: 

 𝑦 = 𝛽0 + 𝛽1𝐺𝐷𝑃 + 𝛽2𝑋 + 𝛽3𝐺𝑖𝑛𝑖 + 𝑢 (A14) 

where 𝑢 = 𝛾𝑞 + 𝑣. We can easily see that our zero mean assumption 𝐸(𝑢) = 0 does not change the 

overall effect on the expected value of y. However, the endogeneity problem arises if we have 

correlation between q and explanatory variables. This is evident since if for example 𝐶𝑜𝑣(𝑞, 𝐺𝑖𝑛𝑖) ≠

0 → 𝐶𝑜𝑣(𝑢, 𝐺𝑖𝑛𝑖) ≠ 0. Specifically, if we assume “q” has a linear projection from all explanatory 

variables, meaning it can be explained by already included variables. 

 𝑞 = 𝛿0 + 𝛿1𝐺𝐷𝑃 + 𝛿2𝑋 + 𝛿3𝐺𝑖𝑛𝑖 + 𝑟 (A15) 

where 𝐶𝑜𝑣(𝐸𝑥𝑝𝑙𝑎𝑛𝑎𝑡𝑜𝑟𝑦 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 , 𝑟) = 0 and 𝐸(𝑟) = 0 Then we can insert (A15) into (A13) and get: 

 𝑦 = (𝛽𝑜 + 𝛾𝛿0) + (𝛽1 + 𝛾𝛿1)𝐺𝐷𝑃 + (𝛽2 + 𝛾𝛿2)𝑋 +  (𝛽3 + 𝛾𝛿3)𝐺𝑖𝑛𝑖 + (𝑣 + 𝛾𝑟) (A16) 

As we can clearly see, only the coefficients on the explanatory variables that are correlated with q will 

have bias. For example, if GDP and q are uncorrelated (𝛿1 = 0) means that the coefficient for GDP is 

just 𝛽1. However, if we assume Gini is correlated to q it is clear that this coefficient will be biased by 

𝛾𝛿3 (Wooldridge, 2010) (Woolridge, 2013).  
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8.5 APPENDIX 5 - IV ESTIMATION IN MATRIX FORM 

This appendix prove the identification and estimation of coefficient on endogenous variable. If we 

have a general version of equation (36) in section 3.5.1: 

 𝑦 = 𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 + ⋯ + 𝛽𝐾𝑥𝐾 + 𝑢 (A17) 

Where 𝑧1 is an instrumental variable candidate satisfying both assumptions in (37) and (38). We can 

identify 𝛽𝑗 in (A17) through population moments if certain conditions are satisfied. First if we rewrite 

(A17) into matrix format  

 𝑦 = 𝒙𝜷 + 𝑢 (A18) 

where 𝒙 = (1, 𝑥2, … , 𝑥𝐾)  and we have the exogenous instrument variable in a matrix 𝒛 =

(1, 𝑥2, … , 𝑥𝑘−1, 𝑧1), where the standard orthogonality conditions apply to (A18): 

 𝐸(𝒛′𝒖) = 0 (A19) 

That is, that the explanatory variables are independent of each other and exogenous, i.e. 𝐸(𝑢) = 0. If 

we multiply (A18) by z’ and take expectations, we get: 

 [𝐸(𝒛′𝒙)]𝜷 = 𝐸(𝒛′𝑦) (A20) 

Clearly, 𝐸(𝒛’𝒖) has disappeared because of the orthogonality condition (A19). Since 𝐸(𝒛’𝒙) is a K x K 

matrix, and 𝐸(𝒛’𝑦) is a K x 1 matrix, (A20) is a system of K linear equations with K unknowns 𝜷 =

(𝛽1, 𝛽2, … , 𝛽𝐾). (A20) holds if 𝐸(𝒛′𝒙) has full rank, meaning: 

 𝑟𝑎𝑛𝑘 𝐸(𝒛′𝒙) = 𝐾 (A21) 

Which means we have the solution: 

 𝜷 = [𝐸(𝒛′𝒙)]−1𝐸(𝒛′𝑦) (A22) 

The rank condition in (A21) is related to the rank condition on the matrix 𝑟𝑎𝑛𝑘 𝐸(𝒛′𝒛) = 𝐾. This 

holds if there is no perfect collinearity in z, meaning that no explanatory variable besides 𝑥𝑘 is a 

linear function of another. Then (A20) only holds if 𝑐𝑜𝑣(𝑧1, 𝑥𝑘) ≠ 0, meaning that 𝜃1 ≠ 0 in equation 

(39) from section 3.5.1. Thus, we need sufficient linear dependence between 𝑧1 and 𝑥𝐾 When these 

two conditions are satisfied we can then estimate 𝜷 consistently with equation (A22)  

�̂� = (𝑁−1 ∑ 𝒛′
𝒊𝒙𝒊

𝑁

𝑖=1

)

−1

(𝑁−1 ∑ 𝒛′
𝒊𝑦𝑖

𝑁

𝑖=1

) = (𝒁′𝑿)−1𝒁′𝒀 

where Z and X are N x K data matrices and Y is the N x 1 vector of dependent variable data points 

(Woolridge J. M., 2013). 
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8.6 APPENDIX 6 – FIXED EFFECTS INCOME SHARE REGRESSIONS 

8.6.1.1 Table A1, Fixed effects estimations, without controls 

 (A) (B) (C) (D) (E) (F) 

Variables 1st Quintile 2nd Quintile 3rd Quintile 4th Quintile 5th Quintile Mid-Class 

𝐼𝑛𝑐𝑜𝑚𝑒 𝑆ℎ𝑎𝑟𝑒𝑠𝑡−1 
-0.0130** 

(0.0055) 

-0.0119** 

(0.0048) 

-0.0109** 

(0.0047) 

-0.0071 

(0.0047) 

0.0034** 

(0.0014) 

-0.0049** 

(0.0024) 

ln (𝐺𝐷𝑃/𝐶𝑎𝑝𝑖𝑡𝑎)𝑡−1 
-0.1909*** 

(0.0265) 

-0.1965*** 

(0.0267) 

-0.1965*** 

(0.0267) 

-0.1939*** 

(0.0268) 

-0.1928*** 

(0.0265) 

-0.1954*** 

(0.0267) 
       

Observations 504 502 502 502 506 502 

Countries 117 117 117 117 117 117 

       

Prob > F 0.000 0.000 0.000 0.000 0.000 0.000 

Within R2 0.2530 0.2586 0.2571 0.2507 0.2545 0.2543 

Dependent variable represented by ln(𝑦𝑡) − ln (𝑦𝑡−1) in all regressions, with y equal to real GDP per capita and t-(t-1) equal to a 5-

year period. Estimation done by Fixed with robust standard errors. All regressions include time period dummies. *,**,*** denote 10 

%, 5 % and 1 % significance levels. 

8.6.1.2 Table A2, Fixed effects estimations, with controls 

 (A) (B) (C) (D) (E) (F) 

Variables 1st Quintile 2nd Quintile 3rd Quintile 4th Quintile 5th Quintile Mid-Class 

𝐼𝑛𝑐𝑜𝑚𝑒 𝑆ℎ𝑎𝑟𝑒𝑠𝑡−1 
-0.0188*** 

(0.0069) 

-0.0169*** 

(0.0060) 

-0.0134** 

(0.0061) 

-0.0032 

(0.0065) 

0.0041** 

(0.0018) 

-0.0048 

(0.0033) 

ln (𝐺𝐷𝑃/𝐶𝑎𝑝𝑖𝑡𝑎)𝑡−1 
-0.1871*** 

(0.0347) 

-0.1903*** 

(0.0346) 

-0.1901*** 

(0.0348) 

-0.1888*** 

(0.0351) 

-0.1884*** 

(0.0347) 

-0.1890*** 

(0.0349) 

𝐻𝑢𝑚𝑎𝑛 𝐶𝑎𝑝𝑖𝑡𝑎𝑙𝑡−1 
-0.0056 

(0.0152) 

-0.0039 

(0.0152) 

-0.0039 

(0.0153) 

-0.0037 

(0.0154) 

-0.0053 

(0.0151) 

-0.0041 

(0.0154) 

𝑃ℎ𝑦𝑠𝑖𝑐𝑎𝑙 𝐶𝑎𝑝𝑖𝑡𝑎𝑙𝑡−1 
0.0011 

(0.0015) 

0.0011 

(0.0015) 

0.0009 

(0.0015) 

0.0012 

(0.0015) 

0.0009 

(0.0015) 

0.0010 

(0.0015) 

𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝐺𝑟𝑜𝑤𝑡ℎ𝑡−1 
0.5895* 

(0.3438) 

0.6355* 

(0.3448) 

0.6421 

(0.3468) 

0.6679* 

(0.3493) 

0.5911* 

(0.3439) 

0.6578* 

(0.3483) 
       

Observations 379 378 378 378 381 378 

Countries 87 87 87 87 87 87 

       

Prob > F 0.000 0.000 0.000 0.000 0.000 0.000 

Within R2 0.2285 0.2334 0.2249 0.2122 0.2231 0.2173 

Dependent variable represented by ln(𝑦𝑡) − ln (𝑦𝑡−1) in all regressions, with y equal to real GDP per capita and t-(t-1) equal to a 5-

year period. Estimation done by Fixed with robust standard errors. All regressions include time period dummies. *,**,*** denote 10 

%, 5 % and 1 % significance levels. 
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8.7 APPENDIX 7 - STATA CODE FOR MAIN ANALYSIS SYSTEM GMM AND FIXED EFFECTS ESTIMATIONS 

xtset countrynumber year, delta(5) 

 

gen ln_gdp = log(gdppercapitaconstant2010us) 

gen ln_ppp = log(ppp_pwt71_2005_rgdpl) 

gen ln_pop = log(populationtotal) 

gen fd_gdp = ln_gdp - L.ln_gdp 

gen fd_ppp = ln_ppp - L.ln_ppp 

gen fd_pop = ln_pop - L.ln_pop 

gen gini_squirt = gini_disp_3_1*gini_disp_3_1 

 

keep if imfadvanced==0 

 

// System GMM Dev sample 

//  - Base, Gini 2 lags, Y 3 lags 

xtabond2 fd_gdp L.ln_gdp L.gini_disp_3_1 i.year, gmm(L.ln_gdp, lag(1 3) eq(diff)) 

gmm(L.gini_disp_3_1, lag(1 2) eq(diff)) gmm(L.gini_disp_3_1, lag(1 2)  eq(level)) iv(i.year) 

twostep h(2) robust 

 

// - Base 2, Gini 2 lags, Y 1 lag. 

xtabond2 fd_gdp L.ln_gdp L.gini_disp_3_1 i.year, gmm(L.ln_gdp, lag(1 1) eq(diff)) 

gmm(L.gini_disp_3_1, lag(1 2) eq(diff)) gmm(L.gini_disp_3_1, lag(1 2)  eq(level)) iv(i.year) 

twostep h(2) robust 

 

// - Base 3, Gini 1 lag, Y 1 lag. 

xtabond2 fd_gdp L.ln_gdp L.gini_disp_3_1 i.year, gmm(L.ln_gdp, lag(1 1) eq(diff)) 

gmm(L.gini_disp_3_1, lag(1 1) eq(diff)) gmm(L.gini_disp_3_1, lag(1 1)  eq(level)) iv(i.year) 

twostep h(2) robust 

 

// - Quadratic, Gini2, Y1 

xtabond2 fd_gdp L.ln_gdp L.gini_disp_3_1 L.gini_squirt i.year, gmm(L.ln_gdp, lag(1 1) eq(diff)) 

gmm(L.gini_disp_3_1 L.gini_squirt, lag(1 2) eq(diff)) gmm(L.gini_disp_3_1 L.gini_squirt, lag(1 

2)  eq(level)) iv(i.year) twostep h(2) robust 

 

// - PPP PWT, Gini2, Y1 
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xtabond2 fd_ppp L.ln_ppp L.gini_disp_3_1 i.year, gmm(L.ln_ppp, lag(1 1) eq(diff)) 

gmm(L.gini_disp_3_1, lag(1 2) eq(diff)) gmm(L.gini_disp_3_1, lag(1 2)  eq(level)) iv(i.year) 

twostep h(2) robust 

 

// Interaction with PPP PWT, Gini2, Y1 

xtabond2 fd_ppp L.ln_ppp L.gini_disp_3_1 L._interaction i.year, gmm(L.ln_ppp, lag(1 1) eq(diff)) 

gmm(L.gini_disp_3_1 L._interaction, lag(1 2) eq(diff)) gmm(L.gini_disp_3_1 L._interaction, lag(1 

2)  eq(level)) iv(i.year) twostep h(2) robust 

 

// Extended, Gini 2 lags, Y 1 lags, X 1 lag. 

xtabond2 fd_gdp L.ln_gdp L.gini_disp_3_1 L.barroleeaverageyearsoftotalschoo 

L.grossfixedcapitalformationofgdp fd_pop i.year, gmm(L.ln_gdp 

L.barroleeaverageyearsoftotalschoo L.grossfixedcapitalformationofgdp L.fd_pop, lag(1 1) eq(diff)) 

gmm(L.barroleeaverageyearsoftotalschoo L.grossfixedcapitalformationofgdp L.fd_pop, lag(1 1) 

eq(level)) gmm(L.gini_disp_3_1, lag(1 2) eq(diff)) gmm(L.gini_disp_3_1, lag(1 2)  eq(level)) 

iv(i.year) twostep h(2) robust 

 

// Extended, Gini 1 lags, Y 1 lags, X 1 lag. 

xtabond2 fd_gdp L.ln_gdp L.gini_disp_3_1 L.barroleeaverageyearsoftotalschoo 

L.grossfixedcapitalformationofgdp fd_pop i.year, gmm(L.ln_gdp 

L.barroleeaverageyearsoftotalschoo L.grossfixedcapitalformationofgdp L.fd_pop, lag(1 1) eq(diff)) 

gmm(L.barroleeaverageyearsoftotalschoo L.grossfixedcapitalformationofgdp L.fd_pop, lag(1 1) 

eq(level)) gmm(L.gini_disp_3_1, lag(1 1) eq(diff)) gmm(L.gini_disp_3_1, lag(1 1)  eq(level)) 

iv(i.year) twostep h(2) robust 

 

// Quadratic, Gini2, Y1, X1 

xtabond2 fd_gdp L.ln_gdp L.gini_disp_3_1 L.gini_squirt L.barroleeaverageyearsoftotalschoo 

L.grossfixedcapitalformationofgdp fd_pop i.year, gmm(L.ln_gdp 

L.barroleeaverageyearsoftotalschoo L.grossfixedcapitalformationofgdp L.fd_pop, lag(1 1) eq(diff)) 

gmm(L.barroleeaverageyearsoftotalschoo L.grossfixedcapitalformationofgdp L.fd_pop, lag(1 1) 

eq(level)) gmm(L.gini_disp_3_1 L.gini_squirt, lag(1 2) eq(diff)) gmm(L.gini_disp_3_1 

L.gini_squirt, lag(1 2)  eq(level)) iv(i.year) twostep h(2) robust 

 

// Quadratic, Gini2, Y1, X1, Collapsed instruments 

xtabond2 fd_gdp L.ln_gdp L.gini_disp_3_1 L.gini_squirt L.barroleeaverageyearsoftotalschoo 

L.grossfixedcapitalformationofgdp fd_pop i.year, gmm(L.ln_gdp, lag(1 1) eq(diff)) 
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gmm(L.barroleeaverageyearsoftotalschoo L.grossfixedcapitalformationofgdp L.fd_pop, lag(1 1) 

collapse eq(diff)) gmm(L.barroleeaverageyearsoftotalschoo L.grossfixedcapitalformationofgdp 

L.fd_pop, lag(1 1) collapse eq(level)) gmm(L.gini_disp_3_1 L.gini_squirt, lag(1 2) eq(diff)) 

gmm(L.gini_disp_3_1 L.gini_squirt, lag(1 2)  eq(level)) iv(i.year) twostep h(2) robust 

 

// ExtendedPPP, Gini2, Y1, X1. 

xtabond2 fd_ppp L.ln_ppp L.gini_disp_3_1 L.barroleeaverageyearsoftotalschoo 

L.grossfixedcapitalformationofgdp fd_pop i.year, gmm(L.ln_ppp 

L.barroleeaverageyearsoftotalschoo L.grossfixedcapitalformationofgdp L.fd_pop, lag(1 1) eq(diff)) 

gmm(L.barroleeaverageyearsoftotalschoo L.grossfixedcapitalformationofgdp L.fd_pop, lag(1 1) 

eq(level)) gmm(L.gini_disp_3_1, lag(1 2) eq(diff)) gmm(L.gini_disp_3_1, lag(1 2)  eq(level)) 

iv(i.year) twostep h(2) robust 

 

// Interaction, Gini2, Y1, X1, Collapsed instruments 

xtabond2 fd_ppp L.ln_ppp L.gini_disp_3_1 L._interaction L.barroleeaverageyearsoftotalschoo 

L.grossfixedcapitalformationofgdp fd_pop i.year, gmm(L.ln_ppp, lag(1 1) eq(diff)) 

gmm(L.barroleeaverageyearsoftotalschoo L.grossfixedcapitalformationofgdp L.fd_pop, lag(1 1) 

collapse eq(diff)) gmm(L.barroleeaverageyearsoftotalschoo L.grossfixedcapitalformationofgdp 

L.fd_pop, lag(1 1) collapse eq(level)) gmm(L.gini_disp_3_1 L._interaction, lag(1 2) eq(diff)) 

gmm(L.gini_disp_3_1 L._interaction, lag(1 2)  eq(level)) iv(i.year) twostep h(2) robust 

 

// Extended, Gini 2 lags, Y 1 lags, X 1 lag , Leaving HC out 

xtabond2 fd_gdp L.ln_gdp L.gini_disp_3_1 L.grossfixedcapitalformationofgdp fd_pop i.year, 

gmm(L.ln_gdp L.grossfixedcapitalformationofgdp L.fd_pop, lag(1 1) eq(diff)) 

gmm(L.grossfixedcapitalformationofgdp L.fd_pop, lag(1 1) eq(level)) gmm(L.gini_disp_3_1, lag(1 

2) eq(diff)) gmm(L.gini_disp_3_1, lag(1 2)  eq(level)) iv(i.year) twostep h(2) robust 

 

// Extended, Gini 2 lags, Y 1 lags, X 1 lag, Leaving PC out 

xtabond2 fd_gdp L.ln_gdp L.gini_disp_3_1 L.barroleeaverageyearsoftotalschoo fd_pop i.year, 

gmm(L.ln_gdp L.barroleeaverageyearsoftotalschoo L.fd_pop, lag(1 1) eq(diff)) 

gmm(L.barroleeaverageyearsoftotalschoo L.fd_pop, lag(1 1) eq(level)) gmm(L.gini_disp_3_1, lag(1 

2) eq(diff)) gmm(L.gini_disp_3_1, lag(1 2)  eq(level)) iv(i.year) twostep h(2) robust 

 

// Fixed effect baseline with controls 

xtreg fd_gdp L.ln_gdp L.gini_disp_3_1 L.barroleeaverageyearsoftotalschoo 

L.grossfixedcapitalformationofgdp fd_pop i.year, fe robust 
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//  Fixed effect baseline without controls 

xtreg fd_gdp L.ln_gdp L.gini_disp_3_1 i.year, fe robust 

 

//  Fixed effects baseline with GIni squirt. 

xtreg fd_gdp L.ln_gdp L.gini_disp_3_1 L.gini_squirt i.year, fe robust 

 

//  Fixed effects baseline with GIni squirt. With control 

xtreg fd_gdp L.ln_gdp L.gini_disp_3_1 L.gini_squirt L.barroleeaverageyearsoftotalschoo 

L.grossfixedcapitalformationofgdp fd_pop i.year, fe robust 
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Executive summary 
The debate on inequality has intensified during recent years, especially in the aftermath of the 

financial crisis. No longer are only the political and ethical aspect of inequality being debated. The 

effect of inequality on economic growth has become a rising concern. The theoretical literature 

demonstrates many channels of how inequality affects growth, which indicates the complexity of the 

field. The channels include human and physical capital accumulation, political implications and a 

risk-reward framework. Consequently, the empirical studies find very diverse conclusions depending 

on analyzed effects and analysis method.  

This research paper takes an econometric approach to find the overall effect of inequality on economic 

growth in emerging markets. The paper adopts a modified version of the method used by Cingano 

(2014) in his analysis of OECD countries. We analyze the time period of 1970-2010, using panel data 

regression with fixed effects.  

Our research finds evidence that inequality promotes economic growth in emerging markets with a 

linear relation. The positive effect of inequality proves robust when using the control variables of 

human and physical capital. We also find evidence of an inverted u-shaped non-linear effect of 

inequality.  

In the light of the theoretical base, the results suggest that the effect of inequality depends highly on 

the stage of economic development. The results may suggest a dominant effect of physical capital 

accumulation in driving growth for emerging countries. It implies that higher inequality intensifies 

capital accumulation, which promotes growth.  

We need to be careful with inference and drawing policy implications from the results. As we analyze 

the overall effect of net inequality, we cannot conclude on the effect of redistribution or predict effects 

of single countries’ policy adjustments. Lastly, we acknowledge that the choice of regression model 

poses certain limitations to the validity of the results. 
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1. Introduction 
The study of inequality has many aspects. One of the reasons inequality has been a major concern for 

policymakers worldwide is the consequences of rising inequality. As Cingano (2014) notes, the 

inequality in OECD countries is at its highest in 30 years, while the inequality trends have been more 

mixed in emerging and developing countries (Ostry, Berg, & Tsangarides, 2014). One aspect is 

ethical arguments on how to distribute wealth and inequality of opportunity. Another is how high 

inequality have caused concerns about social and political instability that could fuel populist and 

protectionist agendas hurting the country (Cingano, 2014). 

Other concerns have risen, especially in the aftermath of the financial crisis: What are the effects of 

inequality on the economic development and economic growth? Is it optimal to have so few, own so 

much of the world’s wealth and income? These questions have been a rising concern on the 

international agenda and have become a highly debated issue for policymakers worldwide. Even the 

United States President, Barack Obama, has stated that inequality is the “defining challenge of our 

time” (Newell, 2013).  

The debate has also been intensified by prominent voices within the inequality debate, such as Nobel 

Prize winning economist Joseph Stiglitz and economist Thomas Piketty with his work “Capital in the 

Twenty-First Century”. Joseph Stiglitz has been a strong voice criticizing the rising inequality in the 

U.S. He argues that such mechanisms as trickle-down economics i.e. that making the rich even richer 

will “trickle down” to the population because of higher growth does not work. He also points out how 

the rising inequality hurts both living standards, the social mobility and the economy (Stiglitz, 2012).  

However, the debate and aspects of inequality leads to very different conclusions. Many laissez-faire 

economists have argued for inequality as a catalyst for economic growth. Theoretical literature (Cole, 

2008) and some recent empirical literature confirms this relation under certain circumstances (Barro 

R. J., 2000) (Li, Squire, & Zou, 1998). Other studies have shown the opposite relation, that is, higher 

inequality tends to hurt economic growth in line with Stiglitz and Piketty’s thoughts (Alesina & 

Perotti, 1996) (Cingano, 2014) (Ostry, Berg, & Tsangarides, 2014).  

The complexity of the field might explain exactly the very inconclusive research. First, inequality 

measures are far from perfect. While the Gini coefficient is one of the strongest measures of 

inequality, it still has weaknesses in determining the distribution of income (Maio, 2007). 

Additionally, the Gini coefficient can be measure for both market and net inequality (that is after 

redistribution) in the country.  
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The theoretical base of inequality’s effect on growth show several channels where the level of 

inequality has an impact. Inequality affects growth through education, capital accumulation, social 

unrest and initiative and reward. The empirical research seems to confirm the many different 

channels’ importance in showing the effect of inequality. These channels and effects are outlined in 

the literature review. The literature also indicates that not only can inequality affect the economy in 

different ways, the effect can also be dependent on the country’s level of economic development 

(Galor & Moav, 2004). Even more complexity arise when a non-linear relationship is suggested, that 

is, there is an optimal level of inequality that yields the highest growth rates. The subject is therefore 

highly complex and consequently hard to find a uniform conclusion to. 

1.1. Research objective and motivation 

This research paper acknowledge the importance of the field and tries to analyze the overall effect of 

inequality on economic growth in emerging markets. We use the growth model as defined by Cingano 

(2014) to run a regression showing the impact of the level of inequality on economic growth during 

the next 5 years. While Cingano researched OECD countries, we focus our research on emerging 

markets. We thus try to analyze the effect of inequality in a broad panel of emerging markets to see 

if the effect is similar to the findings of Cingano (2014) on developed OECD countries.  

Our motivation for writing this thesis is the said rising inequality of the OECD countries, which 

Denmark is a part of. As Danes, equity and equal prosperity and opportunity for everyone is 

something very much ingrained in our mindset. However, even though decisions on inequality is in 

many ways an ethical question of beliefs, a firm background of objective knowledge helps to take the 

right stance. Further, we have grown up in the midst of the financial crisis, where the discourse have 

been targeting inequality, poverty and the imperfectness of capitalism. Having both just finished 

introductory econometric courses, finding an objective answer to whether inequality is good or bad 

for growth was an obvious choice of subject. 

1.2. Research Statement 

The above introduction gives rise to several questions related to the relation between inequality and 

growth in emerging markets. The focus of this research paper is to answer the following question:  

What are the trends in income inequality and how does it affect economic growth in emerging 

economies? 

We will supplement the research statement with a few sub-questions in order to structure and guide the 

paper: 
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 Through which channels can inequality affect economic growth? 

 Is the OLS method optimal for the regression? What are the limitations and are there 

 alternatives? 

Can we observe empirical differences between Cingano’s (2014) results on OECD 

countries and emerging markets and can these be explained through economic 

theory? 

The following section outlines the main results. 

1.3. Trends in income inequality 

The analysis finds no clear trend in the evolution of inequality in the sample from 1970 to 2010. 

Although the sample average Gini coefficient is decreasing in all periods except from 1990 to 1995, 

the sample average has only changed from 43.43 in 1970 to 40.07 in 2010 (see figure 3). Further, 27 

countries saw a rising Gini coefficient from their first available observation to 2010 while only 21 

saw a falling Gini coefficient (see figure 4) 

When we look at the current inequality as of 2010, we see a higher average Gini coefficient in the 

emerging economies than that observed by Cingano (2014) for OECD countries. The average Gini 

coefficient for emerging markets is 40 and for OECD it is 32. The median Gini coefficient is 39. The 

Gini coefficient seems to be normally distributed around the mean (see figure 5). The 50 % middle 

observations, the 2nd and 3rd quantile, lies between 33 and 45, again supporting the normal distribution 

(see figure 6).   

1.4. Main findings 

First, higher inequality measured by the Gini coefficient promotes economic growth for emerging 

markets, controlling only for the level of GDP per capita. These results contrast the findings of IMF’s 

and OECD’s studies on inequality and growth. The findings are consistent when adding control 

variables for human capital and physical capital in the country. Actually, when using these control 

variables, the positive effect of inequality on growth becomes even stronger.  

Second, when using not just one but two lags for the Gini coefficient, similar results emerge. The 

regression shows that the second lag has significant positive effect on growth, while the first lag also 

shows positive effect, although insignificant. However, when testing for joint significance between 

both lags we find that there is a joint significance and thus positive effect on growth. This result is 

consistent when adding control for human and physical capital.  
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Third, the analysis finds some evidence for a non-linear relationship as described by Benhabib (2003). 

The regression shows a positive coefficient on Gini and a negative coefficient on Gini2 suggesting a 

non-linear relationship, but we find no clear significance. However, when controlling for human and 

physical capital we see a highly significant non-linear relationship. The coefficients suggest that the 

optimal point for inequality yielding the highest growth lies at 50.  

When using income shares as the measure for inequality, this analysis also finds results very contrary 

to the analysis of Cingano (2014).  

First, when looking at bottom income shares in the population, that is the 1st decile and 1st and 2nd 

quintile, our analysis suggests a negative relationship between the rising bottom income shares and 

inequality. Only the very poorest income group, the 1st decile, shows significance at a 10 % level 

while the 1st and 2nd quintile show significance on a 5 % level. This suggests, very contrary to 

Cingano’s (2014) analysis on OECD countries, that if the poorest in the country gain a higher income 

share out of the total income, it hurts economic growth. 

Secondly, when looking at the top income shares, a positive relation between higher income shares 

in the top yields higher growth. Together with the negative relation found when looking at bottom 

income shares, it suggests that concentrating income among the top income groups yields the highest 

growth rates during the subsequent 5 years.  

Overall, these results are in great contrast with earlier findings. They both contrast the finding of 

Cingano (2014) on OECD countries and by Ostry, Berg, & Tsangarides (2014) on both OECD and 

non-OECD countries.  

1.6 Limitations 

We acknowledge certain limitations to the research. First, this thesis will limit itself to a quantitative 

analysis of emerging markets outside of the lowest income group as defined by the IMF (IMF, 2015). 

In doing this we are not disregarding the effects of inequality in the poorest countries of the world or 

the richest, only limiting the scope of the analysis to fit a Bachelor’s and to achieve better results. 

When comparing the effects of inequality to developed countries we will look to the OECD paper by 

Cingano (2014). 

Second, the reliability of inequality measures are to a great extent scarce and unreliable. While Solt 

(2014) has done work to standardize inequality data so it can be compared cross-country, one should 

still be cautious, and acknowledge the imperfect comparability. We utilize Solt’s measure for net 
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inequality. While this allows us to conclude on the net effect of inequality we do not discern the 

effects of inequality before and after redistribution. Additionally, we have only found evidence on 

overall tendencies within a broad panel of emerging markets. Caution should be practiced when 

drawing conclusions on the effect of a certain policy implication for a single country. That is, for 

some countries, pursuing higher inequality does not necessarily lead to higher growth.  

Third, we limit this paper to accommodate our level in econometrics and statistics in terms of the 

quantitative analysis. Here the regressions method used is well knowingly incomplete and does not 

satisfy the demands of the current literature in the field. Further, the robustness tests on models and 

data analysis will be at a basic level, which will be satisfying for the scope in terms of time and 

knowledge of a Bachelors thesis. 

1.7 Structure of the paper 

The remainder of this research paper is organized as follows. The literature review outlines first the 

theoretical relationships that can be derived between inequality and economic growth followed by 

empirical research of different varieties. The methodology section illustrates our approach, regression 

model, method, data collection, critique and formation.  The results & analysis section present the 

research results, while we in the discussion discuss the analysis conducted, the implications for policy 

makers and the limitations of the study. Finally, the conclusion sums up the findings.  

2. Literature Review 
A significant amount of both theoretical and empirical literature has attempted to conclude whether 

inequality has a positive or negative effect on economic growth. Theory has developed several 

frameworks on how inequality is likely to influence the economy both positively and negatively. The 

frameworks include aspects such as physical and human capital accumulation, political & social 

unrest and risk-seeking behavior.  The empirical research conducted on these frameworks points in 

different directions and finds no definite conclusion whether inequality hurts or facilitates economic 

growth. However, the choice of regression method, time-scope and the stage of economic 

development in the country can help explain the differences in findings. The following literature 

review seeks to highlight how inequality theoretically affects economic growth, and whether the 

theories have found supporting empirical evidence. 

2.1 Theoretical literature: 
Theoretical frameworks of the effect of inequality enables empirical research that either proves or 

disproves the theoretical effects. The frameworks help explain empirical findings provides face 
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validity. The following paragraphs will provide a background for the theoretical implications of 

inequality and the channels through which inequality may affect economic growth. It will serve as 

the basis for understanding the results achieved in the analysis and help discuss these, by providing 

possible explanations for the quantitative results.  

Each paragraph will work through a paper and/or theoretical channel for inequality and explain it 

shortly. This section of the thesis will give an introduction to Kuznet’s (1955) curve of inequality’s 

evolution in a country. Lazear and Rozen’s (1981) workers-compensation framework related to 

inequality in the society. Galor and Moav’s (2004) inequality framework relating to stages in the 

economic development. Kaldor’s (1955) physical capital economic theory. Bertola (1993) and 

Tabellini and Persson’s (1994) thoughts and research within inequality and political power. Lastly, 

Benhabib (2003) argues for a theoretical non-linear relationship between inequality and growth. 

2.1.1. Evolution of inequality in a country – The Kuznets curve 

In 1955, Simon Kuznets published his works on the relation between inequality and economic 

development. In this paper, he proposed the inverted U-shaped relationship between inequality and 

economic development. The theoretical relationship is founded in the movement of workers from the 

agricultural sector into the industrial/urban sector. Initially, the economy is assumed to be largely 

dominated by the agricultural sector. The economy has low income per capita and a small degree of 

inequality with only a smaller industrial sector defined with higher income per capita and a higher 

degree of inequality. In early economic development, when people move from the agricultural to the 

industrial sector income rises but so does inequality. Not only is there a big income difference 

between workers in agriculture and industry, but also internally within the industrial sector. Thus, in 

early economic development, we see a positive relationship between GDP per capita and inequality. 

However, as the economic development continues and most workers move into the richer industrial 

sector, the agricultural sector contracts, driving up wages in agriculture. Furthermore, as the industrial 

sector develops, workers who started in the bottom of the industrial sectors move up relative to richer 

workers in the sector. These aspects cause inequality in the economy to diminish while the economy 

develops. Overall, inequality rises until a certain point of economic development, where inequality 

diminishes (Kuznets, 1955). Figure 1 below illustrates the Kuznets curve. 
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The Kuznets curve found strong empirical 

evidence in the 1970s (Ahluwalia, 1976). 

However, later research have shown that 

the Kuznets curve is a better fit for 

describing the relation between inequality 

and GDP per capita in a cross section of 

countries at a point in time, rather than for 

a single country’s economic development 

(Li, Squire, & Zou, 1998). They looked at 112 developed and developing nations and concluded that 

inequality variations across countries fits the theory of the Kuznets curve. Additionally, they found 

that very few countries showed a significant time trend in inequality (Li, Squire, & Zou, 1998).  

2.1.2. Physical capital accumulation and growth 

Kaldor’s simple model for economic growth outline saving and capital accumulation as one of the 

primary drivers for growth. In relation, inequality allows capital to concentrate among a few rich 

people in the population. The consequence is higher capital accumulation translating to higher 

economic growth. However, this theoretical framework rests on an important assumption: That if 

your income rises, you have a higher propensity to save. That means concentrating income with a few 

individuals, yields higher total savings in the economy than if the income was more evenly 

distributed. Thus, inequality causes higher capital accumulation, and ultimately higher growth 

(Kaldor, 1957). 

2.1.3. High reward leads to harder work and more risk-taking 

Inequality can serve as an incentive to work harder or take higher risks fostering entrepreneurship 

and innovation. The base argument is that if you are rewarded sufficiently, the motivation to work 

harder, gain an education or take risks is higher. Lazear and Rosen (1981) developed a framework 

pointing out, that the relative “prize” of outperforming others decides each player’s level of 

investment. That is, a higher rate of return for doing hard work gives each worker a higher incentive 

to do so. The paper “rank-order tournaments as optimum labor contracts” (Lazear & Rosen, 1981) is 

not a scientific article researching income distribution and inequality in the society. However, it is a 

paper highlighting a theoretical principle for the effect inequality can have on society. This 

application of the theory has been used in earlier empirical research (Cingano, 2014) (Ostry, Berg, & 

Tsangarides, 2014) and we adopt the same application. The paper argues for a worker compensation 

scheme that is competitive and is based not on production level, but on the position in a firm.  The 

Source: Wikipedia 

Figure 1 - The Kuznets Curve 
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position is then based on performance relative to others, with a high wage for the best performer and 

a low wage for the worst performer. The outcome is decided by a random factor and the investment 

in human capital each worker has made, which is correlated with the gap in “prizes”. “As the spread 

increases, the incentive to devote additional resources to improving one's probability of winning 

increases.” (Lazear & Rosen, 1981). Naturally, higher wages for highly educated workers will lead 

to more workers investing in education. Hence, rewards for entrepreneurship, education and harder 

work relative to non-educated workers motivates investment, ultimately promoting growth (Lazear 

& Rosen, 1981). 

2.1.4. Inequality’s effect on economic growth depends on the level of economic development 

One aspect of inequality’s effect on growth is that it might depend on other factors such as the stage 

of economic development. Galor and Moav (2003) developed this theoretical framework. Galor and 

Moav identifies two regimes of economic development where the second regime is further divided 

into three stages. They argue, that in early economic development, i.e. regime one, physical capital 

accumulation is the primary driver of growth when compared to human capital accumulation. The 

reason is that the rate of return is higher on physical capital than human capital. As a result, in this 

regime inequality may actually promote growth since it facilitates concentration of physical capital 

in the hands of the rich. This would enable a higher savings rate for the rich and thus higher capital 

accumulation for the economy as a whole. As the economy develops and enters into regime two, 

when the marginal rate of return on human capital becomes higher, investment in human capital 

becomes feasible. In the early stages of regime two, the investment in human capital is constrained 

to the rich who currently possess the income to make the investment. Imperfect financial markets 

constrain the poor from borrowing to invest in human capital. However, as the economy develops 

into stage two and three, where the poor’s income grows and the financial markets become stronger, 

investment in human capital becomes available for the poor too. In this process, inequality actually 

hurts economic growth.  Inequality hurts growth since it limits the spread of investment in human 

capital among the lower and middle class. Human capital in a society is maximized when spread 

across the population and income groups, since human capital is embedded in people. If inequality 

limits the lower income classes ability to invest in education and thus human capital, human capital 

is not reaching its maximum. Ultimately, inequality promotes growth in early development stages, 

but hurts growth in later (Galor & Moav, 2004). 
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2.1.5. Political power and economical representativeness 

Political and economic influence does not always coincide and neither does policy measures and 

optimum social economic benefits. People are heterogeneous, have self-interest, and does therefore 

not always want what is socially optimal for the society. This is what Bertola (1993) argues when he 

creates a simple long-run economic growth model based on a productivity measure and two 

production factors. One with the possibility of accumulating (K) and the other constant (L). The 

theoretical framework tries to uncover the relation between political institutions and growth. 

In this model more investment in K should enhance growth, so one policy could be to subsidize all 

income from K and finance this subsidy with tax on payments to L. This would lead to a situation 

where a person only owning L, the non-accumulated factor, would never save anything and only 

consume, leading to never owning any capital. In this case, there would still be high growth, but it 

would not be socially optimal. Different policies would affect the economy differently within the 

model, but the implications are that: “Social structure and political institutions may then help explain 

the different growth behaviors of economies with access to similar technologies” (Bertola, 1993). So 

if agents who benefit from growth have political power, they will use it to create growth, socially 

optimal or not. However, if political power lies with those who do not benefit from growth, growth 

is restricted. Empirical evidence on this specific channel is scarce, due to the varying and hard to 

measure nature of policy and political power (Bertola, 1993). 

In Persson & Tabellini’s “Is inequality harmful for growth?” (1994) they explain the relationship 

between income distribution and the change in income through the channel of political distortionary 

actions. Here a theoretical model for endogenous growth and income distribution in a political 

equilibrium is constructed and then tested through a regression. It is run on a narrow set of countries 

from 1850-1985 and a larger set of countries post world war two. They find a harmful effect of 

inequality in democratic countries, but in non-democratic countries a positive though non-significant 

effect is found. The results are robust to several sensitivity tests and according to Persson and 

Tabellini it suggests political decisions are likely to infringe private property right, and create 

redistribution and tax policies distorting the economy. Specifically, redistribution policies could limit 

the possibility of reinvestment of rents in an economic optimal matter best determined by the private 

individual. The conclusion stems primarily from the difference in the results for democratic and non-

democratic countries. However, the two models do not take into account reverse causality, as other 

mechanisms than political influence could be the reason for the results of harmful inequality (Persson 

& Tabellini, 1994). 
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2.1.6. Non-linear relationship between inequality and growth: The inverted U-shape. 

Many of the earlier mentioned papers have proposed a theoretical either positive or negative relation 

between inequality and economic growth considering different channels. Benhabib (2003) develops 

a theoretical framework that predicts that a modest level of inequality yields the highest growth. He 

recognizes that inequality can have both positive and negative effects. He suggests that high levels of 

inequality can hurt the economy through social unrest, insecure property rights, hurtful redistributive 

pressures and rent-seeking behavior. All the mentioned effects leads to lower levels of investment 

and lower economic growth. However, trying to hold inequality low with too much interference and 

redistribution hurts the positive effects of inequality, those that arise from difference in initiative, 

productivity and hard work. This also leads to lower levels of investment and lower economic growth. 

Therefore, Benhabib argues that there is a hypothetical optimum level of inequality in an economy. 

The hypothetical relation is a “hump-shaped” relation, where economic growth rises as we move 

away from perfect equality but falls as inequality increase beyond a given point (Benhabib, 2003).   

2.1.7. The Gini index, an estimator of inequality 

The Gini coefficient is a summary statistic, which takes on a value between 0 and 1, though it is 

theoretically possible to go beyond. In most applications the value is between 0 and 100 (Farris, 

2010). It is mathematically defined through the Lorenz- curve, which is a curve describing the  

distribution of any quantity upon a population. The Lorentz curve describes a population lined up in 

increasing order of the amount/share of quantity they possess. From a particular Lorenz-curve the 

Gini index can be calculated as an integral showing how much the specific Lorenz curve is varying 

from total inequality (Farris, 2010). The Gini index does not say anything about the wealth of the 

population only the distribution of wealth or income. Usually the Gini index is most often used to 

measure income inequality; however, income does not capture existing wealth e.g. a high 

concentration of wealth in one country. Since the original Gini index was conceived by Corrado Gini 

in 1912, several other ways of calculating the index has been found, but this is not purposeful for the 

thesis to discuss. The measurement of the Gini on the other hand has issues as according to (Solt, 

2014), who standardized 11 different ways of measuring the Gini index, based on welfare definitions 

and income scale. 

2.2. Empirical Research: 

2.2.1. The “basis” OECD & IMF studies: 

OECD Study 

This thesis is inspired by the study of inequality in the OECD countries in the period of 1970-2010 

by Cingano (2014). In his paper, Cingano studies the trends in income inequality and the effect 
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inequality has on long-term economic growth. The following section clarifies his method, which we 

adopt in this study of emerging markets, and his main results, which we compare to the results 

obtained through the regressions on emerging markets.  

Based on the augmented Solow model for economic growth, Cingano ran a system GMM regression 

of the effect of inequality on economic growth during a 5-year period using the following equation: 

𝑙𝑛𝑦𝑖,𝑡 − 𝑙𝑛𝑦𝑖,𝑡−1 = 𝛼𝑙𝑛𝑦𝑖,𝑡−1 + 𝛽𝑋𝑖,𝑡−1 + 𝛾𝐼𝑛𝑒𝑞𝑖,𝑡−1 + 𝜇𝑖 + 𝜇𝑡 + 𝜖𝑖,𝑡 

Where lny is the logarithm of real GDP per capita, X is a vector of controlling factors (like human 

and physical capital), Ineq is the inequality measure (either the Gini coefficient or income deciles), 

µi and µt are country and time fixed effects and ϵi,t is the error term (Cingano, 2014).  

The inequality data was the Gini coefficient collected from the OECD Income Distribution Dataset 

(IDD)1. The economic growth was measured in the change in the natural logarithm of GDP per capita 

over a 5-year period, where the GDP per capita data was collected using OECD databases. The 

physical capital was measured using fixed capital formation numbers from the OECD Annual 

National Accounts dataset where the data on GDP per capita also was collected from. Human capital 

was measured by average years of schooling using the Barro and Lee (2013) dataset (Cingano, 2014).  

In his base regression, Cingano analyzed the effect of inequality on economic growth, controlling 

only for level of real GDP per capita, that is the X=0 in the above equation. Later he controlled for 

human and physical capital and lastly he used income deciles as the inequality measures instead of 

the Gini coefficient (Cingano, 2014). His findings are elaborated below. 

Cingano finds that the income inequality has been rising overall in the OECD countries since the 

Great Recession. Leading up to the financial crisis, the real disposable household income, henceforth 

just “income”, of the population was on average growing 1.6% annually in the OECD countries. 

Nonetheless, in three quarters of the OECD countries, the incomes of those in the richest 10% had a 

faster growth in their income than the people in the poorest 10%. Real income fell in many countries 

during the financial crisis and in the period following (2007-2012) and the poorest 10% saw their 

income fall more than the richest 10%. Overall, the ratio between the income of the two groups have 

reached 9,5:1 in 2014, up from 7:1 in 1980. A certain spread was observed between the equal 

                                                           
1 http://www.oecd.org/social/income-distribution-database.htm 
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economies of Scandinavia and the more unequal economies of United Kingdom, United States and 

Mexico (Cingano, 2014).  

Cingano also shows the trend using one of the central measures of inequality – the Gini coefficient. 

In the OECD countries, the average Gini coefficient increased by 3 percentage points up from 0.29 

in the mid 1980’s to 0.32 in 2012. During the period, most countries showed a significant increase in 

the Gini coefficient, while only two countries showed a significant decrease (Cingano, 2014). Below 

is a figure from Cingano (2014) showing the trend in inequality by the Gini coefficient. 

Figure 2 

 

Concerning inequality’s impact on economic growth, Cingano (2014) finds that there is a significant 

and sizeable negative impact of rising inequality on economic growth. An increase in the Gini 

coefficient of 1 percentage point translates into a cumulative economic growth that is 0.8 percentage 

point lower over a 5 year period. This results remains, when controlling for human and physical 

capital. However, when testing for a non-linear relationship as described by Benhabib (2003), 

Cingano finds no significant evidence. So, an increase in the Gini coefficient from 30 to 31 has the 

Source: (Cingano, 2014) 
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same effect on economic growth as an increase from 50 to 51 (Cingano, 2014). Cingano also extended 

the study of inequality’s effect by looking at different income groups mean income in relation to the 

average income in the country. That way, it becomes possible to study whether inequality’s impact 

on economic growth is more significant when considering either inequality in the top income classes 

or in the bottom. This analysis reveals that lowering income inequality amongst the 1st  to 4th bottom 

income deciles yields the most positive and significant effect on economic growth. However, 

inequality in the 9th and 10th decile, the richest 10 and 20%, has no significant effect on economic 

growth. That leads Cingano to conclude that the negative effects that inequality has on growth needs 

to be tackled at the lower income groups – not just the very poorest (Cingano, 2014). We relate these 

findings to our research in the discussion. 

IMF studies 

Ostry, Berg, & Tsangarides (2014) conducted another recent empirical study for IMF. They analyzed 

the effect on inequality on subsequent economic growth on both OECD and non-OECD emerging 

countries. While one of the primary objectives was to look for the effect of redistribution on economic 

growth, which is beyond the scope of this thesis, many of the results and perspectives are useful for 

our analysis. The following will give a brief outline of IMFs method and results that are relevant for 

this thesis.  

Ostry, Berg, & Tsangarides (2014) wanted to study the long to medium run effects of inequality on 

economic growth, that is, they analyzed 5-year intervals in a panel data regression. The IMF study 

focus on both Gini coefficients for market and net inequality. Where net inequality is a measure for 

inequality after redistribution, market inequality shows inequality before redistributive measures. 

Thus the differences can to some extend represent the level of redistribution in an economy and this 

allows for measuring the effect redistribution can have on economic growth. Ostry et. al. (2014) 

collected this inequality data from the SWIID database by Solt (2009), where this thesis uses the 

updated version to collect inequality data for emerging countries (Solt, 2014).  

Ostry et. al. finds overall that lower inequality leads to higher growth rates, similar to the conclusion 

of the OECD study. The analysis of redistribution further reveals, that there is no conclusive evidence 

that redistribution hurts economic growth. Only in extreme cases does redistribution seem to hurt 

growth. Ostry et. al. (2014) recognizes that the hurtful effects of redistribution may differ between 

the different sorts of redistributiive policies. The different policies range between higher taxes on 

higher income to government investment in infrastructure and free education, which also can be 
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considered redistribution. Lastly, they find that there is no evidence to support a non-linear 

relationship between inequality and economic growth as explained by Benhabib (2003). These results 

are also important to relate to the findings in our research.  

However, one of the weaknesses of Ostry et. al. (2014), which they also recognize, is the scarcity and 

unreliability of the inequality data. Although the SWIID standardize inequality, there is still 

uncertainty related to the comparativeness in the Gini coefficients between countries. Further, the 

redistribution measure as the difference between market and net inequality is very simplified. It is 

impossible to quantify the magnitude of the different kinds of redistribution efforts that can take place 

in a society from this single measure. However, the results still gives an informative overview of the 

general effects (Ostry, Berg, & Tsangarides, 2014).  

Building on Ostry, Berg, & Tsangarides (2014), Dabla-Norris, Kochhar, Suphaphiphat, Ricka, & 

Tsounta (2015) conducted another study digging deeper into the effect of inequality on economic 

growth, using not only the Gini Coefficient, but also income shares as inequality measurement. They 

also analyzed both OECD and non-OECD emerging countries. Many of their findings are similar to 

the conclusions by Cingano (2014) 

First, they confirm the earlier IMF study that show inequality in emerging economies have had no 

significant trend, contrary to the rising inequality in OECD countries. The sample has large 

disparities: some ermerging countries have seen rising inequiality and some have seen declining. 

However, they observed trends within regions where Asia and Eastern Europe has experienced 

increasing inequality, while Latin America has seen declining inequality, although still being some 

of the most unequal societies (Dable-Norris, Kochhar, Suphaphiphat, Ricka, & Tsounta, 2015).  

Second, they use a system-GMM regression method to regress inequality on economic growth while 

controlling for GDP per capita and human and physical capital. It shows that higher inequality as 

measured by the Gini coefficient hurts economic growth in the subsequent period, very similar to 

Cingano’s findings. They also find that inequality with regards to different income groups has 

different effects on economic growth. Their analysis suggests that rising the income share for the 

bottom 20 %, and 20-40% is associated with higher GDP growth. Rising the income share for the top 

20 % is associated with lower GDP growth. Thus, they suggest that policymakers should focus 

inequality & growth policies towards raising the income for the lower and lower to middle classes to 

optimize growth. These results are very consistent with the finding of Cingano (2014). In addition, 

they reject the hypothesis of trickle-down economics when pointing out that rising the income share 
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of the richest yields lower subsequent GDP growth (Dable-Norris, Kochhar, Suphaphiphat, Ricka, & 

Tsounta, 2015). These findings are dicussed in comparrison with our research.  

2.2.2. Barro (2000) 

Barro (2000) found empirical results pointing in the opposite direction of the earlier explained 

theoretical framework of Galor & Moav (2004). Using a panel of about 100 countries in the time 

period from 1965-1995 he found that the inequality, measured by the Gini coefficient, overall has no 

significant effect on investment and subsequent economic growth. However, when controlling for 

economic development, Barro found that inequality tends to hurt growth in low GDP per capita 

countries, while inequality promotes growth in high GDP per capita countries. Barro attributes the 

relation found to rising GDP per capita, which reduce constraints in the credit market. This allows 

the growth promoting aspects of inequality to dominate the hurtful effects of inequality due to credit-

market problems. Furthermore, Barro found evidence for the version of the Kuznets curve that 

explains the inverted u-shape relation between inequality and GDP per capita for a cross section of 

countries instead of single-country economic development (Barro R. J., 2000). 

2.2.3. Benabou (1996) 

Bénabou (1996) found in his cross-country empirical research that inequality by itself is not what 

impacts economic growth. As he puts it “[…]What really matters is not income inequality per se but 

inequality in the relative distribution of earning and political power” (Bénabou, 1996). He found 

support for the theory that inequality’s negative influence on growth arises when the inequality 

becomes an issue for the voters. It increases pressure on redistribution, taxation and regulation of 

businesses, which ultimately reduces the level of investments and thus the economic growth. Bénabou 

also finds that imperfect credit markets are important to these results. The imperfect credit markets 

constrain the poor from optimal investments, which causes the pressure on redistribution and thus the 

hurtful effects on economic growth (Bénabou, 1996). 

2.2.4. Alesina and Perotti (1996) 

Alesina and Perotti (1996) found that inequality could hurt investment and ultimately growth through 

socio political instability (SPI). It is measured by factors such as probability of unrest, coups and 

private ownership rights infringement. They argue political instability comes in two forms. First is 

the uncertainty of a fast changing political climate, where economic and business laws are almost 

temporary. Second is the instability of coups, unrest, property rights infringement etc. They choose 

to focus on the latter, as finding measurements for this was easier. A two-equation system is made to 
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avoid reverse causality, by making the relation between investment and SPI separate from 

Inequality’s effect on SPI. 

Looking at 71 countries between 1960-1985, they find evidence that SPI has a significant negative 

impact on the level of investment (Alesina & Perotti, 1996). Following classic long run 

macroeconomic growth theory less investment means less growth (Blanchard & Johnson, 2013). The 

relation between the index for political instability and income distribution shows significance as well, 

ultimately resulting in higher inequality leading to lower investment. Especially, they find that the 

presence of a wealthy middle class enhances political stability and thus promotes growth. When 

controlling for inequality in the investment equation no significance is found for inequality, which 

they ascribe to Kaldorian economics and distortionary redistributive policies canceling out each other. 

The inequality specification in Alesina and Perotti’s model is based on the income share of the third 

and fourth quintile of the population. Therefore, bottom inequality is somewhat ignored. The income 

share of the middle class is found to have correlation of -0.97 and top inequality is therefore indirectly 

included in the study. (Alesina & Perotti, 1996). 

2.2.5. Flug (1996) 

Flug, Spilimbergo, & Wachtenheim (1996) finds that human capital, which affects long run economic 

growth, is affected by economic volatility and income inequality. Economic volatility will cause 

upturns and downturns and during downturns, investment in education may not be possible. This 

effect is intensified by income inequality, as downturns will hit poorer people harder in terms of 

possibility of investment in human capital. Furthermore, Flug et. Al (1996) theorizes that the 

development of a country’s financial markets will matter for the education investment decision. This 

is due to the ability of lending money for investments during downturns if the financial market is 

developed. The undeveloped financial market will not offer the opportunity of smoothing out human 

capital investment as the economy moves. The last variable included in their regression is government 

spending on education matters. Human capital itself, Flug et. al (1996) measures by secondary school 

enrollment percentages in the individual countries (Flug, Spilimbergo, & Wachtenheim, 1996). 

The regressions are run both for the whole sample and with a division between high and low-income 

countries to control for the fact that richer countries often has more developed financial markets. 

Income inequality has a significant negative impact on secondary school enrollment, representing 

limited access to credit markets and a lack of resources to finance the necessary investments. When 

dividing the regression in poor and rich countries the research yields some different results. Financial 
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depth is positive and significant for all regressions, both high and low income. It makes sense as 

availability of well-developed financial markets creates opportunities for less wealthy to invest even 

in bad times. In low-income countries, employment volatility has a negative significant effect, while 

in high income countries employment volatility is insignificant. Most relevant for our study is income 

inequality only being negatively significant in rich countries and non-significant in poorer countries. 

The difference is that the financial systems in developed countries function so that one can borrow in 

downtimes, where poorer countries they do not. Here it is either have a job or not. So it is primarily 

employment volatility not income inequality that matters in lower-income countries, where in high-

income countries inequality matters more. This is due to most people having jobs and the question is 

more whether or not one can afford investing in education when in the lower levels of society.  

3. Model, Methodology and Choice of Data 
To answer the research question of this thesis the method draws extensively upon the OECD paper 

“Trends in Income Inequality and its Impact on Economic Growth” (Cingano, 2014). This method 

includes a quantitative study of inequality’s effect on growth using regression analysis within a long 

run macroeconomic framework. However, the thesis will modify Cingano’s (2014) methodological 

framework in order to accommodate the scope of a bachelor’s thesis.  

In this section of the thesis, we establish a reasoning for conducting a quantitative study to answer 

the research question. Next, we explain the macroeconomic framework of the regression. Here the 

Augmented Solow model (Mankiw, Romer, & Weil, 1992) will provide the basis as discussed in 

Cingano (2014). An explanation of the augmented long run growth model and a discussion of the 

implications for the empirical analysis follows. The macroeconomic growth model leads to the choice 

and formatting of data, which we review with respect to Cingano’s method and the country sample 

of the thesis. The last section includes the regression model used for analysing the panel data. 

There are two overarching methods of conducting a scientific research, deductive or inductive 

methods. Inductive method seeks to use empirical evidence to then form a new theory from the 

discoveries made. On the other hand, deductive method has an offset in an already existing theory or 

hypothesis. The theory or hypothesis serves as the point of an empirical analysis to either debunk or 

affirm the theory or hypothesis. This thesis is itself a deductive research as the deductive research 

method fits the research statement of the thesis since there is already an extensive body of theory 

within the subject. Therefore, we do not seek to create our own theoretical framework but utilize 

earlier findings in the literature to explain our empirical findings. The theory in the area of inequality 
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is too complex to prove or disprove and therefore this is not the aim. Nonetheless, the empirical 

evidence is not complete and we seek to add to this empirical body within the inequality literature. 

Quantitative methods are popular for deductive researches as quantitative methods use statistics to 

provide facts and therefore one can objectively research existing theories (Hobdari, 2016). This thesis 

seeks to test the overall effect of inequality on a subset of countries, where we believe a gap is 

prevalent in the empirical literature of the subject. Economic growth is itself a quantitative variable 

and income inequality is best presented as quantitative variables such as the Gini coefficient or 

income shares. Since the variables we research in the thesis are numbers, they are analyzed with 

statistical methods to find what theories hold and what theories do not. 

3.1. The Augmented Solow Model 
The empirical growth model analyzed in this thesis is derived from the long run economic growth 

model by Solow (1956). However, we use an augmented Solow model, which incorporates human 

capital and has the ability to include any variable explaining cross-country differences in economic 

growth (Mankiw, Romer, & Weil, 1992). 

The Solow model assumes a Cobb-Douglas production function including two inputs: Capital and 

labor.  

(1)    𝑌𝑡 = 𝐾𝑡
𝛼(𝐴𝑡𝐿𝑡)

1−𝛼 

Y is output, K is capital, L is labor and A is technological level. A grows at a rate of technological 

progress g and L grows at population growth n. The savings rate along with n and g are considered 

exogenous in the model. Capital depreciates at a rate of 𝛿. Alpha is the elasticity of output with respect 

to capital and is assumed to be 0 < 𝛼 < 1. 

The effective labor unit  𝐴(𝑡)𝐿(𝑡) grows at a rate of n+g. If we then define 𝑦 as 𝑌/𝐴𝐿 and k as 𝐾/𝐴𝐿 

and further establish that 
𝑌

𝐴𝐿
=

𝐾𝛼𝐴𝐿1−𝛼

𝐴𝐿
= 𝐾𝛼𝐴𝐿−𝛼 =

𝐾

𝐴𝐿

𝛼
, the development of k will look like this: 

(2)    𝑘𝑡 = 𝑠𝑦𝑡 − (𝑛 + 𝑔 + 𝛿)𝑘𝑡 

(3)    𝑘𝑡 = 𝑠𝑘𝑡
𝛼 − (𝑛 + 𝑔 + 𝛿)𝑘𝑡 

This leads to a steady state level of k: 

(4)    𝑘∗ =
𝑠

𝑛+𝑔+𝛿

1

1−𝛼 
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By substituting k* into the production function as expressed in effective worker terms and taking logs 

gives us a model almost compatible with an OLS regression. We can assume A is split into a constant 

of a and a country specific error of 𝜖, as A represents technology and other productivity effects such 

as climate, institutions and urbanization. This gives us the model explaining output per capita: 

(5)   ln (
𝑌

𝐿
) = 𝑎 +

𝛼

1−𝛼
ln(𝑠) −

𝛼

1−𝛼
ln(𝑛 + 𝑔 + 𝛿) + 𝜖 

When adding human capital into the framework we create the augmented Solow model and the story 

is similar (Mankiw, Romer, & Weil, 1992). We have a production function with H for human capital 

added and 𝛽 for the partial elasticity of output to human capital: 

(6)    𝑌𝑡 = 𝐾𝑡
𝛼𝐻𝑡

𝛽(𝐴𝑡𝐿𝑡)
1−𝛼−𝛽 

We assume a decreasing return to scale with 0 < 𝛼 + 𝛽 < 1, as constant returns to scale would not 

allow for steady state values and not be in line with the Solow model. The effect of additional human 

or physical capital is assumed to be positive. The steady state values of k and h are defined as: 

(7)    𝑘∗ = (
𝑠𝑘
1−𝛽

𝑠ℎ
𝛽

𝑛+𝑔+𝛿
)

1

1−𝛼−𝛽

 

(8)    ℎ∗ = (
𝑠ℎ
1−𝛼𝑠𝑘

𝛼

𝑛+𝑔+𝛿
)

1

1−𝛼−𝛽
 

Substituting into the production function in effective worker terms and taking logs as earlier leaves 

us with the income per capita equation similar to the basic Solow: 

(9)  ln (
𝑌𝑡

𝐿𝑡
) = ln(𝐴𝑡−1) + 𝑔𝑡 +

𝛼

1−𝛼−𝛽
ln(𝑠𝑘) +

𝛽

1−𝛼−𝛽
ln(𝑠ℎ) −

𝛼+𝛽

1−𝛼−𝛽
ln(𝑛 + 𝑔 + 𝛿) 

Mankiw et. al. suggests human capital can be included in two ways, as 𝑠ℎ, which is the investment in 

human capital in the period or it can be presented as the level h*. Our data of human capital, average 

years of schooling of the working age population, is best described as the level of human capital. So 

combining equation (9) and (8) we reach: 

(10)  ln (
𝑌𝑡

𝐿𝑡
) = ln(𝐴𝑡−1) + 𝑔𝑡 +

𝛼

1−𝛼
ln(𝑠𝑘) +

𝛽

1−𝛼
ln(ℎ∗) −

𝛼

1−𝛼
ln(𝑛 + 𝑔 + 𝛿) 

We set 𝑦∗ to be the steady state level of income per effective worker as shown in equation (10) and 

𝑦𝑡 to be the value of income at time t. The Solow model makes a prediction for the speed of 

convergence towards a country’s steady state level, which is given by: 
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(11)   
𝜕 ln(𝑦𝑡)

𝜕𝑡
= 𝜆(ln(𝑦∗) − ln(𝑦𝑡) 

Here 𝜆 = (𝑛 + 𝑔 + 𝛿)(1 − 𝛼 − 𝛽) is equal to the rate of convergence. The convergence rate typically 

takes the value of 𝜆 = 0.02, with 𝛼 = 𝛽 = 1/3 and (𝑛 + 𝑔 + 𝛿) = 0.06. A convergence rate of 0.02 

would mean halfway to steady state in 35 years, building on the assumption that most economies are 

still moving towards their steady state (Mankiw, Romer, & Weil, 1992). With 0 < 𝛼 + 𝛽 < 1, the 

above equation can be rewritten to show economic growth: 

(12)   ln(𝑦𝑡) − ln(𝑦𝑡−𝑑) = (1 − 𝑒−𝜆𝑑)(ln(𝑦∗) − ln(𝑦𝑡−𝑑)) 

Then we can substitute 𝑦∗with equation (10) and end up with an equation for growth depending on 

the determinants of steady state and the level of income per capita in the previous period: 

(13)  ln(𝑦𝑡) − ln(𝑦𝑡−𝑑) = −(1 − 𝑒−𝜆𝑑)ln(𝑦𝑡−𝑑) + (1 − 𝑒−𝜆𝑑)
𝛼

1−𝛼
ln(𝑠𝑘) + (1 −

𝑒−𝜆𝑑)
𝛽

1−𝛼
ln(ℎ∗) − (1 − 𝑒−𝜆𝑑)

𝛼

1−𝛼
ln(𝑛 + 𝑔 + 𝛿) 

Our final model does not include technological progress as it is hard to observe and thus becomes 

part of our error term. Neither is capital depreciation as it is assumed to be constant and with small 

cross-country variance. Not including population growth is a valid choice for Cingano (2014) as his 

sample must be assumed to have limited variation in population growth within countries. Further his 

limited number of observations encourages him to shed variables. Nevertheless, our country sample 

should be expected to have more within country variation in population growth for two reasons. First 

due to the long period, where the development stage of countries have changed, which could have led 

to changes in n. Second due to the highly diverse sample of countries. However, due to the scope of 

the bachelor’s thesis and the objective of using a comparable method to Cingano we have not included 

population growth. Therefore, the term −(1 − 𝑒−𝜆𝑑)
𝛼

1−𝛼
ln(𝑛 + 𝑔 + 𝛿) is part of the error term in 

the final model. Mankiw suggests a range of variables to include in the augmented Solow model to 

explain growth. We include inequality. The baseline regression model ends up in the following: 

(14)  ln(𝑦𝑖,𝑡) − ln(𝑦𝑖,𝑡−𝑑) = 𝜃 ln(𝑦𝑖,𝑡−𝑑) + 𝛾𝑖𝑛𝑒𝑞𝑖,𝑡−𝑑 + 𝛽1𝐻𝐶𝑖,𝑡−𝑑 + 𝛽2𝐼𝑛𝑣𝑖,𝑡−𝑑 + 𝑢𝑖 +

𝑢𝑡 + 𝜖𝑖,𝑡−𝑑 

The dependent variable ln(𝑦𝑖,𝑡) − ln(𝑦𝑖,𝑡−𝑑) is the approximate growth of GDP per capita in the time 

period d, which in this thesis is set equal to 5 years. 𝜃 ln(𝑦𝑖,𝑡−𝑑) is the level of GDP per capita and 𝜃 

is the coefficient used to calculate the speed of convergence towards the steady state. 𝛾 ln(𝑖𝑛𝑒𝑞𝑖,𝑡−𝑑) 



Christian Belling Sørensen, CPR: 140593-1547  Inequality & Growth 
Simon Bach Schjølin, CPR: 200794-2217  23rd of May 2016 
  B.Sc. International Business, CBS 

 24 | 64 
 

expresses the effect of inequality, with the coefficient called 𝛾. Inequality is the Gini index taken 

from the beginning of each period d. The third and fourth variable are the control variables human 

and physical capital. In this thesis, we proxy human capital with average years of schooling and 

physical capital with capital formation as a percentage of GDP. 𝑢𝑖 and 𝑢𝑡 are the country specific and 

time specific effects, which are not included in the variables. We control for 𝑢𝑡 using time dummies 

and 𝑢𝑖 by the fixed effects regression method as explained in the next section. 𝜖𝑖,𝑡−𝑑 is the 

idiosyncratic error that is not possible to control for.  

We use the model to infer the effect of each of the determinants on economic growth towards the 

steady state level. This is due to the quality of the coefficient to the lagged level of income per capita, 

which can estimate the speed of convergence. �̂� = −
ln(1−�̂�)

𝑑
 with d=5 in our regression model. This 

combines to the actual effect on growth with the coefficient on any growth determinant, which is used 

to calculate the impact on the steady state level of output ∆ ln(𝑦∗)̂ = −(
�̂�

�̂�
) ∗ ∆𝑋 (Cingano, 2014). 

To calculate the long run effect we can differentiate the simple equation for economic growth: 

(15)   ln(𝑦𝑡) − ln(𝑦𝑡−𝑑) = (1 − 𝑒−𝜆𝑑)(ln(𝑦∗) − ln(𝑦𝑡−𝑑)) 

(16)   ∆ ln(𝑦𝑡) = (1 − 𝑒−𝜆𝑑)(∆ ln(𝑦∗)) 

3.2. Choice of Data 
The data collected for the empirical analysis is similar to the data collected by Cingano (2014). He 

collects data representing economic growth, inequality, human capital and physical capital. However, 

this research focuses on emerging markets and the OECD databases are not capable of supplying the 

data needed for the analysis. Therefore, we find data in alternative databases except for data on human 

capital. 

The thesis focuses on the emerging markets of the world. However, in our time emerging markets are 

hard to define, as many developing countries are developing faster and faster. The old landscape of 

strong economies does not exist anymore and some developing countries have been “emerging 

markets” for decades. Are these markets then still emerging? What are the demands for being called 

an emerging market? Due to the complexity of classifying emerging markets, this thesis uses a 

reliable source to classify advanced, emerging and low-income markets. The thesis relies on the IMF 

list of emerging and developing markets from the world economic outlook (IMF, 2015). It consists 

of 152 countries, however this list is further divided into low-income countries, and these are 
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disregarded. We exclude the low-income countries due to concerns about instability during our 

research period. This cuts the number of countries down to 94 countries. Nevertheless, this reduction 

is not enough as data for income inequality and human capital is scarce for many countries and for 

some countries even growth and economic data is scarce. The reduction due to lack of data lead to 

the analysis consisting of 72 emerging countries from all regions of the world. We analyze the time 

period of 1970-2010 to the extent the data allows. The period is chosen as inequality has long-term 

effects that run over a multitude of years, it is a slow moving variable and the variation is limited. We 

use 5-year time intervals and data for 2015 is not available at the time of writing. The panel dataset 

is unbalanced and some countries only have data available for later years. We have allowed for this 

data unbalance to achieve a higher amount of observations and a higher amount of countries (n) 

compared to time (t’s).  

Real GDP per capita in US$ purchasing parity power with the base year of 2005 represents output in 

the regression model. We express it in terms of the natural logarithm, ln(𝑦𝑡) to be able of attaining 

the growth rate in GDP per capita as the dependent variable. The thesis uses GDP per capita to 

represent output in order to cutaway unnecessary variance from population growth. The data is 

sourced from the World Bank’s databank “World Development Indicators” (The World Bank Group 

(a), 2016). The reliability of data sourced from the World Bank is high as it will continue to be 

available and the data is consistent for most countries. However, there are caveats in terms of missing 

data for many countries in the earlier years of our sample. Nevertheless, the validity is strong due to 

the clear definitions of variables and standardization of datasets across countries and time, making 

the data comparable for cross-country and time series analysis.  

As the inequality indicator for the baseline regression we utilize the Gini-coefficient. The Gini dataset 

exploited is the Standardized World Income Inequality Database net Gini-index created by Solt 

(2014). It is the broadest and most comparable database on inequality, as Solt draws upon and gathers 

most inequality databases of the world and national accounts into one. The problem is incomparability 

of these inequality studies. Inequality can be measured as differences in net income, expenditures, 

income before and after taxes and whether it is measured as household income or household income 

per capita. The relations between these measurements can vary greatly over country and time, and 

are therefore not simple to use together. One way of controlling is using dummies for the 

measurement methods. Neither is it desirable for a study as this to only utilize one comparable 

database such as the LIS as it is very limited in size both in terms of countries and time. Therefore, 
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this thesis includes standardized inequality data from several cross-country and national databases, 

which do not assume the differences in measurement methods are the same for all countries. Solt 

divides surveys of all the countries into 11 measurement methods and uses the entire dataset to infer 

standardized measures based on the LIS dataset, which in turn has 2 methods, net and market 

inequality (Solt, 2014). He uses within country correlations to extrapolate missing data points as the 

correlations between measurement methods across countries are not comparable. However, when the 

correlation between measurements in a year is available the data points are already existing. However, 

Solt argues that due to limited time variations in country specific effects he can use the correlation 

between measures from one year, to infer the value of another year where one is missing. The data 

on Gini coefficients of this thesis is almost as high quality as Cingano’s (2014), however due to his 

narrow set of countries and the broader country sample of this thesis, Cingano had the possibility of 

only using comparable data, with no need for standardization. 

Income shares for analyzing top and bottom inequality are from the World Bank’s data bank (The 

World Bank Group (a), 2016). The income shares are given for only few years and our sample size 

here is therefore smaller. Furthermore, this data is not as reliable as the Solt Gini-index. The World 

Bank uses data standardized from national surveys for lower income countries, but due to: 

“Household survey questionnaires can differ widely, and similar surveys may not be strictly 

comparable” (The World Bank Group (b), 2016) the income share data is not totally reliable for cross 

country surveys. Nevertheless, the regression method of this thesis will account for this flaw to some 

degree. The income share data is of poor quality in comparison to Cingano’s study, in part due to the 

lack of comparability and part due to the unavailability of the correct variables, which will impact the 

analysis when including both top and bottom inequality in the regression. 

Gross capital formation as a percentage of GDP will represent physical capital in this thesis. It proxies 

the investment ratio of the economy and since it is a percentage, it is easier to compare across 

countries of different size and development stage. We have used the World Bank’s percentage 

estimate, trusting in the reliability of their data, as transforming the data would have been tedious. 

The data is directly comparable to that of Cingano’s as the World Bank utilizes the OECD national 

accounts used by Cingano (2014). For non-OECD countries, they use World Bank national accounts, 

which we must then assume to be comparable (The World Bank Group (a), 2016).  

Human capital is proxied by average years of schooling for the population of a country within the age 

of 15-64. Human capital can be accumulated in different ways, however the primary and easiest to 
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measure is education. Here the Barro-Lee dataset fits our analysis well and provide educational data 

for a wide number of countries (Barro & Jong-Wha, 2013). The data is consistent across the time 

period for a big proportion of the intended sample with 5-year data intervals. The dataset can be 

criticized for being unreliable as extrapolation is widely used to fill in missing data points.  

The panel data for the thesis is formatted in 5-year intervals to maximize data point consistency and 

because inequality has a long-term effect on growth through most of the channels it affects. Therefore, 

measuring growth in 5-year intervals and explaining this growth with inequality data at the start of 

the period is optimal. We elaborate the regression method in the next section. 

3.3. Regression method 
To properly analyze the regression model: 

(14) ln(𝑦𝑖,𝑡) − ln(𝑦𝑖,𝑡−𝑑) = 𝜃 ln(𝑦𝑖,𝑡−𝑑) + 𝛾𝑖𝑛𝑒𝑞𝑖,𝑡−𝑑 + 𝛽1𝐻𝐶𝑖,𝑡−𝑑 + 𝛽2𝐼𝑛𝑣𝑖,𝑡−𝑑 + 𝑢𝑖 +

𝑢𝑡 + 𝜖𝑖,𝑡−𝑑 

We conduct a panel data time series regression using OLS estimation to find the coefficients. We will 

run two different models. One of the models uses the Gini coefficient as the inequality indicator. The 

other uses the relative income share of bottom and top income groups. This section elaborates on the 

theoretical concepts related to running a panel data regression. We elaborate both the time aspects 

and the panel aspects of the regression. Further, it outlines the main assumptions that needs to hold 

for the regression estimate to be valid.  

When we do time series regression, as panel data is, it allows us to say that the past can affect the 

future. That is, we can allow past values of variables to affect the outcome on the dependent variable 

and thus give predictions of future values. In our research, we use past values of inequality, GDP per 

capita, human capital and physical capital to predict economic growth in the following years. We do 

so to tackle issues of endogeneity. When we use lags of explanatory variables, we ensure that there 

is no reverse causality. If we for instance used inequality at time t as an explanatory variable to predict 

economic growth in time t, then growth might have (partially) influenced the level of inequality. 

When we use the lag of explanatory variables, we counter the issue of endogeneity while the lagged 

explanatory variables still constitute as a good proxy for the variables in time t.  Thus using lagged 

variables is the proper choice for our model.  Sometimes we even use multiple lags of one variable 

such as two lags on the Gini coefficient. Time series regression allow us to add the estimated   
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coefficient on both lags to find the long-run multiplier, that is, the cumulative effect of a 1 point 

change in the Gini (Woolridge, 2013).                                                                                                              

The assumptions that need to hold for the time series dimension of the panel data regressions are both 

similar and different to cross-sectional regression. While these are important for our regression to be 

valid, a throughout analysis of each assumption is beyond the scope of this bachelor thesis due to 

time constraint and focus of research paper. However, we still briefly outline the relevant assumptions 

that need to hold for our results to be unbiased in this section. In the discussion, we briefly discuss 

whether these assumptions are likely to hold or fail.  

One assumption that needs to hold is that of no perfect collinearity. That means, that none of the 

explanatory variables are perfectly correlated with another explanatory variable. If so, we cannot 

estimate the coefficients (Woolridge, 2013). However, this does not mean that the explanatory 

variables cannot be correlated, the assumption just rules out perfect correlation. There are though still 

issues related with high correlation of explanatory variables. The main problem is that the 

interpretation of each coefficient on the two highly correlated explanatory variables is biased when 

considered separately. That is, if x1 and x2 are highly correlated we will not be able to do the 

interpretation “a one point increase in x1 will cause a β1 change in y”.  The effect of x1 and x2 will 

intertwine, and our model cannot predict the isolated effect of one variable (Woolridge, 2013). During 

the result and analysis section, the correlation between explanatory variables is considered both for 

the regressions using Gini coefficient and for the regressions using income shares. These correlations 

are explained and accounted for if they pose a threat to the coefficient estimates.         

Another important assumption is the zero conditional mean (ZCM). That is, for any explanatory 

variable in any time period, the error “u” is expected to be 0: 

(17)    𝐸(𝑢𝑡|𝑋) = 0, 𝑡 = 1,2… . , 𝑛. 

This assumption does not hold when relevant explanatory variables that are correlated with the other 

explanatory variables are omitted. By relevant, we mean an omitted variable that both is correlated 

with the included explanatory variable, but also has an impact on the dependent variable. One way 

this assumption is often violated in practice is trying to predict a dependent variable determined by 

many factors even some that can be hard to control for and include in a regression. Economic growth 

is such a variable. Many factors can influence economic growth and be correlated with inequality. 

For example, government policies and laws that can promote growth in the years to come may also 
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yield changes to inequality. Changes to technological progress and innovations may have the same 

effect. It is impossible for our model to incorporate them all.  

A second violation is measurement errors. Measurement errors in an explanatory variable causes the 

regression to always underestimate or overestimate the effect of the variable, meaning the expected 

value of the error is different from 0.  

Lastly, the assumption means that we cannot allow a feedback effect from the dependent variable to 

explanatory variables, that is, the dependent variable may affect future values of explanatory variables 

(Woolridge, 2013). However, this is already taken care of with the use of lagged explanatory 

variables.    

While the zero conditional mean assumption needs to hold it is impossible to prove that the error term 

has an average value of zero. Still, it is an important assumption to take into consideration for the 

model. While we cannot prove the ZCM, we can argue for why it might hold for our regression. Thus, 

in the limitations section, we will comment on whether this assumption seems violated for our model.   

Homoscedasticity is also an important assumption. That is the variance of the error term is the same 

given any value of explanatory variables. This can be written as: 

(18)   𝑉𝑎𝑟(𝑢𝑡|𝑋) = 𝑉𝑎𝑟(𝑢𝑡) = 𝜎2, 𝑡 = 1,2… , 𝑛 

where σ is the standard deviation of the error terms from the mean. 

This means that in any time period the unobserved factors that can influence economic growth, must 

have constant variance. If this assumption is violated, we face heteroscedasticity (Woolridge, 2013). 

In later sections we control for heteroscedasticity and comment on how it might affect our results.  

Lastly, the error term “u” cannot be correlated across time. That we write as: 

(19)    𝐶𝑜𝑟𝑟(𝑢𝑡, 𝑢𝑠|𝑋) = 0 

So the unobserved factors causing the error to be positive in one period and is likely to cause the error 

to be positive in the period after as well. In practice, this means that if economic growth is 

unexpectedly high in one period, and if errors are correlated, then growth is likely to be above average 

next period. If this assumption is violated, we say the errors suffer from autocorrelation. 

Autocorrelation causes a significant threat to time series regression estimates (Woolridge, 2013). In 

the limitations section we address whether autocorrelation may be an issue for our results.  
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All of the above-mentioned assumptions are relevant to address in order for our coefficient estimates 

to be valid and unbiased. We address each assumption during later sections.  

We now turn to address the characteristics of panel data regression. In panel data analysis, you pool 

cross section data across time into “panels”.  Panels is a set of entities that are analyzed over time. 

These could be countries, companies, individuals, stores or households. In our model, the entities, 

“i’s” are emerging economies as defined by the IMF (IMF, 2015). A panel data regression allows us 

to handle variables that we cannot observe and thus have not controlled for in the regression. Such 

unobserved factors could for instance be cultural factors. Additionally, panel data regression can 

allow us to control for variables that change over time, but not across the entities such as national 

laws and policies (Torres-Reyna, 2007).  

We choose the fixed effects model for our panel data. This kind of model allow us to analyze the 

effect of variables that change over time – the Gini coefficient. What the fixed effects model does, is 

that it, within each unit, controls for some unobserved factors that might influence either the 

explanatory variable or the predicted variable. However, the factors that fixed effects control for are 

the time-invariant ones, the ones that do not change over time. Such unobserved factors could for 

example be the political system that affect either inequality or economic growth or the demographics. 

It seems very likely that such factors would exist for our regression model. The fixed effects model 

can remove the time in-variant effects so we can model the net effect of inequality on economic 

growth. It is thus important that we assume that these effects are time invariant (Torres-Reyna, 2007). 

The rational for doing so is simple: The unobserved factors might both impact the economic growth 

and inequality in a country.  If they are time variant, which we do not control for, they influence our 

coefficients and bias our results and the net effect on inequality. However, when these factors are 

constant, we can say that the effect is constant across the whole time period for the country. Thus, we 

have controlled for the unobserved effects that are time invariant. These time-invariant characteristics 

are not correlated across countries. That is, we assume that each country has unique fixed effects, and 

those are not correlated to the fixed effects of another country. That way we get unique error terms 

and unique fixed effects for each country in our panel.  

A basic fixed effects panel data regression can be written as: 

(20)    𝑦𝑖𝑡 =𝛽1𝑋𝑖𝑡 + 𝛼𝑖 + 𝑢𝑖𝑡 
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yit is the dependent variable, β1 is the coefficient of the explanatory variable found using all units (i) 

and all time periods (t). Xit is the explanatory variable, ai is the country fixed effects and uit is the 

unobserved error term that can both vary across time and country.   

The model can also be extended to account for effects that happen in certain time periods. This is 

highly relevant for our regression model as certain time periods from 1970 to 2010 might have been 

subject to crises. By including time dummy variables for each time period we can control for crises 

and similar shocks that might affect economic growth and inequality for many countries in our sample 

for a given period. Our regression thus follow the fixed effect regression model that is: 

(21)    𝑦𝑖𝑡 =𝛽1𝑋𝑖𝑡 + 𝛼𝑖 + 𝑎𝑡 + 𝑢𝑖𝑡 

where everything from earlier regression model is the same, just added the term at which controls for 

cross-country shocks in time periods. Our specification follows the notation used by Cingano (2014) 

which looks like: 

(14)  ln(𝑦𝑖,𝑡) − ln(𝑦𝑖,𝑡−𝑑) = 𝜃 ln(𝑦𝑖,𝑡−𝑑) + 𝛾 ln(𝑖𝑛𝑒𝑞𝑖,𝑡−𝑑) + 𝛽1𝐻𝐶𝑖,𝑡−𝑑 + 𝛽2𝐼𝑛𝑣𝑖,𝑡−𝑑 +

𝑢𝑖 + 𝑢𝑡 + 𝜖𝑖,𝑡−𝑑 

Our outcome variable is economic growth (y) and our explanatory variables are GDP per capita, 

inequality, human capital and physical capital (Xit) and their estimated slopes (β). The ui refers to the 

time invariant country fixed effects (the ai). The ut are the time dummies included to control for 

economic shocks (the at) and the ϵi,t refers to the idiosyncratic error, that is the unobserved factors that 

varies for time and countries that we cannot observe.  

Now we have argued for our regression model and shown how it will, if satisfying assumptions, yield 

unbiased estimates of the effect of inequality on economic growth. The time series regression allows 

us to estimate the effect of inequality during a given period and predict. Using panel data regression 

with fixed effects, we can estimate the causes of changes in economic growth due to inequality on 

average in the whole sample, as our regression has taken into account country fixed effects. The next 

section outlines the results obtained using this regression model. The section after the results discusses 

the assumptions and aspects related to the reliability of our results.  
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4. Results and Analysis 

4.1. Trends in income inequality  
In the period from 1970 to 2010, the analysis show there is no definite tendency concerning changes 

in inequality when looking at the Gini coefficient for emerging markets. Figure 3 below shows the 

development of the Gini coefficient for the BRICS-countries and for the sample average.  

 

The figures illustrates the general conclusion – there seem to be no clear overall trend. Out of the 

BRICS, only China has seen a clear rising tendency in inequality since 1980. whereas the rest of the 

BRICS see periods with rising and falling inequality. The dissimilarities also emerge when looking 

at the change from first available inequality observation, which varies between 1970-1990 to 2010. 

Whereas Brazil and South Africa has a lower Gini coefficient in 2010 than for their earliest 

observation, China, India and Russia all have a higher Gini coefficient in 2010 than their initial 

observation. However, this only illustrates the tendency for the BRICS.  

Figure 3 also show the development in the average Gini coefficient for the sample across the time 

period. While no uniform tendency is observed, there seem to be a decreasing tendency in the average 

Gini coefficient. Only in the period between 1990 and 1995 did the Gini coefficient rise, which can 

partly be due to the increase in country observations. In the remaining periods, we saw a falling 

average Gini coefficient. During the period, the average Gini coefficient has fallen from 43.43 to 

40.07, a fall of 3.36 percentage points. These results are very consistent with the results discovered 
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by IMF. They also found no significant tendency in inequality from 1960 to 2010 (Ostry, Berg, & 

Tsangarides, 2014).  

4.2. 2010 snapshot of inequality 
To thoroughly demonstrate the very diverse panel in terms of inequality we can take a snapshot of 

the current situation.  If we look at the picture on inequality in emerging markets in 2010, figure 4 

illuminates the current situation.  

 

As shown in the figure, 27 of the 72 countries had a higher Gini coefficient in 2010 while 21 countries 

have lower inequality in 2010 than the first observation for the country. The remaining countries 

either had no observation for 2010 or an earlier Gini coefficient. Again, this indicates the diverse 

development in inequality in our sample. Even though the average Gini coefficient in the sample has 

decreased (see figure 3) figure 4 show that more countries face a higher inequality today (2010) than 

their initial observation. Once again, our findings are very similar to that of the IMF study, which 

also finds disparities in whether emerging markets see rising or falling inequality (Ostry, Berg, & 

Tsangarides, 2014).   

If we look more closely at the distribution in inequality across observations in 2010, we see that they 

are somewhat normally distributed. Figure 5 below show the distribution.  
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As figure 5 illustrates, most countries have Gini coefficient that lies in the interval between 35 and 

45 and only few countries have lower than 30 or higher than 50. No country had a lower Gini than 25 

or higher than 60. The figure indicates a normal distribution concentrated around 40.  

Lastly, if we want to analyze the distribution we can draw a boxplot of the 2010 inequality 

observations. Figure 6 shows this boxplot: 

 

The boxplot shows a distribution that is also fairly centered, and looks like a normal distribution. The 

median lies at a Gini coefficient of 39 and the middle 50 % of the observations lies between a Gini 

coefficient of 33 and 45 indicating a fairly big concentration around the median and the earlier found 
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mean of 40.  However, both figure 5 and 6 suggest that while the 2010 inequality is somewhat 

normally distributed, we do see some skewness towards the higher Gini coefficients.  

4.3. Correlations between independent variables: 
In order to justify our choice of variables, we make a correlation table for all of our independent 

variables. Table 1 below show the correlations. 

Table 1 

 𝑙𝑛 (
𝐺𝐷𝑃

𝑐𝑎𝑝𝑖𝑡𝑎
) Gini Gini2 

Physical 

Capital 

Human 

Capital 

𝑙𝑛 (
𝐺𝐷𝑃

𝑐𝑎𝑝𝑖𝑡𝑎
) 1     

Gini 0.1936 1    

Gini2 0.2017 0.9909 1   

Physical Capital -0.0787 -0.1097 -0.1020 1  

Human Capital 0.4801 -0.2673 -0.2489 -0.0589 1 

 

None of the variables have perfect correlation, i.e. a correlation of 1, except Gini and Gini2, 0.9909, 

which, by definition, is almost perfectly correlated. The second highest correlation is found between 

average years of schooling and the logarithm of GDP per capital, 0.4801. This positive correlation is 

expected, since higher GDP per capita countries are expected to have higher human capital, or reverse, 

that countries with higher levels of human capital see a higher GDP per capita. Thus, without 

commenting on causality so far, we can expect the positive correlation between the human capital 

and GDP per capita. With regards to the relation between physical capital and GDP per capita, we 

see a negative correlation, which we by macroeconomic theory would expect to be positive: higher 

investment leads to higher GDP and higher GDP leads to higher Investment (Blanchard & Johnson, 

2013). The explanation lies in our variable of physical capital, which is measured by gross capital 

formation as percentage of GDP. That is, if gross capital formation is held fixed when we see an 
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increase in GDP causes physical capital to decrease. This reasoning justifies the small and negative 

correlation we observe between the two variables. 

Lastly, the negative correlation between human capital and Gini also fits theory. Either, higher human 

capital means more people have education and can be expected to have higher incomes, meaning 

lower inequality. Or the reverse, lower inequality can allow more people to obtain education, meaning 

higher human capital. Without knowing the causal relationship, we can expect it to be negative.  

To conclude, our regression model does allow for some correlation, just not perfect correlation. Thus, 

our model satisfies the assumption of no perfect collinearity needed in a regression with multiple 

independent variables (Woolridge, 2013).  

4.4. Results of the empirical research: 
The following tables, Table 2 & 4, show the results obtained from the analysis. The first part of the 

analysis focuses on the Gini coefficient as the measure of inequality and the implications for 

economic growth. These results are shown in Table 2 below. The following part focuses on income 

shares as the measure of inequality and the implications for growth. These results are shown in Table 

4.  
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4.4.2. Baseline results: The effect of inequality on economic growth 

Column 1, 2 and 3 in Table 2 refer to our baseline regression, in which growth only depends on the 

lagged Gini coefficient and the initial GDP per capita. In column (1) the model uses one lag on the 

Gini coefficient while two lags are used in column 2. The results are consistent: inequality has a 

positive effect on growth whether one or two lags of Gini are used. The baseline result using one Gini 

lag, suggests that increasing the Gini coefficient by 1 point, yields a 1 percentage point higher 

cumulative growth over the next 5 years. We see the result being significant at a 1% level. The results 

are based on 356 observations, due to the lack of inequality measures in some time periods. However, 

the within R2 value is still at a reasonably high level of 0.3616, which can be considered satisfying. 

R2 values in economic studies does not need to be necessarily high. Even low R2 value regression can 

yield important conclusions on the effect of the explanatory variables. Further, it can be hard to predict 

outcomes on the dependent variables making the R2 low (Woolridge, 2013). Since we try to predict 

economic growth as the dependent variable, which naturally is influenced by a huge variety of 

variables that are not included in the model, it naturally puts pressure on the R2 value. Overall, a R2 

value above 0.35 in all regressions are very satisfying. 

Similar results emerge when using two lags of the Gini Coefficient (column 2). Here, although the 

first Gini lag is insignificant, we conducted an F-test, and found joint significance on both lags in the 

model. This regression thus leads to the conclusion that the effect on growth is slightly stronger than 

what column (1) suggest with a cumulative effect of just above 1 percentage point. The R2 increases 

to 0.397, which is expected since we allow earlier Gini coefficients to explain variation in growth. 

However, the observation decreases to 284, due to the lack of succeeding data in the time period.  

In column 3, we add the Gini2 to the model to test for a non-linear relation between the Gini coefficient 

and growth. As column 3 shows, we find no clear evidence of a non-linear relationship. Significance 

is above 5 for both the linear and non-linear coefficient. However, the positive linear coefficient and 

negative non-linear term does indicate that the possibility exist. As the later columns show, there is 

indeed some evidence for a non-linear relationship. In addition, here we have a satisfying R2 value of 

0.36. 

4.4.3. Controlling for human and physical capital 

When we control for the level of human and physical capital the results obtained in the baseline 

regression are not only confirmed by significant results, the magnitude of inequality’s effect on 

economic growth becomes bigger. 
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In column (4) we control for human and physical capital using just one Gini lag. The result show, 

that the effect is now stronger. An increase of the Gini coefficient now yields a 1.3 percentage point 

higher cumulative growth over the next 5 years up from 1 percentage point. Still the result is 

significant at the 1% level. The number of observations are reduced to 307, due to lack of human and 

physical data for some of the time periods.  The R2 value stays at the 0.36 level when controlling for 

human and physical capital. In column (5) we use two lags, and again, similar results emerge 

confirming a cumulative effect of about 1.3 percentage points higher growth. Both lags are now 

individually significant at the 5 % level, and joint significant at the 1% level. Again, the number of 

observations decreases, now to 255, when considering two lags of the Gini coefficient. Now however, 

the R2 value rises to 0.42, its highest value for all regressions. The high R2 value puts emphasis on the 

significance of this result.  

The biggest difference we find when controlling for human and physical capital, is that now the non-

linear model is significant at the 1% level. At low levels of inequality, an increase in the Gini 

coefficient has a positive impact on growth shown by the positive coefficient on the Ginit-1 term. After 

a certain point, rising Gini coefficient hurts growth shown by the negative coefficient on Gini2
t-1. That 

is we find evidence of the theoretical hump-shaped relationship between inequality and economic 

growth as pointed out by Benhabib (2003). In his theory we can thus predict the optimal level of 

inequality and thus optimal level of the Gini coefficient. We solve for optimum in our function using 

the non-linear optimum of  

𝑥 =
−𝑏

2𝑎
 

where b is the linear coefficient and a is the non-linear. We insert 

𝑥 =
−0.0605

2 ∗ 0.0006
= 𝑥 = 50.41 

and find that the Gini coefficient that yields the highest economic growth in the next 5 years is 

predicted to be 50.41.  

So when economies become too unequal, with a Gini coefficient above 50, it is predicted to hurt the 

subsequent economic growth over the next 5 years. Here, once again the R2 exceed 0.4 enhancing the 

validity of the result. In 2010, only four countries had a Gini coefficient that was higher than the 

optimum. These were South Africa (59.49), Namibia (60.03), India (51.36) and China (53.56).  
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4.4.4. Actual Long-run implications of inequality on a select countries 

Due to the property of our regression model as a Solow equation, the coefficients are used to calculate 

the estimated change in steady state caused by a regressor and from that the economic impact of that 

regressor in terms of growth over the long run. What is actually calculated below is based on the 

assumption that the economies analyzed have not yet reached steady state, but are rather converging 

towards it at the speed suggested by the coefficient on the level of income, ln(𝑦𝑡−1). In our baseline 

result, table 2 column 1, we achieve a significant effect of inequality of 0,0095 and a significant effect 

on the level of income of -0,3358. If we e.g. calculated the estimated long run growth change during 

25 years from a one Gini point decrease in one period, using the equation for the speed of convergence 

from the review of the augmented Solow model and plugging in we get: 

�̂� =
−(ln(1 − 0,3358))

5
= 0,081834 

Speed of convergence is thus 0,081834. Then we calculate the estimated change in the steady state 

cause by the one Gini point reduction: 

−(
−0,0095

0,3358
) ∗ −1 = −0,028291 

Then we calculated a 25-year long run effect: 

(1 − 𝑒−0,081834∗25) ∗ −0,0289291 = −0,024634 

 Meaning a reduction in 25 year growth of 2,5 % points implying a negative growth effect of almost 

0,1 % point per year during a 25 year period. This may seem like a small percentage, though this is 

only the effect of change from one period of one Gini index point. Accumulating the effects of 

changes over several periods in a 20-year time sample, the effects will be cumulatively larger. 

 

In the above table the calculated effects of inequality for 1990-2010 for a chosen group of countries 

is seen. The estimated changes in GDP per capita growth are made based on inequality data from 

1985-2005 with the exception of Russia, which is 1990-2005. The estimates are for GDP per capita 

in the period 1990 to 2010. An overview of the effects is seen in figure 7 below: 

 Table 3 Brazil China India Mexico Russia South Africa 

Effect of inequality 2.26% 33.31% 3.86% 4.17% 36.09% -0.09% 



Christian Belling Sørensen, CPR: 140593-1547  Inequality & Growth 
Simon Bach Schjølin, CPR: 200794-2217  23rd of May 2016 
  B.Sc. International Business, CBS 

 41 | 64 
 

 

The actual growth is the percentage growth from 1990-2010, while the growth without the effect of 

inequality with all other variables being constant is shown beside. We see a clear impact in all 

countries except for South Africa, where the development in the Gini index has been unnoticeable. 

As reviewed earlier in the paper inequality has been rising for these countries in the period and this 

has led to the shown impact. In Russia, the big impact of inequality on growth is due to the big 

upwards shift in inequality around the early 90’s where the oligarchs harnessed much of the privatized 

physical capital. This gathering of physical capital was however, very efficient in creating growth. 

The estimated impact is not a precise illustration of reality but it is an indication of the magnitude of 

inequality’s impact upon these economies. The imprecision stems from the variety of countries 

researched, as China, Russia and South Africa are of course very different economies, where the 

magnitude of the effect of inequality and the speed of convergence to their steady states differ. 

Furthermore, due to simplicity, the effect calculated is based on the baseline specification, not 

controlling for human physical capital and not taking into account any potential non-linear effect.  

The impact of inequality is estimated from the observed changes in inequality and the estimates 

gained from the baseline regression in table 2, column 1. The method is based on the equation used 

for finding the impact of a 1-point Gini index decrease, using the speed of convergence and effect on 

the steady state. For each 5-year changes in inequality, an effect is calculated for the remaining years 

up until year 2010. E.g. the change of inequality in the time period 1985-1990 creates a shift in the 
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steady state, which then affects growth in 20 years. ∆ ln(𝑦2010) = (1 − 𝑒20�̂�) ∗ ∆ ln 𝑦∗ ∗

∆𝐼𝑛𝑒𝑞1985−90. The next period affects growth in 15 years, then 10 and then 5 years, ∆ ln(𝑦2010) =

(1 − 𝑒5�̂�) ∗ ∆ ln 𝑦∗ ∗ ∆𝐼𝑛𝑒𝑞2000−05. In practice, a shift of the same magnitude in the Gini index will 

have a larger impact in the earlier period than the later (Cingano, 2014). 

An example of the calculations for the impact for China is provided below, with �̂� = 0,081834 and 

∆ ln 𝑦∗ = −0,028291: 

∆ ln(𝑦2010) = (1 − 𝑒20�̂�) ∗ ∆ ln 𝑦∗ ∗ 4,71812 ∗ −1 = 0,1075 

∆ ln(𝑦2010) = (1 − 𝑒15�̂�) ∗ ∆ ln 𝑦∗ ∗ 4,79101 ∗ −1 = 0,0958 

∆ ln(𝑦2010) = (1 − 𝑒10�̂�) ∗ ∆ ln 𝑦∗ ∗ 4,20874 ∗ −1 = 0,06654 

∆ ln(𝑦2010) = (1 − 𝑒5�̂�) ∗ ∆ ln 𝑦∗ ∗ 6,65424 ∗ −1 = 0,0632158 

∆ ln(𝑦2010) = 0,1075 + 0,0958 + 0,06654 + 0,0632158 = 0,3331 

4.4.5. Using income shares as the inequality measure 

It is important to emphasize that the Gini coefficient is only one measure of inequality and it is far 

from perfect. As earlier mentioned, it can to a great extend describe inequality in a country, but it 

cannot more closely describe the income distribution. As the literature highlighted, inequality 

concerning certain income groups might have different effect on economic growth. Thus, we have 

extended our analysis to include the income share of certain income groups to the total income. That 

means, that a positive coefficient on the income share variable, whether it concerns the income share 

in the top or in the bottom of society, suggest increasing that income groups income share yields 

higher growth rates. The results are shown in Table 4 below. 
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Bottom income groups 

Column 1-3 show the findings when looking at the bottom income groups. Concerning the income 

share of the first decile, that is the poorest 10 % of a country, we see that raising their income share 

yields lower economic growth over the next 5 years. Raising the 1st decile’s income share by 1 

percentage point, yields a cumulative 4 percentage points lower economic growth over the subsequent 

5 years. However, this is only significant at the 10% level, and the observation count has decreased 

to 214 due to the shortage of income share data. This count is constant across all income share 

regressions. Further, the variation explained is high, as the R2 value is 0.45. This result indicates that 

increasing the income for the poorest decile of the population does not help growth, but actually does 

the contrary for emerging markets. 

The significance of this result rises when we look at the 1st bottom quintile, i.e. the poorest 20% 

although the effect decreases. This is what we see in column 2. If the income share of the lowest 20 

% income group rises by 1 percentage point, the cumulative growth during the next 5 years decreases 

by 2.2 percentage points. This result is significant at the 5 % level, and the R2 value is stable around 

0.45. This result confirms the earlier conclusion that increasing the relative income of the poorest in 

a country does not promote growth, but hurts growth.  

When looking at the lower-to-lower-middle income groups seen in column 3, that is the 20% to 40% 

lowest income group, the picture remains consistent. The coefficient of -0.0269 suggest that 

increasing this income group’s income by 1 percentage points, yields a cumulative growth that is -

2.7 percentage points lower during the next 5 years. Once again, the result is significant and the R2 

value remains high at 0.46. The implications of inequality now extend to more than just the poorest 

income groups. The result suggest that not only does higher income in the lowest income groups yield 

lower growth, the effect extend into the lower middle class. Thus, from this result, policymakers who 

focus on increasing income shares of the lower middle class will face lower growth.  

Top income groups 

When looking at the top income groups in column 7 and 8 we once again find significant results, this 

time with a positive coefficient. In column 7, when we look at the 5th quintile, that is the richest 20 

%, the results suggest that increasing their income share by one percentage point will yield a 0.7 

percentage point higher cumulative growth during the next 5 years. The coefficient is significant at 

the 5% level and the regression upholds a R2 value of 0.46.  
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In column 8 we look at the richest income group, the top 10%. Here the regression shows very 

consistent results with column 7.  The coefficient of 0.0068 suggest that increasing the income share 

of the top 10 % by 1 percentage point yields a cumulative growth during the next 5 years that is 0.7 

percentage points higher. This coefficient is also significant at the 5% level and upholds the R2 value 

of 0.46.  

These two columns show very consistent and similar results. The implication of these results are 

clear. In emerging markets, policymakers can increase the top income groups’ income share, that is 

concentrate more income in the top classes to optimize economic growth in the subsequent 5 years. 

Combined with the effects found when looking at the bottom income groups, prioritizing higher 

income to the top income groups over the bottom income groups will boost economic growth. 

However, we need to be careful with this interpretation. We have used net income, that is incomes 

after taxes, on the income shares variables and not market income shares, which is before 

redistribution. Thus, we need to show caution in inferring the effects of redistribution and channeling 

income from some groups to others. Instead, we can infer the effect of a policy that increase a certain 

groups’ net income.   

Bottom and top income groups 

Column 4-6 show the regressions where we use both bottom and top income shares as the independent 

variable. The regressions thus look at the effect of increasing the income share in either income group, 

while keeping the other group constant. Column 4 includes the 1st and 10th decile. Here we analyze 

the effect of raising the poorest 10% or the richest 10% income while controlling for the other. None 

of the two income share coefficients are significant at the 10% level. The R2 value still lies at 0.45. 

For column 5 we see similar results. Only in column 6 where we look at the 2nd and 5th quintile is the 

coefficient on the 2nd quintile significant at the 10 % level while the 5th quintile is insignificant. Thus, 

when we include both bottom and top income groups, we find no significant results. Here the 

correlation between the explanatory variables, the income shares of different income groups, help 

explain why. Table 5 below show the correlations between the income share.  
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Table 5 – Income share correlations 

 10th Decile  5th Quintile  2nd Quintile 1st Decile 1st Quintile 

10th Decile 1     

5th Quintile 0.9956 1    

2nd Quintile -0.9762 -0.9911 1   

1st Decile -0.8734 -0.9020 0.9292 1  

1st Quintile -0.9107 -0.9373 0.9631 0.9931 1 

 

The correlations reveal a very intuitive relation. When we increase the income share of one income 

group, the income shares of all other groups decrease. This would hold true often except for a few 

instances. One example could be if all the extra income to one income group was channeled from 

another income group. Then a third income groups share would be unchanged, while the two other 

income groups’ shares was changed. This extends into the findings of strong negative correlations, 

almost 1, between the top and bottom income shares. This strong negative correlation naturally exists 

from the argument just developed. As we can see each of the coefficients describing a relation 

between a bottom income group and top income group has a negative correlation higher than 0.87. 

The correlation between the top 10 % income group and the bottom 10 % is -0.87. Similar, the 1st 

quintile and the 10th decile is -0.91. If we look at the 5th quintile, the richest 20 %, we see similar 

correlations with bottom income groups.  The correlation between 5th quintile and the 1st decile is 

−0.90 and the correlation between the 5th quintile and the 1st quintile is -0.94. Thus, once again, we 

find that there is a strong negative correlation between the income shares of bottom and top income 

groups.  

These negative correlations can help us explain why we see insignificant results when including both 

a top and bottom income share in the regression. Since the top income share has a positive effect on 

growth and the bottom income share has a negative impact on growth, they tend to cancel each other 
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out when they are this strongly negatively correlated. Thus, neither combination of top and bottom 

income groups as seen in column 4-6 brings significant results.     

The conclusion from the regression using either top or bottom income group does not change from 

the aspects commented above. Increasing the income share of the bottom income group is predicted 

to decrease cumulative economic growth over the next 5 years and increasing the income share of top 

income groups is predicted to increase cumulative economic growth over the next 5 years.  

4.4.7. Sum up on results 

Our analysis yields four main conclusions of the effect of inequality on economic growth in emerging 

markets. These are: 

1. Inequality, measured by the Gini coefficient, promotes economic growth if using a linear 

regression model. This conclusion is robust when using more than one lag and while 

controlling for human and physical capital.  

2. Inequality, measured by the Gini coefficient, shows a non-linear, hump-shaped relation with 

economic growth. Rising inequality promotes economic growth, until the predicted optimal 

point with a Gini coefficient of 50.41. Higher inequality than 50.41 is predicted to hurt 

economic growth.  

3. Increasing the income shares of bottom income groups hurts economic growth. This applies 

to the 1st decile and the 1st and 2nd quintile.  

4. Increasing the income shares of the top income groups promotes economic growth. This 

applies to the 10th decile and the 5th quintile.      

5. Limitations and validity of regression  

5.1. Limitations on inference 
One of the major limitations to the above results concern the measure of inequality. As earlier 

elaborated, we have chosen to use the net income inequality measure, income after taxes and transfers. 

While this allow us to analyze the ultimate inequality observed in an economy and its effect on 

economic growth, it limits our inference. One of the big limitations is inference about redistribution. 

The results do not directly allow us to conclude whether redistribution is bad or good for growth or 

how redistribution should optimally influence inequality and income distribution. If so, we should 

have had a measure of inequality before taxes and transfers, such as market inequality, which could 

help isolate the effects of redistribution like in the earlier mentioned OECD (Cingano, 2014) and IMF 

studies  (Ostry, Berg, & Tsangarides, 2014). 
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Our inference is also limited by the heterogeneity of countries in our sample. Our sample consist of 

economies that are at very different levels of economic development, size, political systems, climate, 

regions and culture. Our regressions calculates single coefficients on each explanatory variable, 

meaning we implicitly find an average effect from all countries. Nevertheless, effects in individual 

countries might differ significantly from our found average effect. Thus while we find an overall 

effect for the sample, we cannot conclude which level of inequality the individual country should 

target. 

5.2. Violation of assumptions for unbiased estimates 

5.2.1. Perfect collinearity 

None of our variables suffer from perfect collinearity as shown in the correlation tables in the results 

section. However, when we use income shares as the measure for inequality, very high correlation 

exists between bottom and top income groups (See table 5). While this doesn’t violate the assumption 

of perfect collinearity it does constitute an issue with interpreting the effects when both income groups 

are included in the regression. Thus, we cannot control for both top and bottom income inequality in 

one regression but have to separate the two variables in two regressions to analyze the effect of each. 

5.2.2. Zero conditional mean 

The zero conditional mean assumption is one assumption that may likely fail for our model. 

Predicting economic growth is very complex and many factors determine the level of economic 

growth. Since we only use the lagged values of GDP per capita, inequality and physical and human 

capital as determinants for growth, we will have left out many factors that could both influence 

economic growth and be correlated with explanatory variables. One example could be technological 

progress. Technological progress and innovation might boost economic growth and might be 

correlated with inequality. The correlation can arise from causality both ways: inequality means 

higher reward for taking risks which yields higher innovation; or new innovations will allow some 

people’s income to rise yielding higher inequality. If innovation then has, a positive effect on 

economic growth this model will have an error term mean that is different from 0, as the effect of 

innovation is not controlled for. The same would go for factors such as changing government policies 

that may change both inequality and growth. Another correlation could exist between population 

growth and GDP per capita. Compared to Cingano (2014) this is some concern for our model. Our 

broad sample allow for many different levels of population growth across countries. This could 

significantly affect the levels of GDP per capita and bias our coefficient estimates.  
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Another reason for the zero conditional mean assumption to fail is measurement error. As commented 

earlier, attempts have been made to standardize inequality data. However, even though big progress 

has been made, the comparability of Gini coefficients between countries is to some degree limited 

because of measurement differences. Especially when we use net Gini coefficient, which is the 

income inequality after taxes and transfer. It can be very hard to standardize the net inequality due to 

the differences in taxes and transfers across countries (Solt, 2014).  

One way to test the assumption is to show that the residuals between the observations and the fitted 

values have a mean of zero at any time period. This is an estimate of the error term, which is supposed 

to have a mean of zero. The figure below shows a scatterplot of the residuals and a table of the means 

in each time period for all countries for the baseline regression, where we use only the lagged Gini 

coefficient and GDP per capita as explanatory variables for economic growth: 

Figure 8 – Scatterplot of residuals and table of means 

 

As the scatterplot of the residuals show, we see that in no time period does any distribution of the 

residuals really stand out. They tend to vary between -1 and 0.9 while the highest concentration is 

found between -0.5 and 0.5. It also indicates that the means of the residuals in any time period lies 

close to zero. The table shows the exact calculated mean of the residuals. As seen, the means lies 

Time 
Mean of 

residual 

1975 -0.05 

1980 -0.01 

1985 0.02 

1990 -0.03 

1995 -0.02 

2000 0.01 

2005 0.01 

2010 0.02 
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close to zero in every time period and only in 1975 was the difference from the mean higher than 

|0.03|.  

Showing that the mean of residuals is 0 for each time period only partly shows the zero conditional 

mean. Another way to do this is by showing a scatterplot of the residuals versus the fitted values of 

the regression. This is shown in the figure below: 

Figure 9 – Scatterplot of residuals and fitted values 

  
This figure shows a clear tendency. When the fitted growth predictions are negative or around 0, the 

residuals tend to be higher than 0, indicating that the error term is generally positive. That is, the 

unobserved factors seem to cause higher growth than what our model predicts at these values of 

explanatory variables. However, at higher growth rates we find a reverse trend. Here, the residuals 

are generally below 0, indicating the error term is below 0. Hence, at values of explanatory variables 

that predict higher growth rates the unobserved factors seem to cause lower observed growth rates. 

This indicates that the unobserved factors have some sort of correlation with the explanatory variables 

and thus might influence the observed growth rates differently for different values of explanatory 

variables. This indicates that the error term cannot be expected to be zero given any values of 

inequality and GDP per capita, and thus we have some evidence towards violation of the ZCM 

assumption. This constitutes a threat to the reliability of our regression since it seems very likely that 
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our coefficients are biased. However, the previous analysis is by no means conclusive, but only give 

evidence towards violating the ZCM assumption.  

5.2.3. Homoscedasticity 

In the regressions, we assume homoscedasticity when we do not use robust standard errors. This 

assumption specifically means that the variance of the error term of our regression is constant for any 

value of explanatory variables. This is a hard assumption to test directly. However, referring to the 

above figure 8 and 9 we do not see any graphical representation as no trumpet shape or increased 

variance is observed. Nevertheless, conducting the baseline regressions with robust “White” standard 

errors the significance of the results are not changed distinctly. The results when using a second lag 

on the Gini coefficient are the only to change. Here, the results when controlling for human and 

physical capital become insignificant with a p-value of 0,11 (See appendix 1). 

5.2.4. No serial correlation 

Concerning serial correlation, it is very difficult for us to show and calculate. We would have to 

calculate the correlations between the residuals in every time period for each country to get an 

estimate for the error and the correlation between errors in the time periods. That is beyond the scope 

of this thesis. We thus assume the no serial correlation to hold. A reason for doing so is also the 

relative limitation of time periods for each observation. No country will have more than 8 periods, 

and thus testing for serial correlation can be problematic as many countries often even have less than 

5 or 6 time periods (Torres-Reyna, 2007).  

5.2.5. Problems with fixed effects estimation 

One of the problems with using fixed effect for the panel data is if the Gini coefficient is very similar 

for each country across time. As stated in the method section, each explanatory variable needs to 

change over time. However, we have showed the trends in inequality where the average has changed 

and there was big diversification in whether countries saw increasing or decreasing inequality. Thus, 

we can with great certainty assume that although the changes may not have been large, we are still 

using explanatory variables that change over time.  

5.3. Alternative regression methods 
While the panel data regression model with fixed effects serves as a good model for our regression, 

certain limitation exists and the estimated coefficients are likely to be biased as elaborated above. 

Originally, we intended to run the system-GMM method which was both used by Cingano (2014) on 

OECD countries and Ostry, Berg, & Tsangarides (2014) on both OECD and non-OECD countries. 

The system-GMM has several advatages in the analysis of inequality’s effect on growth. It is designed 
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for situations with large “n”, equivalent to many countries and few “t”, equivalent to few time periods 

(Roodman, 2009) which would fit our sample data very well. Another reason is when the explanatory 

variables are not strictly exogenous, that is when the variables can be correlated with past or current 

error term (Roodman, 2009). Again, this could help our model tackle the issue of inequality being 

correlated with changing government policies or technological progress that also affects economic 

growth. It counter these issues by using lagged values of explanatory variables as instruments to 

explain the changes in the variable, thus countering the issue of endogeinity of variables. A more 

elaborate explanation of the system-GMM is beyond the scope of this thesis. Limited experience of 

econometrics have forced the project to use the simpler regression method of panel data regression 

with fixed effects.  

6. Discussion 
In the next section, we will discuss the results of the analysis in the light of the theory highlighted in 

the theoretical background and the empirical background. Differences in our results for emerging 

markets against Cingano’s (2014) results on the OECD countries are highlighted first. Hereafter, the 

different channels through which inequality could affect growth are covered in an attempt to 

theoretically reason and validate our empirical results from the analysis. We then use the inferences 

from here to compare the way inequality affects growth in emerging markets to the way inequality is 

affecting growth in the OECD countries. As a last point of discussion, we touch upon recent 

comparable results to see if a consensus with the literature is achieved or the results of this thesis are 

incompatible with the empirical research of others. 

6.1. Theoretical implications and comparisons to the OECD 
The main results of the analysis supports the fact that inequality is a driver of growth in the emerging 

markets. However, the study made by Cingano (2014) researching the OECD countries finds a 

negative effect of inequality amongst the small subset of countries. This effect does not alter when 

controlling for human or physical capital. In the analysis of this thesis an additional lag on the Gini 

index variable does not change the main result but rather empowers it slightly, giving a greater joined 

positive effect of inequality. In contrast in Cingano’s, study adding extra lags does not change the 

results significantly (Cingano, 2014). These two results, showing a small significance of extra lags of 

inequality may disprove any theory suggesting a significant difference in the short and long run 

effects of inequality. Further, Cingano finds no evidence for any non-linear effect of inequality in his 

sample. Meaning there is no optimal point for inequality where after appropriation of property, riots, 
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political redistribution etc. leads to a more harmful effect on growth. Nevertheless, in this thesis the 

non-linear effect of inequality is very prevalent. We tested this in the same manner as Cingano by 

adding a quadratic term of the Gini index to the regression, and a negative quadratic effect existed 

along with the positive effect of the first term. Cingano (2014) also tests the impact of bottom and top 

inequality and finds a negative relation between lower income for the bottom income groups and 

economic growth. This result supports his earlier conclusion, but what is interesting is the 

insignificance of inequality in the top of the distribution. A difference in the effect of top and bottom 

inequality resonates with many of the theories. Further, it is yet another difference in results from 

ours where we find a positive relation for inequality and growth both in the top and bottom end. 

Theoretical frameworks as reviewed earlier in the thesis may explain the differences in results for the 

OECD countries and emerging markets. In the next sections, we discuss the theories in relation to 

Cingano’s results and ours. 

6.1.1. Redistribution and political instability 

This thesis has limited itself to disregard redistribution and gross inequality in the regression analysis 

due to scope. However, the impact of inequality through harmful economic policies and political 

instability is not something we can disregard (Bertola, 1993) (Persson & Tabellini, 1994) (Alesina & 

Perotti, 1996) (Bénabou, 1996). Bertola (1993) creates a model where higher inequality would result 

in redistribution policies harming the economic growth. Persson and Tabellini backs this theoretical 

framework up with an empirical analysis finding that in democracies inequality will have a harmful 

effect controlling for other factors. However, an interesting discovery here is the distinction between 

democracies and non-democracies. As no significant effect is found in non-democracies, suggests 

inequality in non-functioning democratic system will not harm growth through distortionary policies. 

Our sample is comprised of many developing countries where the democracies in place are often 

flawed and corrupt and some states are even one-party states like China. In these countries the 

negative effects of inequality through this channel could be non-existing according to Persson and 

Tabellini.  

Nevertheless, Cingano (2014) researches the effect of redistribution directly in his study and finds no 

significant effect of redistribution. He does this through the inclusion of gross inequality or market 

inequality, which is the Gini index measured on income before taxes and redistribution. This is in 

sharp contrast to what the theoretical background suggests for a sample of functioning democracies. 

However, Cingano does note that his measure for redistribution is incomplete. Even though his 

measure is incomplete, it may still be reasonable to infer that when Cingano finds no effect of 
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redistribution. Combining the idea that redistribution does not have an effect in non-democracies and 

Cingano’s finding indicates redistribution might not have an effect in our analysis. Conflicting effects 

of redistribution, which offsets each others influence on growth, could cause the non-significance of 

redistribution. Redistribution can have positive effects for growth if used for growth spurting 

activities such as public financing of education (Saint-Paul & Verdier, 1993).  

Another effect of inequality on growth through political measures are the political instability caused 

by frictions in the society due to inequality as investigated by Alesina and Perotti (1996). They find 

a negative relationship between inequality and investment for their sample, through a socio-political 

instability index. When our analysis finds a non-linear relationship with the quadratic term being 

negative, it supports the negative effect of political instability. One must assume the effects of 

political instability worsens a lot as the change and level in inequality enters the extreme, where the 

more powerful effects of political instability arises like riots, coups etc. Cingano (2014) does not find 

such a non-linear effect, which in this case makes sense as extreme political instability is unlikely in 

the well-established democracies that dominate the OECD country sample. However, the effect may 

still be relevant for the OECD although to a less extreme extent, when looking at the results for top 

and bottom inequality (Cingano, 2014). The clear negative relation of bottom inequality without an 

effect of top inequality corresponds well with this theory.  

However, it does not match so well with our results of bottom inequality. Most positive effects in our 

sample as reviewed beneath will come from the richer part of the population having more money and 

not the lower part of the distribution having less. Further, the SPI theory would suggest a clear 

negative relationship between bottom inequality and growth; here we find the opposite. This is very 

likely due to the bad measure for bottom and top inequality in our thesis due to lack of data, where 

we measure just income shares. Cingano uses the mean income of a population group related to the 

mean of the population.  

In the remainder of this section, we will disregard our results from top and bottom inequality for two 

reasons. First, the channel through human capital should also have the effect of more equality in the 

bottom increases growth, and neither can physical capital or the reward to risk behavior explain our 

result. Therefore, the results of the income share analysis are not used further in the discussion, as the 

results seen for bottom inequality are likely a result of the high negative correlation with top 

inequality. The top inequality results have more face validity and should have a positive effect on 

growth in our sample and most effects reviewed below relates to top inequality and confirms our 
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results. Second, due to the limited page number differentiating the discussion on both inequality 

measures are too extensive. 

6.1.2. Physical or human capital? 

One of the earliest contributions to the inequality literature is by Kaldor (1957). As explained in the 

theoretical section Kaldor argues for the intuition that accumulation of capital leads to higher growth, 

and a higher savings propensity will give rise to more capital accumulation. He assumes that if income 

is unevenly distributed and amassed by fewer individuals the savings rate will rise. This theory of 

higher inequality leading to higher saving rates and thereby physical capital leading to higher growth 

has been widely discussed. One must say that isolated, Kaldor’s theory would perfectly explain our 

results of positive growth stemming from inequality. A perfect example of this amassing of wealth 

leading to investments in physical capital is how some Russian oligarchs created a massive growth 

spur for Russia after the absolving of the USSR (Guriev & Rachinsky, 2005). The theory fits our 

sample, but Cingano (2014) finds that inequality have a negative impact on growth. Does that mean 

physical capital does not matter in OECD countries? Alternatively, is the effect of inequality on 

physical capital not the same in emerging and OECD countries? We will reason our way to an answer 

below, however first, the concept of human capital must be included in the discussion.  

There is a consensus of human capital having an effect on growth (Mankiw, Romer, & Weil, 1992). 

Whether inequality affects human capital is another case. Simple logic would lead to believe 

inequality has a negative effect on human capital as investment in human capital requires investment 

be spread out across the population. So sufficient income equality enables everyone to invest in 

human capital. As there is a limit for the level of education one person can achieve education needs 

to be spread across a population.  

In our results, we discover a positive relation between inequality and growth, which would speak 

against the theory of higher inequality leading to less human capital leading to less growth. Cingano’s 

results is supported by the theory, so what are the differences in our samples when looking at 

inequality and human capital? The difference can lie either in the way human capital affects growth 

or the way inequality affects human capital. One explanation could be that human capital has a limited 

effects if a certain level of physical capital has not been achieved in the economy yet. If no factories, 

technology and infrastructure is present then investment in human capital may not have an impactful 

effect. This could explain the differences in the samples as the OECD countries would have a much 

higher build-up of physical capital in the time period tested, whereas many countries in our sample 
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are developing countries. Flug et. al. (1996) approaches the conundrum with the second explanation. 

They try to explain how inequality and other factors affect investment in human capital. In their 

research including volatility and financial depth as regressors they find inequality only having an 

effect on the investment in human capital in richer countries. In lower income countries, inequality 

was insignificant, with the effect of employment volatility being the significant effect instead. This 

suggests a very reasonable explanation for the difference in results between emerging and OECD 

countries. In our sample, just having a job allows the population to send their kids in school. In the 

OECD though, people often need to pay expensive fees for education, especially tertiary, resulting in 

just having a low wage job simply does not cut it for paying ones children’s education. The results 

from Flug et. al. supports that the negative effect inequality has on growth through human capital is 

not significant in developing countries, perhaps explaining our results of a positive relation. 

Nevertheless, human capital and physical capital are very interlinked and should perhaps be seen in 

a coherent interlinked framework.  

Galor and Moav (2004) suggests a framework explaining both the effect of human and physical 

capital on growth and inequality’s effect on capital. Further, the relative importance of human and 

physical capital is accounted for. As reviewed in the theoretical section there are two overall economic 

regimes along with three stages in the second regime. These regimes and stages could provide a 

theoretical explanation for our results and those of the OECD. However, placing our sample and the 

OECD into a regime and stage is necessary. This is a small problem for the OECD sample but our 

sample on the other hand is fairly broad in terms of development stages. The empirical results 

obtained by Cingano (2014) can reasonably be explained by the second and third stage in the second 

regime of Galor and Moav’s theoretical framework. These stages are characterized by well developed 

financial markets and plenty of investment in physical capital. Here human capital is the key to growth 

and inequality limits the spread of investment in education for poor people and therefore we see the 

negative empirical effects Cingano found. The countries in our sample are not yet in stage 2 or 3 of 

regime 2. More likely, the emerging markets of our sample will reside in regime 1 or transitioning 

into regime two, stage 1. In regime 1 the returns of investment in physical capital are bigger than for 

human capital, which supports inequality being positive for growth as higher inequality leads to more 

physical capital. In regime 2, stage 1, the economy develops into having better returns on human 

capital, however inequality is still necessary as only the rich will be able to afford education as the 

financial system is still undeveloped so poor people cannot borrow for it. The theoretical framework 
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for regimes gives a very credible basis for the baseline empirical results of this thesis in relation to 

Cingano (2014). 

6.1.3. Level of inequality and reward to risk 

As shown in the analysis the Gini index averages 40 in the sample countries of the thesis. Further, the 

spread of the sample is not very wide and 75 % of the sample has a Gini coefficient +35. Looking at 

the framework of Lazear and Rosen (1981) we find that a bigger reward for risk seeking behavior in 

the form of investments leads to more investment as the incentive behind investing is bigger. As the 

reward increases the incentive becomes bigger, which should in theory boost investment and increase 

growth. This mechanism itself speaks in favor of our results that inequality is positive for growth, but 

how can we establish that the level of inequality is actually high enough to have the anticipated effect? 

The only reliable way of doing this is looking at the sample in a relative perspective. The OECD 

sample covered by Cingano (2014) have a very steady development over the time period around a 

Gini of 30, rising from just below 30 to about 32 points. That is a 10 point difference between the 

two samples. This leads us to assume a difference in the reward to risk behavior between the OECD 

and the emerging markets.  

Lazear and Rosen’s framework does not suggest an unlimited reward to risk/investment ratio. The 

higher the reward, or inequality, the more the worker or population will invest, but at some point the 

costs of investment in e.g. education will not be worth the increased cost. Suddenly increased 

inequality will not increase growth of the economy. “If the marginal cost of skill acquisition is 

increasing, there is a unique equilibrium spread between the prizes that maximizes expected utility.” 

(Lazear & Rosen, 1981). Here the spread of prizes represents inequality of the income distribution 

while utility represents economic growth. This unique equilibrium theorized by Lazear and Rosen 

supports the finding of the non-linear relationship between inequality and growth in our regression. 

Benhabib (2003) supports a non-linear effect of inequality in his wholly theoretical paper, where he 

creates a growth model including political, capital and productivity influences. The optimum in our 

analysis is very high at 50 index points and is perhaps more an extreme or crucial tipping point than 

the hump-shape Benhabib suggests. 

6.2. Relation to earlier empirical findings 
Very few studies of inequality’s effect on economic growth have chosen to divide their samples in 

developed and emerging countries. Surprisingly, many of the theoretical effects of inequality on 

growth seems to be highly dependent on the development stage of the economy. This is shown both 

by Galor and Moav (2004) and now our thesis in relation to the OECD study by Cingano (2014).  
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Barro (2000) divides his sample and achieves very different results not only from this thesis but from 

the OECD report as well. The IMF report reviewed earlier in the thesis includes emerging markets in 

their regression, but fails to see the need to split up their sample (Ostry, Berg, & Tsangarides, 2014). 

Lastly, Flug et. al. (1996) splits up their sample as well. However, their research only digs into the 

effect inequality has on human capital proxied as secondary school enrollment. Therefore we will not 

discuss this paper. In this next section, we will review Barro and the IMF study in relation to our 

thesis to establish whether our results are credible or if inequality’s effect on growth in emerging 

markets need further study. 

The IMF study of 2014 has many of the same conclusions as Cingano (2014) and uses broadly the 

same method of system GMM regression, which unfortunately our thesis is limited from using. The 

report comments on the development of inequality in emerging markets, saying it is very different 

from the OECD that have been experiencing growing inequality. Our trend analysis is consistent with 

IMF study of 2014. Their sample includes both the emerging markets along with the OECD countries 

and they use the same inequality dataset as our analysis. However, they do not divide their sample 

into developed and emerging countries when running their regression to check whether their results 

would differ for the two groups. This fact makes it hard to compare the two studies with relation to 

our baseline regression. We can explain the difference in results in two ways. Either it is due to 

regression method system GMM, which is better at controlling for reverse causality and endogeneity. 

Alternatively, it is due to the broader sample of countries, since they include both OECD countries 

and does not exclude the “low income” countries of the emerging markets list from IMF (2015). 

Nonetheless, the IMF study also includes an analysis of top and bottom inequality. They find similar 

results to Cingano, though using another measure for the top and bottom income distribution. They 

use the same measure as in this thesis, which is quintile and decile income shares. They find that the 

1st, 2nd and 3rd quintiles are positively related to growth, meaning a higher income share for the 60 % 

poorest of society will affect growth positively. Further they find top inequality to be harmful to 

growth. These results are in complete contrast to our results, in spite of using the same measurement 

for top and bottom inequality and almost the same control variables. This fact does pose a validity 

problem for the results of the thesis, since the method used in the IMF study is superior to that of this 

research. But again the sample is different so exact comparability is mistaken. However, the results 

of the IMF with regards to quintiles are more intuitive and holds greater face validity, even though 

the OECD countries are included in the sample. The face validity of the IMF comes simply from the 

intuition behind lowering the income share of the poorest giving rise to higher growth is not coherent 
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with inequality theory. We must therefore assume a critical stance toward our own results and more 

research in the area must be done before a conclusion can be made.  

Barro (2000) discovers absolute opposite results to that of this thesis and of Cingano’s (2014) research 

paper. First, he finds inequality has no significant impact on growth using a sample of 100 countries 

consisting of both developed nations and emerging markets. When splitting up his sample in rich and 

poor countries based on GDP per capita a positive effect of inequality on growth is revealed in richer 

countries and a negative relation in poorer countries. This is in opposition to both Cingano and our 

results. Barro (2000) reasons his results with credit market constraints lessening in more developed 

markets, strapping away the harmful effects of inequality but leaving all the positive effects. This 

inference pairs well with the theories of human capital and risk reward behavior (Lazear & Rosen, 

1981), but completely disregards political implications of inequality, which is one of the heavier 

researched areas of inequality’s effects (Bertola, 1993) (Alesina & Perotti, 1996) (Bénabou, 1996) 

(Persson & Tabellini, 1994). Aside from Barro’s results going against much of the literature his 

analysis seems to be flawed in a number of ways. His inequality measure in the analysis are 

unadjusted Gini-indexes seemingly mixing data from household surveys, individual surveys and net 

and gross Gini indexes. This strips away the comparability as argued by Solt (2014), who shows the 

different Gini measures can vary in comparability by more than 10 points. Alone from this fact the 

results of this thesis and Cingano (2014) are more reliable, nonetheless further critique is needed. 

Barro uses his own endogenous growth model for the research, which leads him to include 12 

dependent variables in his regression on growth. Using this many variables in a panel data set, which 

require many observations for a credible result, limits the degrees of freedom. On top of this his 

number of observations are only 79-87, which is less than Cingano, who specifically mentions using 

a simple model due to the limits of the panel regressions. Furthermore, Barro chooses to divide the 

sample period 1965-1995 up in only 3 ten year time periods, which limits the number of observations 

further. The different effects of inequality on growth in relation to development stages clearly needs 

further studies as shown by the dissimilarities of this thesis and the existing research papers. 

7. Conclusion 
This paper falls within a subject populated with a huge amount of literature on inequality and 

economic growth. We find the field to be highly complex. Inequality can affect growth through many 

different channels with different effects. This makes it very hard to make decisive conclusions on the 

effect inequality that incorporates all aspects. However, the contribution of the thesis to the subject 
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of inequality and growth is clear. Our results show that depending on the stage of economic 

development, there is a difference in how inequality affects growth. Based on a new and yet to be 

fully exploited dataset on inequality and relevant data from the World Bank, the analysis suggests 

that inequality has a positive effect on growth in emerging markets. The sample consists of 71 

countries in a time period from 1970-2010. Following a modified version of Cingano’s method we 

reach significant results of a positive linear relationship between inequality and growth. Further, we 

find a significant non-linear inverted u-shape relationship with an optimum of 50. The results prove 

robust to several robustness tests. Additionally, income share data is utilized to test the effects of top 

and bottom inequality, where unexpectedly, both top and bottom inequality has a positive effect on 

growth. 

Concerning the trends in income inequality, our analysis suggested only a small decreasing trend in 

average inequality during the period. However, the sample showed very diverse individual trends in 

the evolution of inequality. 

The regression results are in stark contrast to the results of Cingano on OECD countries and highlight 

the importance of economic development studies and of tailoring economic policies to a country’s 

situation. Inequality in developing countries and emerging markets should perhaps not be seen as a 

warning sign but as a sign of faster convergence towards the steady state and becoming a developed 

nation. According to our analysis, inequality has an optimum for emerging markets, meaning 

inequality should not be cultivated to the extreme. However, the results indicate that policies should 

not be effectuated in an attempt to bring down inequality in emerging markets. 

Policy recommendations are to be taking lightly as limitations of this study are present both due to 

the choice of method of this thesis and the data utilized to proxy inequality and human capital. Our 

analysis presents an overall effect without elaborating or showing impact of policy implications. 

Further, our analysis suggest inequality’s effect in emerging markets are widely different from 

developed countries. Implementing policies targeting inequality believing the effects are the same in 

developed nations and emerging markets is ill advised.  

Our results suggest that inequality in top income groups promotes growth. This indicates that taxing 

high income people higher hurts growth. However, this does not mean rich people should not be 

taxed, or that tax circumvention should not be battled. It is worth noting that income shares of the 

very top percentages, say 2 or 1%, are not available. The effect that top inequality is good for growth 

may not apply if looking at the top 2 or 1%. Our results further suggests that tax money should be 
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used with care and not for the intent of making cash transfers to the poorest in society. Rather policies 

supporting growth such as subsidizing certain industries or investing heavily in infrastructure are 

favored. 

Our results still leaves many unanswered questions. Is it possible to conceive that a developed 

financial system is what turns the effect of inequality around? Does investment being open to poorer 

people make the positive effects of inequality redundant? The differences in inequality’s effect on 

growth could be explained by the economic regime as suggested by Galor and Moav (2004). Further 

research is needed to establish the effect of inequality on growth in emerging markets. Studies 

confirming or disproving the results of this thesis should be on the research agenda. 
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