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1 Introduction 

 For many years, the focus of governments and international organizations was economic 

growth in an absolute sense. The focus was not on the distribution of wealth and income among 

countries or within countries, but on the attainment of that wealth and income for all countries 

and population units within countries. The development of economic inequality studies as a 

discipline can be tied to any number of socioeconomic currents, including the rising of 

intranational wealth and income inequality in the majority of the world, the newfound knowledge 

of exactly how rich the rich are, and the relationships between economic inequality and minority 

demographics (Piketty 2013, Norton and Ariely 2011, DeSilver 2014). Within this body of 

research, the majority focus on income inequality as opposed to wealth inequality. Despite this, 

research has suggested that not only is wealth inequality more drastic than income inequality, it 

is possibly the leading cause of income inequality (Piketty 2013). This is perhaps due to the lack 

of data on wealth inequality, as income inequality figures are often computed from income tax 

data, and no exact equivalent exists for wealth. Despite this lack of data, articles abound with 

exclamatory headlines such as “Just 8 men own same wealth as half the world”, “If you thought 

income inequality was bad, get a load of wealth inequality”, and “Racial Wealth Inequality in 

The U.S. Is Rampant” (Oxfam International 2017, Ingraham 2015, McCarthy 2017). This article 

attempts to add to the study of wealth inequality by examining the relationships between 

intranational wealth inequality and other national factors relating to economic, governmental, 

and societal factors.  

The subject of differential intranational wealth inequalities lies at the center of a number 

of related but distinct disciplines. The subjects of econometrics, machine learning, and political 
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economics all lie within this realm. More specifically, the question of what factors are related to 

differential intranational wealth inequalities are well explained by the application of machine 

learning tools to international political and economic data. Advances in the application of the 

techniques comprising machine learning have been applied to these fields only recently, though 

the toolset has demonstrated great explanatory capabilities in both of these complex, high-

dimensional fields (Muchlinski et al. 2016, Ikonen 2016). This paper attempts to bridge the gap 

between these disciplines by applying a combination of linear parametric regression estimators, 

nonlinear nonparametric regression estimators, and non-linear parametric regression estimators 

to explain differences in wealth inequality between countries, considering a multitude of factors 

involving a combination of economics, political science, and public policy. This approach is in 

line with Liran Einav’s prediction for the application of “Big Data” to economics, as he suggests 

that these tools might be best used by constructing a ‘“very broad set of potential variables”’ in 

order to understand complicated phenomena (Taylor, Schroeder and Meyer 2014). 

The literature on this subject is somewhat scarce when compared to the bevy of work 

done on understanding factors related to income inequality. Still, this research is dwarfed by the 

volume that uses income and wealth inequality as one factor in a estimator to understand growth 

(de Dominicis, Florax and de Groot 2008). There are a litany of reasons for this, including, but 

not limited to, the lack of underlying theoretical understanding of the relationships between 

wealth disparity and the variables included in this study, a lack of quality data, and the 

simultaneity of many of these variables. A combination of extensive research in the past decades 

by various research teams and the liberal use of Mallett’s estate-multiplier method has allowed 

for more research in the past decades, perhaps most significantly Piketty’s 2013 work Capital in 

the Twenty-First Century (Mallet 1908). 
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I propose three separate estimators in this paper: one naive ordinary least-squares 

regression, one Random Forests regression, and one country fixed-effects regression. Each 

represents a different point on the intelligibility-performance continuum, as described in 

Johansson et al. (2011). The ordinary least-squares estimator is a stalwart of the econometrics 

literature, and provides a basis from which to begin in the study. Random Forests is considered a 

“black box” estimator, meaning that it is not always easy or possible to understand the way that 

the estimator works. Fortunately, it is not entirely opaque due to its underlying tree structure. 

This structure allows for visualization and more interpretability than other such estimators 

(Breiman 2001, Shklovsky 2017). In an effort to increase the interpretability of the results of this 

paper, I fit a country fixed-effects estimator to understand the potential non-linearities while 

maintaining interpretability.  

This study attempts to contribute to a number of different conversations. For one, it 

examines the degree to which wealth inequality and growth are associated, and in what form they 

are associated if they are so. It proposes Random Forests as a technique of variable selection in 

explaining phenomena with little intuition on explanatory variables. Finally, and most 

significantly, it attempts to find what variables are associated with disparate levels of wealth 

inequality in a country.  

 

2 Literature Review 

2.1 Inequality and Growth 

2.1.1 History of Inequality and Economic Growth Studies 

The study of the relationship between economic growth and inequality is of vital import 

when attempting to find determinants of wealth disparity because it is one of the most well-
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researched areas of inequality, and provides valuable foils and lessons for this study. Until 

recently, the discussion of wealth inequality was sidelined by the focus on income inequality. 

Even today, the two are sometimes considered substitutes in estimators, broadly grouped 

together as “economic inequality” (De Dominicis, Florax, and de Groot 2008). The early 

discussion of the relationship between inequality and economic growth was dominated by the 

famous “Kuznets Curve” in the 1950’s and the 1960’s. The Kuznets Curve is an inverted U-

curve, indicating an increase in income inequality as GNP per capita rises in the early stages of 

economic development, and a decrease in income inequality later as urbanization and 

industrialization slows (Kuznets 1955). This theory held in certain circumstances— OECD 

nations until the 1970’s. In less developed nations, the results are mixed, and after the 1970’s 

inequality in fact rose, contrary to the Kuznets Hypothesis (Adelman and Morris 1971). 

More recently, De Dominicis, Florax, and de Groot (2008) provides a valuable 

introduction to the development in the understanding of the relationship between inequality and 

economic growth over the period of 1980-2008, inspired by Baumol (1986) and Barro (1991). 

The majority of these studies find positive relationships between inequality and growth, though 

with some high-profile counterexamples (Alesina and Rodrik 1994, Alesina and Perotti 1996, 

Forbes 2000, Li and Zou 1998). The data used by these studies varies as time goes on, but 

Deininger and Squire’s dataset, Maddison’s 1870-1979 dataset, and Summers-Heston’s dataset 

on national incomes are the most typical. Deininger and Squire explicitly use land as a proxy for 

wealth, and the other two datasets do not directly involve wealth or income inequality (Deininger 

and Squire 1998). Studies that utilize the latter two data sets typically consider income inequality 

as a proxy for wealth inequality. (Aghion, Caroli and García-Peñalosa 1999). These studies apply 

Generalized Method of Moments estimators (difference and system) or cross-sectional ordinary 
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least squares (OLS) regressions. Later contributions from Banerjee and Duflo (2003) and Hauk 

and Wacziarg (2009) suggest that this lack of consensus of the directionality of correlation 

between inequality and economic growth is due to the fact that most of these studies consider 

linear relationships between growth and inequality, when the true form is non-linear. This 

conjecture will be explored further in this paper.  

 

2.1.2 Theoretical Underpinnings 

The theoretical underpinnings of the relationship between growth and inequality has been 

separated into approaches; that support the idea that there is a positive or a negative relationship 

between wealth inequality and growth. There are three significant theoretical arguments for why 

inequality and growth are positively correlated. First, Aghion, Caroli and García-Peñalosa (1999) 

discuss the argument that the marginal propensity to save is higher for the rich than for the poor, 

as formalized by Stiglitz (1969) and Bourguignon (1981). So, if the investment rate and the 

savings rate are positively correlated, this would cause there to be a positive correlation between 

growth and inequality. This argument would also lend support for a strongly positive relationship 

between income inequality and wealth inequality. Another argument for a positive relationship 

between inequality and growth is characterized by two basic economic concepts: barriers to entry 

and sunk costs. Lucrative investments often require high amounts of sunk costs, which can be an 

insurmountable obstacle for the poor. Thus, in the absence of public investment, the rich are 

needed to invest in new innovations (Aghion, Caroli and García-Peñalosa 1999). The third and 

final argument in favor of a positive relationship between inequality and growth is based on the 

incentives presented to workers in an entirely egalitarian society. A more egalitarian income 

distribution would thereby disincentivize additional work, stifling growth (Mirrlees 1971).  
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There are four principal arguments for a negative relationship between growth and 

inequality. The first two discussed here are described as political economy arguments in 

Banerjee and Duflo (2003), with more detail coming from de Dominicis, Florax and de Groot 

(2008). First, the “endogenous fiscal policy” approach posits that inequality negatively affects 

growth due to the greater amount of market distortions created by government. The logic here 

states that as inequality increases, so too will the government’s willingness and incentive to 

create redistributive taxation and expenditure policies, thereby decreasing growth (Alesina and 

Rodrik 1994). An alternative but related theory is the “socio-political instability” approach, as 

put forward in Alesina and Perotti (1996). It is theorized that as inequality increases, so too will 

the amount and degree of “activities outside the normal markets”, which may be any manner of 

criminal actions that negatively affect growth. One recent publication that can be read in support 

of this theory is Walter Scheidel’s The Great Leveler: Violence and the History of Inequality 

from the Stone Age to the Twenty-First Century. In it, Scheidel discusses the demonstrable 

lagged effects of mass-mobilization warfare, transformative revolutions, state failure, and 

disease. After any of these events, wealth inequality decreases, and growth occurs, albeit some 

years after the catastrophe. Muller and Seligson (1987) argue that the socio-political instability is 

not caused by wealth distribution, in their study proxied by land inequality, but rather income 

inequality. The next two arguments are more connected to wealth effects than political economy. 

The third argument in this vein is described as the “borrowing and investment in education” 

argument by de Dominicis, Florax and de Groot (2008). This point is based on two conditions, 

decreasing returns on capital investments and capital market imperfections. In a situation marked 

by these two conditions, individual investments will approach a point at which they are roughly a 

function of an individual’s initial endowment. This inequality is detrimental to growth because it 
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concentrates wealth in the hands of those with a relatively low marginal return to investment. 

Finally, the joint education/fertility framework put forward in Galor and Zang (1997) emphasizes 

the fact that given an income distribution, a higher fertility rate will cause there to be less money 

to invest in education per child. This will contract growth, as there is a contraction of human 

capital. 

 

2.2 Wealth Inequality and Income Inequality 

2.2.1 Measures of Inequality 

 In discussions of inequality, scholars have often not found it necessary to distinguish 

between income inequality and wealth inequality (de Dominicis, Florax and de Groot 2008). An 

underlying assumption in the literature was that while these two figures were not exactly 

equivalent, they were sufficiently correlated that income inequality could be used as a proxy for 

wealth inequality, as it was in many of the previously discussed studies. Some studies used the 

distribution of land as a proxy for wealth inequality, Alesina and Rodrik (1994) for one.  

 This strategy is made necessary by a lack of data on wealth and its intranational 

distribution, at an international level. There has been a good deal of research in international 

wealth and income disparity, with countries as the unit of measurement, but severely less on the 

topic of wealth disparity with a country. Extensive work has been done on developed countries, 

with the earliest using the “estate-multiplier” method developed by Bernard Mallett (Lampman 

1984). Methods have been developed to create figures of wealth disparity by studying everything 

from hunter-gatherer societies to Pleistocene burial sites, as evidenced by Smith et al. (2010) and 

Trinkaus et al. (2014), respectively. However, the bulk of these figures are derived from expert 

testimony on the given society rather than records, so they do not see wide use in economics or 
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public policy. The favored sources for computing wealth disparity figures shares are those 

described in Fecundo, Atkinson, and Morelli (2017): household surveys of personal wealth, 

individual estates at death (utilizing the estate-multiplier method), wealth taxes, investment 

income (capitalized to yield value of underlying wealth), and lists of large wealth holders from 

sources like the Forbes Richest People in America List. Some of these sources aren’t available in 

certain countries, so consistent methodology of computation is not always possible when 

comparing across countries. The data used in this particular study will be discussed further in 

Section 3.  

 The choice of using a Gini coefficient in studies of inequality is a common one, and often 

a decision of convenience. It is easily interpretable, relatively widely available, and it passes 

nearly all of Sen’s criteria of a measure of inequality (Sen and Foster, 2010). It is highly 

interpretable, as it is bounded by 0 and 1, with a Gini coefficient of 0 corresponding to a 

perfectly equal distribution, and a value of 1 corresponding to a perfectly unequal distribution. 

There are situations in which a Gini coefficient may be greater than 1, as some individuals may 

actually have a negative value for wealth, income, etc.. It is also relatively simple to explain as 

the ratio between the area between the line of equality (45°) and the observed Lorenz curve to 

the area between the line of perfect equality and the line of perfect inequality. It was developed 

fairly early in the study of economic inequality, which has led to its computation in many studies 

stretching back to 1912 (Ceriani and Verme 2011). This wide use has created a type of lock-in, 

as the Gini index has come to be the industry standard of inequality indices (Shapiro and Varian 

2010) ("Inequality Measurement Development Issues No. 2" 2015). The Gini coefficient passes 

the bulk of Sen’s criteria for a measure of economic inequality, only failing two criteria. It fails 

to be bounded by maximum inequality, as the Gini could be any value greater than 1 because 
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there can always be more negative wealth and thus a more unequal distribution. It also fails the 

subgroup decomposability criterion, which states that an inequality metric should be expressible 

as an exact sum of a ‘between group component’, where each individual in a subgroup receives 

the subgroup’s mean wealth, income, etc., and a ‘within-group component’, which is a weighted 

sum of subgroup inequality levels with the weights depending on the subgroup’s wealth, income, 

etc. shares or population share (Sen and Foster, 2010).  

There are certainly downsides of the singular use of the Gini index to estimator a given 

nation’s wealth or income distribution. As Boghosian (2017) notes, “...the Gini is only one figure 

used to characterize an entire wealth distribution”. The wealth shares by population used to 

compute the Gini are sometimes used as an alternative because they provide a more detailed 

snapshot of the distribution.  

Other measures of wealth or income disparity include the “20/20 ratio”, the Hoover 

Index, the Atkinson index, and the Theil index. Of these, the 20/20 ratio is the most commonly 

computed because it only requires knowledge of the top 20% of the wealth distribution but does 

not satisfy many of Sen’s conditions of an inequality metric. The other three are not as 

commonly computed, but offer alternatives to and in some cases theoretical advantages over the 

Gini. Most significantly, the Theil index passes the subgroup decomposability qualification 

described above where the Gini does not (Sen and Foster 2010).  

 

2.2.2 Determinants of Low Wealth Worldwide 

The reason that this section is devoted to the determinants of low wealth and not high 

wealth is because there is precious little data on the rich. The US Survey of Consumer Finances 

does not include data on the top 400 households in wealth in its sample, and more broadly 
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countries often underestimate the number of high net-worth individuals. The Credit Suisse 

Global Wealth Databook, which includes the Gini coefficients of wealth used in this study, 

utilizes a fitted Pareto line to determine the population of the highest wealth strata. While it is not 

easy to directly study the very wealthy, it is not as difficult to study the very poor, at least in 

some countries. It is useful to consider the determinants of poverty because while it should not 

be assumed that the determinants of high wealth are the complement, knowledge of the 

determinants of poverty may prove explanatory in examining the determinants of inequality.  

Using a sample of 54 countries with representation across the national income and 

geographic location spectra, Credit Suisse presents a number of determinants of low wealth on a 

global basis. They find that low wealth is associated with low income and high debt, and a lack 

of real assets. These findings are highly intuitive, but valuable nonetheless. Additionally, they 

discover that a given household’s wealth is highly connected to the characteristics of the head of 

household, including that individual’s age, gender, work status, relationship status, education 

level, and number of children, if any. The factors in the Probit estimator they develop that add 

the most risk of being in the bottom quintile of the wealth distribution are being young (<35), 

single, and poorly educated (primary only). The typical household portfolio for the bottom 

quintile in the Eurozone and the bottom quarter of the United States wealth distribution are rather 

alarming, as in the Eurozone the debt of these households is equal to 108.2% of assets as of 

2010, and 98.8% for the bottom quarter of U.S. households as of 2013. These households are 

heavily overweight in deposits, and underweight in other assets compared to their respective 

economic areas, and their principal residences make up a great deal of their non-financial assets 

relative to the non-financial asset compositions of their respective economic areas. In the United 
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States, the vehicles of the bottom quarter make up much of the rest of their non-financial assets, 

with 42.7% relative to the US population’s figure of 7.6%.  

 

2.3 Machine Learning and Econometrics 

2.3.1 Ordinary Least Squares 

 The Ordinary Least Squares (OLS) estimator is sufficiently common that it will not be 

given a full treatment here. Multiple linear regression (MLR) attempts to estimate parameter 

values, XJ, with a linear in parameters formula of the form: 

 

                    (1)  

 

where X1-n are the predictors, β1-n are the quantifications of the association of the predictor and 

the response Y, and  is the error term. β0 represents the value of the function when the values of 

X1-n are held to be 0, an assumption that is often unrealistic in practice. That value may or may 

not have significance depending on the model and the data. This quantification is interpreted as 

the average effect on Y of a increase of one unit in X, with all other factors held constant. The 

process of estimating these coefficients on the predictors involves minimizing the residual sum 

of squares (RSS), where 

 

                      (2)  
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which with substitution is equivalent to: 

 

                    (3) 

 

The values of βi that minimize the RSS are the coefficients for the MLR (James et al., 2017). 

This model has a number of assumptions, given below: 

1. The regression model is linear in its parameters. 

2. Homoskedasticity of residuals or equal variance. 

3. No autocorrelation of residuals. 

4. The regressors and error term are uncorrelated. 

5. The number of observations is greater than the number of regressors. 

6. The variability in features is positive. 

7. The regression model is correctly specified. 

8. No perfect collinearity among regressors. 

If conditions 2, 3, and 4, and 5 are satisfied, then the OLS model can be said to be “BLUE” or 

the best linear unbiased estimator of the coefficients, if one exists (Hayashi 2001).   

 

2.3.3 Random Forests 

 A description of the Random Forests for regression, or Regression Forests, should begin 

with a discussion of generalized Classification and Regression Trees (CART) because these trees 

are used as the ‘weak learners’ that are aggregated together to form the Random Forest (Breiman 

2001). To explain this algorithm, it will be assumed that this tree is unrestricted by the choices of 

how many nodes are allowed, the number of levels of the tree that are allowed, and the minimum 

number of observations per leaf. Basic tree methods involve segmenting the predictor space into 
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separate regions, essentially clustering certain groups of observations together. This is achieved 

through top-down, recursive, greedy binary splits. This means that starting from an unsegmented 

predictor space, the first variable that is split on will be the variable that the resulting subtrees 

have the lowest RSS, as compared to any other choice of variable and any other choice of value 

of that variable, or cutpoint. This process then occurs again in each of the subtrees, until a tree 

with absolute purity at each of the leaves is found. In the sense of clustering, this would represent 

clustering to such a degree that every single observation is in a cluster of its own. The vital 

difference between a regression tree and a classification tree is whether the response variable is 

real-valued or not. A regression tree will produce values of the response variable by taking the 

mean of all of the observations at a given leaf node, where a classification tree will predict a 

class at a leaf based on the majority class present at that leaf.  

Put more formally by Gareth et.al. (2017), the algorithm for regression trees is as follows: 

1. Divide the predictor space (the set of all possible values x1, x2, …, xn) into J separate, 

distinct, and non-overlapping segments given by R1, R2, …, RJ. 

a. Select predictor XJ, cutpoint ti such that separating the predictor space into 

regions {X | XJ < ti} and {X | XJ ≥ ti} leads to the greatest possible reduction in 

RSS. 

i. Find j, ti that minimize: 

’ 

      (4) 

 

where   is the mean of the response variable for the observations in R1 and  

is the mean of the response variable for the observations in R2. 
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b. Recurse on both subspaces until ending conditions are met 

2. For every observation in region RJ, make the same prediction, the mean of the response 

values of the observations in RJ.  

Figure 1: Regression tree partitioning algorithm (Hastie, Tibshirani and Friedman 2009) 

 

  

 Tree-based methods are normally applied when the underlying relationship between the 

features and the response is non-linear. They present certain advantages over linear regression 

estimators, such as their understandability, visualization capabilities in high-dimensional space, 

and abilities to handle qualitative predictors without the creation of binary variables (Hastie, 

Tibshirani, and Friedman 2009). The understandability and visualization capabilities are 

demonstrated by Figure 1, in which a Random Forests Regressor is shown in spatial and tree 

form. In this depiction, each cutpoint ti is within one of two dimensions, but one could easily 

imagine how this algorithm scales to more than two.  

Random Forests should not be used in cases where the underlying function is well 

understood to be linear because this estimator class does not exploit this linear relationship, and 
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they tend to be highly unstable based on the data that is used to create them. For example, the 

unrestricted regression tree created above would be heavily overfitted to the data used to build it, 

and likely would not perform very well in practice. 

Random Forests attempts to solve this problem of high variance by aggregating these 

trees, each built using a subset of the available observations. It is part of a class of machine 

learning algorithms called “ensemble learning”, which consist of “weak learner” methods 

aggregated together to form one strong learner (Opitz and Maclin 1999). In Random Forests, the 

weak learners are individual regression trees, and the meta-algorithm used to generate diverse 

trees is called bootstrap aggregation, or “bagging”. Bagging involves taking a bootstrap sample 

from the population of observations, which is a sample with replacement, training a learner based 

off the bootstrap sample, then averaging all of the learners to create one single estimator 

(Breiman 1996).  

Random Forests includes one more unique method. When building each decision tree, the 

algorithm does not select the absolute best choice of predictor XJ and cutpoint ti such that RSS is 

minimized. It does so in a limited fashion, as only a random sample of the total population of 

predictors are considered at each split. This method decorrelates the trees from one another. This 

is the innovation that sets Random Forests apart from other tree-based aggregation techniques, as 

it results in higher variance, which is a positive outcome insofar as it allows for a greater range 

of possibilities, and the instability is eliminated via bagging (Breiman 2001).  

 

2.3.3 Country Fixed-Effects Estimator 

 The purpose of using a country and year fixed-effects estimator in this study is to 

improve upon the interpretability of Random Forests while keeping the variables chosen by 
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Random Forests in mind, to control for unobservable country characteristics like national culture. 

More generally, fixed-effects estimators explore the relationship between predictor and outcome 

variables within an entity, in this case a country. The assumption herein is that something within 

the country may bias the predictor or outcome, some time-invariant characteristic of a given 

country, which can be controlled for using fixed-effects. Another important assumption is that 

each country’s error term and constant is uncorrelated with the others (Croissant and Milo 2015). 

The unobserved effects model is as follows: 

   (5)  

 

where it, the idiosyncratic error, is assumed to be independent of the regressors and the 

individual error i. From here, further specification will result in a fixed-effects model or a 

random-effects model (Baltagi 2015). In this study, a country fixed-effects model is used for 

multiple reasons, including but not limited to analytic simplicity compared to the previous 

Random Forests estimator and an intention to make strong, accurate inferences about the 

observed countries. When attempting to understand wealth inequality, it seems assumptive and 

flawed to make statements about the wealth inequality of countries like Cuba or the Democratic 

People’s Republic of Korea when these nations are unique to some degree and not observed in 

the dataset. Fixed-effects models often result in stronger statements about the significance of 

variables, but risk yielding artificially precise estimates, while random-effects have the opposite 

risks and rewards (Card 2011).  

 

3 Data 

3.1 World Wealth and Income Database 
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 The World Wealth and Income Database is a massive database of macroeconomic data 

and inequality data by country and by year. It is managed by five of the preeminent researchers 

in economic inequality in Facundo Alvaredo, Lucas Chancel, Thomas Piketty, Emmanuel Saez, 

and Gabriel Zucman, as well as being formerly managed by the great Tony Atkinson prior to his 

passing. It represents the combined work of over 100 researchers, with each individual country’s 

data coming from multiple different researchers. In total, over 200 modern countries, territories, 

states, and historical nations are represented in the data, of which 58 have inequality data as well. 

The information is gleaned from national accounts, survey data, and fiscal data sources 

("Methodology" 2018).  

 Variables included in this database are specifically stipulated in the tables in Section 9. 

Generally, they involve macroeconomic factors and population figures. Many of the variables 

present in this dataset are not included in the dataset used in this study due to the fact that they 

are only available for the most studied and wealthiest nations, so any imputation would lead to 

biased results. This process will be discussed further in Section 3.6. 

 

3.2 Credit Suisse Wealth Databook 

 The Credit Suisse Wealth Databook is an annual report available for the years 2010-2017, 

with data on 177 countries as of the 2017 version. Included in it is a dataset that includes the 

distribution of adults by wealth range in US dollars, with buckets of under 10,000, 10,000-

100,000, 100,000 - 1 million, and over 1 million. Credit Suisse defines adults as individuals aged 

older than 20 years. From these data a wealth Gini coefficient is computed. These Gini 

coefficients are the response variable in the estimators created in this study.  



21 

 To create these distributions, direct data is used for 31 of the countries, and the remainder 

are imputed using an assumed relationship between the distribution of income and the 

distribution of wealth based on the work of Davies, Sandström, Shorrocks, and Wolff (Davies 

et.al. 2007) (Davies et.al. 2008). Of the 31, all but four have incomplete data on ultra-high net 

worth individuals. This is because of wealthy households are less likely to respond to household 

sample surveys, and the assets that these groups are most heavily invested in e.g. equities and 

bonds are less likely to be reported in full. This is adjusted for using the data included in the 

Forbes list of world billionaires (Credit Suisse Research Institute 2017). Specifically, these data 

are used to fit a Pareto distribution to the upper tail of 56 countries. The tail values are then 

replaced by these adjusted values, and the sample is re-scaled to match the mean wealth of the 

tail. Population sizes for these tails vary between 100 and 10,000, with a minimum population set 

at 100 (Credit Suisse Research Institute 2017).  

 All told, there are 1331 observations in this dataset, which is the same size as the dataset 

used in this study because no Gini coefficients were imputed. Figure 2 shows the distribution of 

these Ginis over their range, with each interval between ticks separated into 10 different bins. 

There is no statistically significant change in the mean Gini coefficients of the surveyed 

countries over the period in question, 2010-2017, as a Bartlett test of the Ginis for each year 

suggests that a paired sample t-test with independent variances should be used, which in turn 

shows that the inter-year change is not statistically significant in any of the years, nor is the 

change between 2010 and 2017.  Figure 3 shows the trend in mean Gini over the years with a 

95% confidence interval, visually confirming the finding. 
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Figure 2: Histogram of Wealth Gini Coefficient Distribution with Smoothed Trendline 

 

 

Figure 3: Mean Gini Coefficient over years 2010-2017 with 95% CI 

 

3.3 CIA World Factbook 

The CIA World Factbook holds a great deal of data that is not easily found elsewhere, 

aggregated together in one place. Variables like the number of ethnic groups present in a given 

country, rate of urbanization, and military expenditure as a percentage of the country’s GDP, to 
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name a few. The data are prepared by the United Central Intelligence Agency, with the data 

originating in many different corners of the United States federal government. Unfortunately this 

means that the data’s source is not readily apparent. The variables included in the dataset from 

this data source are included in Table 2. Choices of which factors to include in the dataset were 

not made on the basis of what might prove explanatory, but rather which variables were 

populated for most if not all of the years and countries in which the Credit Suisse Databook has 

Gini coefficients.  

 

3.4 Cross-National Time-Series Data Archive 

 The Cross-National Time-Series Data Archive has some overlap with the data included in 

the CIA World Factbook. It contains data from over 200 countries, including measures of 

production, development indicators, domestic conflict measures, and metrics of government type 

and effectiveness, among many other factors. Information on exactly which variables from this 

dataset are included in the dataset used in this study is available in Table 3.  

 

3.5 Aggregation Methods 

 These disparate datasets were brought together using a number of libraries within Python, 

including Pandas (Python Data Analysis Library), NumPy (a scientific computing library), and 

BeautifulSoup (a web scraping library). The data from the World Wealth and Income Database 

was aggregated together from its individual files by country and by data type (macroeconomic or 

inequality) into a singular Pandas dataframe. The Credit Suisse Gini coefficients were pulled 

from the text of each of the Wealth Databooks, 2010-2017, cleaned, and put into a .csv file. CIA 

World Factbook data is only downloadable as individual HTML files, so a system of file reading 
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and recursion was devised such that certain variables were read in using BeautifulSoup. This 

data was then collected together into one Pandas dataframe in a similar way to the data from the 

World Wealth and Income Database. Finally, the data from the Cross-National Time-Series 

Excel file was read into a Pandas dataframe and scaled according to the units in the column 

name. Each of these dataframes were then joined together using left outer joins on the index, 

which is of the form “ISO Alpha 3 Code- Year of Observation” for each country and year of 

observation for every single dataframe. Then, all observations where the Gini coefficient field 

was not populated were filtered out, as well as all variables that were not more than 33% 

populated and all observations of quasi-states and regions (e.g. The Holy See, Africa). Finally, 

binary variables corresponding to all individual countries and years represented in the dataset are 

created. The resulting dataset is the dataset used for the following imputation process. 

 

3.6 k-Nearest Neighbors Imputation 

 After completing the process above, there were still many missing values. Since some of 

the algorithms utilized in this study require the all predictors to be entirely populated, the missing 

data have been imputed. These data will be used to generate estimators that require individual 

real values as predictors and not ranges, so single imputation is the only option. This was 

accomplished through the use of the kNN function in the VIM package in the R programming 

language. The k-Nearest Neighbors algorithm as implemented in the VIM package involves 

taking the weighted average of the k closest points in n-dimensional space to the point with the 

missing value, as computed by the Gower distance. The Gower distance is defined as  

                    (6)  
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where  is the weight and  is the contribution of the kth variable (Kowarik and Templ 2016) 

(Gower 1971). The Gower distance offers advantages over the traditionally used Euclidean 

distance because it allows for the use of binary, categorical, ordered, continuous, and semi-

continuous variables.  is defined at length for each of these different types of variables in 

Kowarik and Templ (2016). In this particular use of kNN, the n-dimensional space is the 

variables “Area in Square Kilometers”, “Population | individuals | All Ages”, “Wealth Gini”, 

“National Income | individuals | Average | Adults | constant 2015 local currency”, “Weighted 

Conflict Index”, and “Year”, with k = 3. K is chosen to be 3 in accordance with the findings of 

Beretta and Santaniello (2016). Since it is not possible for a weighted mean to be outside the 

range of a given variable, none of the imputed values fall outside of the previous ranges.  

 None of the Wealth Gini values are imputed using this method, all are taken directly from 

the Credit Suisse World Factbook dataset. See Table 2 for summary statistics on the variables in 

this dataset. Figure 3 contains plots of Percent Imputed, or the percent of the variables that were 

imputed for a given observation, against various measures of national income, revenue, 

expenditure, and wealth inequality. The histogram on top of the scatter plot is the distribution of 

Percent Imputed, and the histogram on the right is the distribution of the variable on the Y axis. 

The Pearson correlation coefficients demonstrate that these variables are not strongly correlated, 

as all are within the range (-.2, .2), but the p-values show that these relationships are significant. 

Thus, there are legitimate grounds for concern regarding the bias contained in this imputation 

process.   
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Figure 4: Plots of Percent Imputed against Wealth Gini, National Revenue, National 

Expenditure, Total GDP 

 

 

 

4 Naive OLS Regression Estimator 

To create a basic Ordinary Least Squares regression estimator, I chose variables that have 

established connections to income according to the literature discussed previously. Drawing on 
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the literature discussed previously, specifically using measures of economic growth, investment, 

domestic conflict, industrialization, demographics, development, and urbanization. Regression A 

is a simplistic form, using only national gross domestic product to explain variation in wealth 

inequality. B attempts to incorporate the literature discussed above concerning wealth and 

income inequality, involving figures of economic growth, investment, natural resources, 

domestic conflict, industrialization, demographics, technological development, and urbanization. 

All of these results are shown using heteroskedasticity-robust standard errors, specifically 

utilizing the Sandwich estimator (Carroll et al. 1998). 

 

 

Figure 5: OLS Summary 

          A          B 

 

Intercept                      7.0909-1***           6.4740-1***            

              (2.3356-3)           (1.0324-2)             

 

Total GDP in 2015 Local Currency                         7.9278-18***          1.4684-18          

              (1.3887-18)            (1.152618)           

 

Per Capita GDP Originating in Industrial Activity                             9.5051-7*           

                  (4.1672-7)             

 

% Annual Increase in GDP Per Capita                              7.0273-4***           

                    (1.8159-4)             

 

Degree of Parliamentary Responsibility                              -2.2985-2*** 

                  (1.9583-3) 

 

Legislative Effectiveness                                2.5719-2***              

                  (3.1631-3)             

 

Mobile Cellular Telephones Per Capita                             3.5459-2*** 

                     (5.9296-3) 

 

Population                 -1.7606-11 

                  (1.5895-11) 

 

Market Value of Publicly Traded Shares              1.0363-13***          

                  (1.7148-14)            

 

Agricultural Labor Force as % of Total Labor Force             3.1029-4*** 

                  (8.5664-5) 

 

Proved Reserves of Crude Oil                              1.8693-13**            
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                  (6.7409-14)            

 

Imports Per Capita                                -2.0332-6***          

                  (4.5937-7)             

 

Riots                  2.3024-3**             

                  (7.7978-4)             

 

% Annual Increase in Population Density                             1.2204-3 

                    (1.1381-3) 

 

Debt, External                 1.1027e-13***          

                  (1.8717-14) 

 

% of GDP with Investment in Fixed Capital as End Use                    -1.0060-3***          

                 (2.28794)             

 
Standard errors are reported in parentheses.  

‘ ’, ‘.’, ‘*’, ‘**’, ‘***’ indicate significance at the  <90%, 90%, 95%, 99%, 99.99%, and >99.99% levels, respectively.  

R-squared                             0.08471                  0.2777 

Adjusted R-squared                              0.005137                 0.2695 

Residual standard error                                        0.08471                   0.07259 

Degrees of Freedom                                                                         1334                         1320 

 

A few findings and choices here bear further expansion. The first finding here is that 

when other factors are controlled for, national GDP is not an explanatory factor in explaining 

differential wealth inequalities. It is left in this estimator so that the effects of other terms can be 

understood while holding total GDP constant, and because it may be a counterintuitive result for 

some. The second variable, the Per Capita GDP that originates from Industrial Activity, conveys 

that as industrialization occurs, so too does wealth inequality. As economic growth in the form of 

GDP per Capita increases in this estimator, so too does wealth inequality. This lends support for 

the positive relationship between economic growth and economic inequality discussed by 

Aghion, Caroli and García-Peñalosa (1999), and Alesina and Rodrik (1994), among others. 

Degree of Parliamentary Responsibility is a variable between 0 and 3 which is the degree to 

which a premier relies on a majority of the lower house of legislature for continuous position in 

office. 0 equates to no legislature, and 3 is when the premier’s position in office is 

constitutionally and effectively dependent upon the legislature. There is a negative relationship 

between this figure and wealth inequality, and a significant one. This may signify that an 
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effective power-sharing agreement between the premier and legislature is negatively associated 

with higher wealth inequality. Legislative Effectiveness is another non-real-valued variable 

which quantifies the power of the national legislature. 0 is where there is no legislature, and 3 

involves a powerful legislature with authority over taxation, vetoes, etc. As this variable 

increases, so too does wealth inequality. The pure number of citizens in a given observation did 

not prove explanatory, but it is left in the estimator so that it may be controlled for. The percent 

annual increase in population density is another measure that is left in for the same reason, as 

well as to demonstrate its lack of explanatory power since one of the factors thought to be 

significant in the economic growth and inequality literature was urbanization.  

To further describe regression B, four plots were created, shown in Figure 4. All plots 

except for the Normal Q-Q plot have a LOWESS curve overlaid to aid interpretation of the 

general trend (Fox and Weisberg 2011). The upper left, Residuals vs. Fitted, plots the value of 

the residual for a given observation against the predicted values. If there is no heteroskedasticity 

present in the estimator, then the variance in residuals should not change as the fitted value 

changes. Some heteroskedasticity is present, as there is greater variance between .65 and .75. 

The dispersion of points does not clearly suggest a nonlinearity, only a certain region in which 

error is greater than in other areas. This regression has better predictive capabilities for the more 

extreme wealth distributions to each side than for those in the middle of the distribution of 

values. Unfortunately, this means that the majority of the observations fall in the range of worse 

predictive performance. 54.7% of the observations have Gini coefficients in the range [.65, .75]. 

Expanding on this, from the Normal Q-Q plot, one can see that the data are slightly heavy-tailed, 

with little skew if any. This means that the data do not conform to a normal distribution because 

there are more observations towards the extremes and fewer in in the center of the distribution 
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than there is in a normal distribution. The plot in the bottom left plots the fitted values for the 

Gini coefficient against the square root of the absolute values of the residuals. The problematic 

[.65, .75] range is more evident here, with greater variance than the rest of the range. The 

Residuals vs. Leverage plot shows that there are no outliers with undue significance in this 

estimator. Leverage in regression analysis is a measure of the how far away the regressor values 

at a given observation are away from the regressor values at other observations. A problematic 

influential point for this regression would be a point in the upper or lower right of the plot, a 

point with high leverage and either a very high or very low residual. All of the variables fall 

within Cook’s distance lines, meaning that they have acceptably small Cooks distances. (Fox and 

Weisberg 2011). Observation #746, which is Morocco in 2013, has by far the most leverage of 

any point in the estimator and has a larger residual than one might prefer, but because it has a 

Cook distance of less than .5, it cannot be said to be influential.   
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Figure 6: OLS Regression B Summary Plots 

 

 

There is good reason to be concerned about collinearity in this regression, as one could 

see how these variables might be associated with one another. However, these variables do not 

suffer from a great deal of collinearity, as demonstrated by their variable inflation factors shown 

Table 3. A VIF greater than 10 is considered to be a signal of a collinearity problem, so there is 

little risk here with all values less than 2 (Naimi et al. 2013) (James et al., 2017).  
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While effective in informing and critiquing some of the discussions in the literature, this 

regression estimator does not explain a great deal of the variance seen in the data, and it assumes 

a linear relationship against the suggestion of Banerjee, Duflo (2003). Additionally, there is very 

little inference in this problem regarding the important variables in understanding, explaining, 

and predicting wealth inequality, and what form these variables take. To address these questions, 

a Random Forests estimator is fit to the data. 

 

5 Random Forests Estimator 

 The Random Forests regression is much less interpretable when compared to the multiple 

linear estimator previously studied. Here, it will be used in one of its strongest use cases, to 

determine variable choice and form for a more interpretable regression estimator, in addition to 

demonstrating some of the non-linearities of the estimator. There are methods through which the 

estimator can still be understood, which are included below. Since the hypothesis space is 

enormous when using Random Forests, the p-value is not widely used, and the goodness-of-fit is 

instead is based on the out-of-bag (OOB) R2 or Mean Squared Error (MSE). “Out-of-bag” means 

that the RSS in the R2 calculation is evaluated using unseen data, data that is taken “out of the 

bag”, meaning that it is not in the training set. This R2 can be negative if a estimator performs 

particularly poorly or the training and test sets are not strongly correlated.  

 This Random Forests estimator is trained using 1000 trees, the minimum set out by 

Breiman (2001), though many have found that number to be greater than necessary. This choice 

is defended by Figure 6, in which the MSE is plotted against the number of trees in a Random 

Forest built from this dataset. Diminishing returns on marginal increases in the number of trees is 

evident. Each of these trees is limited in its depth, with a maximum depth of 5 to prevent 
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absolute purity. While Breiman correctly states that Random Forests do not overfit in the sense 

that adding more trees will not lead to greater error, a estimator that clusters every single 

observation into its own cluster can be thought of as overfitting, albeit in a different manner 

(Breiman 2001). Setting a maximum depth is one way of preventing this. Prior to creating the 

estimator, all of the data was normalized by variable. 

Figure 7: MSE and number of trees in Random Forest 

 

 The regression using 1000 trees has an OOB R2 score of .616, with a Spearman 

correlation coefficient of .814 between the training and the test data and a .847 Pearson 

correlation coefficient between the training and test data. An unrestricted estimator achieves an 

OOB R2 of .723, with a Spearman of .88 and a Pearson of .881. Even when the estimator is 

allowed to overfit, it does not fully explain all of the variance that exists in the data. This could 
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be due to omitted variable bias or measurement error. Nevertheless, the restricted fit is 

reasonably good, as demonstrated by Figure 8 which plots the predicted Gini coefficients against 

the observed Gini coefficients. The red line on the diagonal is the line upon which every point 

would fall if it were perfectly predicted.  

Figure 8: Random Forest Predicted Ginis and Observed Ginis 

 

In order to better understand the structure of the trees that make up the estimator, Figure 

9 depicts a tree that was selected at random from the forest. The coloration is more saturated if 

the average value of the Gini is higher at that node. If the statement given in the first line of the 

node is true, then the observation will traverse to the upwards, and if is false then it will traverse 

downwards. While the data used for fitting the Regression Forest discussed above is normalized, 
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the same data used here is not so as to aid interpretability. The value of Degree of Parliamentary 

Responsibility being less than -.066, say, is less understandable than the value of Degree of 

Parliamentary Responsibility being less than 2.5.  

 

Figure 9: Tree #885 Diagram 

 

 

In the case of this tree, due to either the observations that this tree received or the subset 

of possible variables to split on, the leaves with the most extreme Gini values, 0.4462 and .975, 

found at (T,F,T,F,F) and (T,T,F,F,F) respectively, have more than one observation at them. By 

tracing these extremes back and examining the decisions that led to these leaves, one can 
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understand the characteristics that relate to many different levels of wealth inequality. To trace 

the leaf at (T,F,T,F,F) back, one can see that the countries with the lowest wealth inequality in 

this sample have slightly fewer telephones than the countries with the next lowest wealth 

inequality, they have a GDP per capita factor cost between 23250 and 11527, electric power 

production per capita less than 9143.3008, national government expenditure lower than 

59249999872. One could generalize these statements, but since this tree is a “weak learner” and 

not the full estimator it would be assumptive to do so. Only statements regarding this sample can 

be made from this tree.  

Now that the estimator has been established, the variables that are seen as important by 

the estimator will be found. The “Variable Importance” in Random Forests is calculated using a 

variety of different measures, discussed in Siroky (2009), but in the implementation used here 

variable importance is given by the total decrease in node impurities (calculated using the 

residual sum of squares) that results splitting on the variable at hand. This value is then averaged 

over all of the trees in the forest. The variable importances for the ten most important variables 

are shown in Figure 10. Variable importance is computed two different ways here. First, as the % 

increase in Mean Squared Error if the variable were randomly permuted compared to what they 

actually are. The variable importance figure is this difference averaged over all of the trees in the 

forest. The other measure is the total decrease in node impurities from splitting on the variable in 

question, measured using the residual sum of squares. The second variable importance figure is 

this diference averaged over all of the trees in the forest. These variable importances line up with 

the tree shown in Figure 9, as variables concerning electricity production, telephone usage, and 

trade are used may times to split on. 
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Figure 10: Random Forest Regression Variable Importances 

 

 These variables were then used to create partial dependence plots, which allow for 

interpretation of the marginal effects of a variable on the response. This is accomplished by 

plotting the line defined by: 

 

(7)                                                                

 

where x is the variable in question, and xiC are the other variables. This summand is the predicted 

regression function (Friedman 2001). Figure 11 contains these partial dependence plots for all of 

the variables in Figure 10. Ticks are displayed on these plots at each decile to show the 

distribution of the variable on the x-axis. The plots are arranged in order of most to least % 

increase in MSE if the variable were randomly permuted, the same figure that is used to sort the 

left side of Figure 10.  
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Figure 11: Partial Dependence Plots for Important Variables 
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The most clear result of these plots is how stark the decision boundary appears. However, 

when looking at the rug plots included in these plots, one can see that relatively few observations 

lie outside this decision boundary, so the boundary may be much more linear than it appears. 

Since these plots are made from the entire tree, strong assertions can be made about the 

population. Table 9.4 shows the country and year for the top 5 and bottom 5 observations for the 

variables above, excluding Degree of Parliamentary Responsibility because it is not real-valued. 

The detail of these observations gives a better sense of what groups and relationships are being 

discovered. First, it is the case that as electricity imports rise, so too does wealth inequality. A 

more complicated relationship exists between wealth inequality and electricity exports, one of 

many non-linearities in this estimator. Electricity Power Production Per Capita shows a strong 

decision boundary which seems to capture whether or not a country is technologically developed 

country or not. The degree of parliamentary responsibility shows a negative relationship here 

with wealth inequality, just as it did in the MLR estimator. The percent increase in exports per 

capita shows that as exports increase, inequality is predicted to decrease. Interestingly, Exports 

Per Capita has a similar plot, but Total Exports has the opposite trend. The stock of domestic 

credit is the total quantity of credit provided by banks to non-banking institutions in a given 

country at a specific year, so it makes sense that such a figure or financial stability would be 

positively associated with wealth inequality.  

The stated purpose of the use of Random Forests in this application is to determine what 

variables should be used, and to examine non-linear forms. The result of the study to this point is 

that the relationships are generally well-described by linear approximations, with a few high-

profile counterexamples. With these variables and forms in hand, a country fixed effects 

estimator can be fitted to improve interpretability and minimize omitted variable bias. 
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6 Country Fixed-Effects Estimator 

 Two different country fixed-effects estimators are fit to the data. One incorporates the 

variables from OLS Regression A, while the second includes the variables thought to be 

important by the Random Forests estimator. This data set in panel form is unbalanced, as some 

countries have as few as four observations instead of eight. A number of variables were created 

to address the non-linear forms seen in Figure 11, including binary variables that tell whether the 

percent increase in exports per capita is less than 10, whether imports per capita is less than 

15,000, and whether exports per capita is less than 15,000. All standard errors and p-values are 

shown using heteroskedasticity-robust standard errors.  

 

Figure 13: Country Fixed-Effects Regression Results 

               A       B 

 

Electricity Exports      2.5895 E-13    

       (1.9189 E -13)            

 

Electricity Imports                            1.0251 E-12 *** 

               (1.8328 E-13)           

 

Stock of Domestic Credit                            5.3903 E-14 *           

       (2.2005 E-14)  

 

Electric Power Production Per Capita    -2.6823 E-6 *** 

       (4.7114 E-7)  

 

Degree of Parliamentary Responsibility    -2.7365 E-3. -2.1760 E-3 

       (1.6501 E-3) (1.7090 E-3) 

 

log(Exchange Rate of Local Currency to US Dollar)  4.6253 E-3 ***     

       (1.0076 E-3)   

 

Stock of Direct Foreign Investment Abroad   -3.1310 E-14 ***          

       (9.3660 E-15)             

 

National Government Revenue    2.0081 E-14 *            

       (8.1850 E-15)   

   

% Annual Increase in Exports Per Capita < 10   7.5923 E-3 *             

                   (3.1528 E-3)             
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Imports Per Capita < 15000                            1.5332 E-2 . 

         (9.1160 E-3)  

 

Exports Per Capita < 15000     2.5485 E-2 ***  

       (7.1900 E-3)  

 

% Annual Increase in GDP Per Capita      3.2215 E-4  . 

         (1.7949 E-4) 

 

Mobile Cellular Telephones Per Capita      8.9994 E-3 

         (6.4686 E-3) 

 

log(Total Population)       -4.3914 E-3* 

         (2.0944 E-3) 

 

Market value of publicly traded shares      4.3454 E-14 ** 

         (1.5555 E-14) 

 

Proved Reserves of Crude Oil      -4.2320 E-14 

         (9.1927 E-14) 

 

Imports Per Capita        -1.0065 E-7 *** 

         (2.9830 E-7) 

 

Riots         7.4433 E-4 

         (6.6918 E-4) 

 

% Annual Increase in Population Density     -1.2808 E-4 

         (7.1665 E-4) 

 

External Debt        6.1214 E-14** 

         (1.9368 E-14) 

 

% of GDP with Investment in Fixed Capital as End Use    -1.1241 E-3 *** 

         (3.3621 E-4) 

                   

 
Standard errors are reported in parentheses.  

‘ ’, ‘.’, ‘*’, ‘**’, ‘***’ indicate significance at the  <90%, 90%, 95%, 99%, 99.99%, and >99.99% levels, respectively.  

Within R-squared                             0.14209  0.049584 

Adjusted Within R-squared              0.00521  -0.10205 

Residual standard error                             0.04609  0.048513 

Degrees of Freedom                                                                         1147                        1147 

   

One will notice that these R2 values are much smaller than the R2 values seen in the 

Ordinary Least Squares estimators. This is because the explanatory effect of the intercepts is 

taken out of this estimator through de-meaning (Gould 2003). Hence, these R2 values are listed 

as “Within” R-squared figures to distinguish them.  

The variables chosen by Random Forests, the variables in fixed-effects regression A, are 

significantly superior in explaining the differences between national wealth disparities than the 
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variables chosen by the surveyed literature and intuition. There are a number of interesting 

relationships found here, which will be discussed beginning with fixed-effects regression A. 

Electricity exports was not found to be significant at the 95% confidence level in its logarithmic 

or linear forms, and parliamentary responsibility has consistently been found to be negatively 

associated with wealth inequality in all of the estimators in this study. The plots of residuals vs. 

fitted values for the wealth Gini coefficient given by these two alternatives are given below in 

Figure 12. Heteroskedasticity is certainly present, with more variance in the residuals between 

.65 and .85.  

Figure 14: Residuals vs Fitted Plots for Fixed Effects Regressions 

 

For the sake of visual comparison against Figure 8, the two plots below show the fitted 

Wealth Gini coefficient values against the actual values for both country fixed-effects estimator 

A and B. As in Figure 8, the idealized diagonals are shown in red, and the lines of best fit are 

shown in blue, which are fitted using the LOESS method.   
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Figure 15: Actual vs. Predicted Plots for Country Fixed-Effects Regressions A, B 

 

Table 9.5 contains the VIF values for Fixed-Effects Regression A, which will be the 

regression used for comparison against Random Forests and OLS moving forward. There is 

greater multicollinearity than in the OLS estimator previously developed, but there is not so 

much that it presents a problem in this particular regression. Table 9.6 contains the fixed effects 

for all of the countries in the dataset.  

 

7 Conclusion 

 The first, and perhaps most significant result of this study is the creation of a novel 

dataset that relates weath inequality and a great number of different factors of national income, 

governmental structure, international trade, and type of economy, among others. As time passes 

and this dataset is appended to with new data, more variance over years will occur, leading to a 

greater understanding of wealth inequality in the peaks and valleys of international markets. 

Hopefully this dataset will inspire others to study these relationships more rigorously and give 

them the tools to do so.  
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 The relationship between wealth inequality and growth is not well researched, but in this 

study it seems that growth and wealth inequality are much less related than growth and income 

inequality. Wealth and income inequality are so distinct that the country with the lowest income 

inequality in this dataset, Denmark, has the two highest figures of wealth inequality. Economic 

growth, measured using the “ 

 The techniques surveyed here each have unique costs and benefits. It is difficult to find a 

fair way to compare these approaches—OLS provides theoretical simplicity, Random Forests 

provides maximal fit, and country fixed-effects provides a more nuanced understanding of the 

understanding across countries. A comparison using Mean Squared Error or R2 would favor 

Random Forests, while a comparison focusing on the basis of interpretability would favor one of 

the linear regression estimators. Nevertheless, Figure 12 provides two plots with comparisons of 

these techniques on the basis of RMSE with percentages of data used in training, one with 

standardized axes to show the scale of difference in standard deviation mean RMSE and one 

without. These plots were created using 10 runs each of each algorithm and training percentage. 

For OLS and Random Forests a simple training-test split was used, randomized each time, and 

for Country Fixed Effects a class-balanced sampling procedure was used.  
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Figure 16: Box Plots of RMSE 

 

 



46 

 

Not only does Random Forests perform better by this metric than the other 

two methods, it also has the lowest standard deviation. However, as previously 

discussed, it is much less useful in determining relationships and not overly 

intelligible. It performs well in its given task in this study, to select variables that 

might prove significant in a fixed-effects estimator, as the fixed-effects regression 

that uses variables selected by Random Forests has superior explanatory power to 

the fixed-effects regression that uses the initial variable selections from the OLS 

estimator. This is one possible area where such statistical learning methods may be 

applied to difficult questions of social science. There is little intuition available on 

what is associated with disparate levels of wealth inequality, so a high-dimensional 

environment was created from which the few dimensions that clearly separated 

certain groups could be selected for.  

Finally, this study examined the explanatory variables relating to 

intranational wealth inequality. These variables proved to be largely grouped into 

measures of electrification, trade, governmental effectiveness, and investment. It is 

difficult to say with certainty that these variables are not proxies for others, but the 

country-fixed effects estimator serves to minimize omitted variable bias so that 

clear relationships can be seen. Overall, this study has found that countries with 

higher absolute trade, higher revenue and expenditure, lower parliamentary 
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responsibility and effectiveness, and more investment tend to have higher wealth 

inequality.  

These relationships are complex, and the estimators are not easily 

interpretable. More work needs to be done to discover causal factors and more 

clearly discern groupings of countries with similar characteristics and wealth 

distributions. Variables concerned with policy, taxation, tariffs, and corruption 

would be valuable additions to the dataset, and could explain much more of the 

variation in the wealth Gini coefficients studied here. As time goes on, improved 

record-keeping and greater digital access to records will mean that less imputation 

is required, minimizing bias due to faulty imputation. All of this is not to say that 

the findings in this article should be diminished, only that this field is nascent and 

these relationships should be investigated further prior to making strong claims 

about the causes and effects of disparate levels of intranational wealth inequality 

and the “clusters” of countries with high or low wealth inequality.  
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Population...male...Po
pulation...50.to.54...po

pulation 

 

Population...male...Po

pulation...50.to.59...po
pulation 

 

Population...male...Po

pulation...55.to.59...po

pulation 
 

Population...male...Po

pulation...60.to.64...po

pulation 

 
Population...male...Po

pulation...60.to.69...po

pulation 
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Population...male...Po
pulation...65.to.69...po

pulation 

 

Population...male...Po

pulation...70.to.74...po
pulation 

 

Population...male...Po

pulation...70.to.79...po

pulation 
 

Population...male...Po

pulation...75.to.79...po

pulation 

 
Population...male...Po

pulation...80.to.84...po

pulation 

 

Population...male...Po
pulation...80.to.89...po

pulation 

 

Population...male...Po

pulation...85.to.89...po
pulation 

 

Population...male...Po

pulation...90.to.94...po

pulation 
 

Population...male...Po

pulation...90.to.99...po

pulation 
 

Population...male...Po

pulation...95.to.99...po

pulation 

 
Population...male...Po

pulation...Adults...pop

ulation 

 

Population...male...Po
pulation...All.Ages...p

opulation 

 

Population...male...Po

pulation...Children...p
opulation 

 

Population...male...Po

pulation...Over.60...po

pulation 
 

Population...male...Po

pulation...Over.65...po

pulation 

 
Population...male...Po

pulation...Over.80...po

pulation 
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9.2 Summary Statistics for All Variables 
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9.3 VIF for OLS Regression B 
 

Total GDP in Local Currency 1.067447 

Per Capita GDP Originating in Industrial 

Activity 

1.652501 

e% Annual Increase in GDP Per Capita 1.119207 

Degree of Parliamentary Responsibility 1.634341 

Legislative Effectiveness 1.847075 

Mobile Cellular Telephones Per Capita 1.546434 

Population 1.637145 

Market Value of Publicly Traded Shares 1.258292 

Agricultural Labor Force as % of Total Labor 

Force 

1.839287 

Proved Reserves of Crude Oil 1.103335 

Imports Per Capita 1.687920 

Riots 1.306661 

% Annual Increase in Population Density 1.212528 

Debt, External 1.667762 

% of GDP with Investment as End Use 1.153621 
 

 

9.4 Top 5 and Bottom 5 Observations for every variable in Figure 7 

 

Variable Top 5 Bottom 5 
Electricity Imports Russia 2016 

USA 2016 

USA 2015 

USA 2014 

USA 2013 

Nicaragua 2012 

Peru 2012 

Nicaragua 2016 

Nicaragua 2010 

Nicaragua 2013 

Electricity Exports France 2010 

France 2016 

France 2015 

France 2014 

Central African Republic 

2013 

Rwanda 2012 

Rwanda 2016 

Rwanda 2010 

Rwanda 2011 

Rwanda 2013 

Electric Power Production 

Per Capita 

Iceland 2012 

Iceland 2011 

Iceland 2010 

Norway 2012 

Norway 2011 

Togo 2012 

Burundi 2012 

Burundi 2011 

Benin 2010 

Benin 2011 

% Annual Increase in 

Exports Per Capita 

Sierra Leone 2012 

Libya 2012 

Benin 2011 

Tonga 2011 

Guinea-Bissau 2011 

Syria 2012 

Libya 2011 

Sudan 2012 

Guinea-Bissau 2013 

Guinea-Bissau 2012 

Exchange Rate to US 

Dollar 

Vietnam 2013 

Vietnam 2012 

Vietnam 2014 

Vietnam 2015 

Kuwait 2012 

Kuwait 2011 

Kuwait 2013 

Kuwait 2010 
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Vietnam 2011 Bahrain 2013 

Stock of Domestic Credit Ireland 2012 

Sweden 2012 

Belgium 2011 

Sweden 2016 

Sweden 2015 

Saudi Arabia 2013 

Libya 2010 

Libya 2015 

Libya 2016 

Saudi Arabia 2016 

Imports Per Capita Singapore 2012 

Singapore 2011 

Singapore 2013 

Singapore 2010 

Luxembourg 2011 

Sudan 2010 

Central African Republic 

2013 

Central African Republic 

2010 

Central African Republic 

2012 

Burundi 2010 

Stock of direct foreign 

investment abroad 

Belgium 2012 

Canada 2013 

Netherlands 2012 

Netherlands 2011 

Netherlands 2013 

Slovenia 2015 

Slovenia 2014 

Slovenia 2013 

Slovenia 2010 

Slovenia 2016 

Proportion of World 

Trade 

China 2013 

USA 2012 

China 2016 

China 2015 

China 2014 

Saint Lucia 2015 

Dominica 2013 

Ethiopia 2013 

Vanuatu 2013 

Djibouti 2015 

National Government 

Revenue 

USA 2013 

USA 2012 

USA 2010 

USA 2011 

China 2013 

Sao Tome and Principe 

2013 

Tonga 2010 

Tonga 2013 

Tonga 2012 

Comoros 2010 

Exports China 2013 

China 2012 

China 2014 

Canada 2016 

Canada 2014 

Tonga 2010 

The Gambia 2013 

The Gambia 2011 

Sao Tome and Principe 

2013 

The Gambia 2010 

National Government 

Revenue and Expenditure 

USA 2013 

USA 2012 

USA 2010 

USA 2011 

Japan 2012 

Comoros 2010 

Sao Tome and Principe 

2013 

Tonga 2010 

Tonga 2013 

Tonga 2012 

Telephones excluding 

cellular 

China 2010 

China 2011 

China 2012 

Canada 2014 

Canada 2016 

Central African Republic 

2013 

Central African Republic 

2010 

Central African Republic 

2011 

Central African Republic 

2012 

Liberia 2011 

Exports per Capita Singapore 2011 

Singapore 2012 

Singapore 2013 

Singapore 2010 

The Gambia 2013 

The Gambia 2011 

The Gambia 2010 

The Gambia 2012 
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Qatar 2012 Burundi 2013 
 
 

9.5 VIF for Country Fixed Effects Regression A 
 

Electricity Exports 1.183586 

Ln(Electricity Imports) 1.372991 

Stock of Domestic Credit 1.379987 

Electric Power Production Per Capita 1.328003 

Degree of Parliamentary Responsibility 1.146640 

Ln(Exchange Rate of Local Currency to US Dollar) 1.329257 

Stock of Direct Foreign Investment Abroad 1.151940 

Ln(Proportion of World Trade 2.309249 

Ln(National Government Revenue) 2.812477 

Ln(Exports) 3.998697 

% Annual Increase in Exports Per Capita < 10 1.156746 

Imports Per Capita < 15000 1.811838 

Exports Per Capita < 15000 2.015614 

 

9.6 Fixed Effects for Country Fixed Effects Regression A 

 
Albania 0.5793032 

Algeria 0.5544471 

Angola 0.6571487 

Argentina 0.6352274 

Armenia 0.5469704 

Australia 0.6822699 

Azerbaijan 0.5488828 

Bangladesh 0.5379374 

Barbados 0.6468779 

Belarus 0.3857397 

Belgium 0.5454516 

Benin 0.5600662 

Bolivia 0.6553710 

Bosnia and Herzegovina 0.6012705 

Botswana 0.7033292 

Brazil 0.6945198 

Bulgaria 0.5892367 

Burkina Faso 0.5744217 

Burundi 0.5639483 

Cambodia 0.5668814 

Cameroon 0.6255863 

Canada 0.5870318 

Central African Republic 0.6405850 

Chad 0.5598755 

Chile 0.6670798 

Colombia 0.6332382 

Comoros 0.6799454 

Costa Rica 0.6149905 

Cote d'Ivoire 0.6211835 

Croatia 0.5376626 

Democratic Republic of the Congo 0.6093551 

Denmark 0.7120078 

Djibouti 0.5761598 
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Dominica 0.7105956 

Ecuador 0.6663300 

Egypt 0.6660197 

El Salvador 0.6378358 

Equatorial Guinea 0.6448407 

Eritrea 0.5736284 

Estonia 0.5684780 

Ethiopia 0.4667274 

Fiji 0.6266103 

Finland 0.6233595 

Gabon 0.6279211 

Georgia 0.6839041 

Germany 0.6275309 

Ghana 0.5674493 

Greece 0.5747450 

Grenada 0.7221904 

Guinea-Bissau 0.5673807 

Haiti 0.7024500 

Hong Kong 0.7314619 

Hungary 0.4700791 

Iceland 0.5520593 

India 0.6814748 

Indonesia 0.6341178 

Ireland 0.6341531 

Islamic Republic of Iran 0.4765229 

Italy 0.6029350 

Jamaica 0.6922605 

Japan 0.5245680 

Jordan 0.5982852 

Kazakhstan 0.7085019 

Kenya 0.6223722 

Kuwait 0.6473730 

Lao People’s Democratic Republic 0.5308853 

Latvia 0.6443582 

Lebanon 0.7025611 

Lesotho 0.7292613 

Liberia 0.5817871 

Lithuania 0.6049707 

Luxembourg 0.5314886 

Macedonia-FYR 0.5856612 

Madagascar 0.5566668 

Malawi 0.5974349 

Maldives 0.5771914 

Mali 0.5856822 

Malta 0.5705700 

Mauritius 0.5180587 

Mexico 0.6485402 

Moldova 0.5932443 

Montenegro 0.6079022 

Morocco 0.6966134 

Mozambique 0.6094123 

Myanmar 0.4502101 

Namibia 0.7156815 
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Nepal 0.6365031 

Netherlands 0.6825058 

New Zealand 0.6725300 

Nicaragua 0.6641533 

Niger 0.5905439 

Norway 0.6272525 

Oman 0.6064699 

Panama 0.6710362 

Philippines 0.7139730 

Poland 0.5742386 

Portugal 0.6273894 

Qatar 0.6392993 

Republic of Korea 0.5305272 

Republic of the Congo 0.6185729 

Republic of Yemen 0.6669172 

Romania 0.6696144 

Russian Federation 0.7494980 

Rwanda 0.6430535 

Saint Kitts and Nevis 0.6594424 

Saint Lucia 0.5935434 

Saint Vincent and the Grenadines 0.6814761 

Samoa 0.5845354 

Sao Tome and Principe 0.4960587 

Saudi Arabia 0.7126582 

Senegal 0.5636104 

Seychelles 0.6101820 

Sierra Leone 0.5667256 

Singapore 0.6437801 

Slovak Republic 0.5051483 

Solomon Islands 0.6258896 

South Africa 0.7056286 

Spain 0.5690549 

Sri Lanka 0.5887328 

Swaziland 0.6908284 

Sweden 0.6791804 

Switzerland 0.7048014 

Syrian Arab Republic 0.5461354 

Taiwan 0.6540824 

Tajikistan 0.5980219 

Thailand 0.6830657 

The Bahamas 0.7443277 

The Gambia 0.6391998 

Togo 0.5785625 

Tonga 0.6321362 

Tunisia 0.6231712 

Turkmenistan 0.6478003 

Ukraine 0.7906371 

United Arab Emirates 0.7076438 

United Kingdom 0.6068688 

United States 0.7213867 

Uruguay 0.6177179 

Vanuatu 0.5893557 

Venezuela 0.8502355 
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Vietnam 0.6747235 

Zambia 0.6665236 

Zimbabwe 0.7580709 
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