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Abstract

We examine the determinants of wealth inequality using Bayesian model averaging to

address regression model uncertainty stemming from the lack of encompassing model of

wealth inequality. The methodology is perfectly suitable for situations where the there is a

lot of potential explanatory variables and there is no unifying theoretical framework. We

use global sample of 67 countries and include nearly 40 different determinants of wealth

inequality capturing various economic, political, financial, institutional, and geographical

indicators. Moreover, we specifically explore the role of financial sector by including sev-

eral financial indicators to capture the multidimensionality of financial sector and we assess

whether distinct characteristics of financial sector exhibit different effects on wealth inequal-

ity. The wealth inequality data are from yearly Credit Suisse Wealth Report and we rely on

Global Financial Development Database by the World Bank for data on financial indicators.

Our results confirm that financial sector exerts a complex effect on wealth inequality. While

greater financial depth increases inequality, better access to finance decreases it. Redistri-

bution of income and foreign direct investment are associated with lower inequality. On the

contrary, wars, trade openness, and technological progress contribute to greater inequality.
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1 Introduction

Economic inequality increasingly draws attention of researchers in the field. With new data

available owing to, for example, Piketty (2014) and Davies et al. (2011, 2016), we have a chance

to shed new light on what we know about inequality. Their work offers fresh perspective as they

provide the evidence on inequality of wealth rather than income. The evidence brought forward

has severe impact on our thinking as the levels of inequality derived from wealth distribution

are distinctively higher than those based on the distribution of income. Moreover, the countries

traditionally considered quite egalitarian exhibit much higher inequality levels when we consider

wealth instead of income.

In contrast with the twin concept of income inequality, the theoretical understanding of

wealth inequality is limited. Much debated concept of r > g suggested by Piketty (2014) received

strong criticism from the theoretical point of view (Blume and Durlauf, 2015; Mankiw, 2015;

Rowthorn, 2014; Soskice, 2014).1 The principle framework thus remains in the scope of dynamic

quantitative models making use of the heterogeneity of returns, preferences, transmission of

human capital, and bequests. Fella and De Nardi (2017) offer an overview of these models

and their ability to mirror empirical wealth distribution. One of the conclusions is that all the

models critically rely on the saving motives of individuals. Indirect theoretical predictions about

wealth inequality arise from the model by Pástor and Veronesi (2016), where inequality depends

on the skill and risk aversion of entrepreneurs, taxation, and development of financial markets2.

Empirical evidence on wealth inequality along with its determinants is an entirely unexplored

territory with a rare exceptions of fitting the data to the theoretical models presented earlier.

Why is wealth inequality higher in the United States than United Kingdom? And

why is wealth distribution in Slovenia much less unequal than in Germany? To the best of

our knowledge, all the empirical studies up to date focus on the issues of measurement and

development of wealth inequality in time (Alvaredo et al., 2013; Piketty and Zucman, 2014; Saez

and Zucman, 2016) and disregard the question of driving forces in the background. In this paper,

we build upon these studies and address potential determinants of wealth distribution relying

on a global sample of countries. To capture wealth inequality, we use wealth Gini coefficient

from Credit Suisse Wealth Databook (CSWD) constructed on the basis of methodology by

Davies et al. (2016). We supplement this data with numerous potential determinants of wealth

inequality. In addition, we also add a subset of the most densely available series from Global

Financial Development Database (GFDD) to capture various characteristics of financial systems.

We include these to reflect the assumptions made by the theory where savings, which are

necessarily dependent on financial markets, and financial development stand as the main drivers

of wealth inequality.

We employ Bayesian Model Averaging (BMA) as our methodological framework. BMA is

an established approach within the statistical theory (Koop et al., 2007; Raftery et al., 1997) and

conveniently addresses the intrinsic model uncertainty present in the cross-country regressions

1See King (2017) for an excellent review of the literature on the topic.
2More specifically, the ability of entrepreneurs to diversify away their idiosyncratic risk.
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(Durlauf et al., 2008; Fernandez et al., 2001). With the lack of encompassing model of wealth

inequality, this is the preferred approach to reflect as many determinants of wealth inequality

as possible in a unifying manner. In essence, BMA procedure evaluates different combinations

of explanatory variables and weights the corresponding coefficients using the measure of model

fit. In addition, BMA is the perfect tool for evaluation of numerous regressors and estimating

their Posterior Inclusion Probability (PIP), the probability that they are relevant in explaining

the dependent variable. Following the empirical literature on income inequality3, we aim to

deal with potential endogeneity within in the estimation by using lagged values of explanatory

variables.

We make contribution to the literature in three key aspects. First, we run an empirical

inquiry into the determinants of wealth inequality. This is an unprecedented effort differentiat-

ing the paper from the preceding work. Second, we employ BMA to address model uncertainty

present in the standard regression models. Given the diverse and fragmented theoretical back-

ground of inequality, this issue is also relevant for the related concept of income inequality and

is traditionally abstracted from. Third, we admit the multidimensionality of financial systems

and include diverse characteristics of financial development among our explanatory variables.

Examining the cross-section of 67 countries, we identify that national savings, political

stability, access to financial services, and redistribution are among the most important drivers of

wealth inequality. This is overwhelmingly in accord with the predictions of the theoretical mod-

els. Saving, proxied by net national savings, increases wealth inequality along with the number

of war years between 1950 and 2009. Openness and technological advancement also widens the

gap between the wealthy and poor, corresponding to the suggestions made by Dabla-Norris

et al. (2015) for income inequality drivers. At the same time, redistribution, measured by the

difference between market and after-tax income Gini coefficient, access to finance, captured by

the number of bank branches per 1000 inhabitants, and foreign direct investment are associated

with lower levels of inequality.

The remainder of the paper is organized as follows. Section 2 presents the data.Section 3

introduces the BMA. We provide the results in section 4 and conclude in section 5. Robustness

checks are available in the Appendix A.

2 Data

We construct a rich dataset of 67 countries and 37 explanatory variables that we believe might be

affecting the wealth distribution. The selection is based on the theoretical predictions of wealth

determinants as well as on the experiences from the papers studying income inequality. Our

methodological choice allows us to be generous with the inclusion of regressors and therefore

we can capture variety of different country characteristics. Our dependent variable is Gini

index based on wealth distribution coming from a yearly CSWD based on the methodology

of Davies et al. (2011, 2016).4 They use the methodology to estimate the world distribution

3E.g. de Haan and Sturm (2017).
4This dataset has been recently used by Anand and Segal (2017)
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of wealth and consequently provide estimates for individual countries. We take the average

of available observations of the index (2010-2016) as the individual yearly observation may be

affected by year-on-year stock market capitalization swings or significant changes in valuation

of non-financial assets.

We supplement the data on wealth by large number of potential variables which could

be driving inequality. These cover economic, financial, institutional, political, as well as social

and cultural aspects of the countries in our sample. We also average the data over the period of

their availability. This is typically from 1980 to 2009. Complete list of the explanatory variables

along with their description and sources is available in Appendix A.

Our particular focus is on financial development, whether and how it affects the dis-

tribution of wealth within the economy in particular. Using the GFDD by the World Bank,

we identify 7 different measures that reflect a multidimensionality of financial systems. Cihak

et al. (2013) Describe 4 main dimensions of financial systems: depth, efficiency, stability, and

access. We select the most densely series at out disposal reflecting aforementioned dimensions.

GFDD also allows to distinguish not only between the different dimensions, but also to ascribe

these characteristics separately to banking sector and financial markets. With the exception

of stability and access, where we only control of variables representing banking due to data

limitations, we take advantage of this distinction in our analysis. Table 2 presents descriptive

Table 1: Descriptive statistics of financial variables

Min Max Mean Std. dev

Net interest margin 0.66 12.81 4.87 3.04
Loans/deposits 40.11 181.56 103.19 28.87
Bank Z-score -1.34 36.56 10.65 7.38
Private credit 4.71 137.48 44.24 29.95
Bank branches 1.45 101.16 22.71 20.34
Market capitalization 0.78 183.97 37.76 40.05
Market turnover 1.07 256.95 43.82 47.69

Table 2: Descriptive statistics of financial variables

Net interest margin 1.00
Loan-to-deposits -0.54 1.00
Bank Z-score -0.18 -0.06 1.00
Private credit -0.80 0.55 0.19 1.00
Bank branches -0.43 0.35 -0.11 0.46 1.00
Market capitalization -0.35 0.19 0.18 0.58 0.13 1.00
Market turnover -0.22 0.27 0.12 0.19 0.19 0.03 1.00

statistics while table 1 shows a correlation matrix of our financial variables. It is important

to realize that contrary to common perception, the correlations between financial variables is

far from perfect, with the only exception of net interest margin (a measure of banking sector

efficiency) and credit available to the private sector (a measure of banking sector depth). This
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gives grounds to the distinction we make between the series and supports the idea of search-

ing for the variables which would most precisely capture the functions of the financial systems

postulated by the theory.

3 Bayesian Model Averaging

We describe our methodological approach, the BMA, in this section and draw heavily on Hasan

et al. (2018). The application of BMA is particularly fruitful when there is an uncertainty

regarding the specification of regression model, for example, when there are competing theories

all suggesting a different regression model. Researchers typically specify some general regression

model and sequentially eliminate the least significant explanatory variables to obtain the ”best”

model. This process, however, poses risk that some relevant explanatory variables are eliminated

and there is no guarantee that researcher ends up with the ”true” model. Koop (2003) shows

that the risk of arriving to the model different from such model increases with the number of

sequences of eliminating the least significant variables. On the other hand, BMA does not select

the ”true” model but, as its name suggests, averages all possible regression models assigning

greater weight to ”better” models based on their likelihood. Therefore, the BMA addresses the

regression model uncertainty inherent to many economic theories.

To illustrate the BMA, consider a following linear model:

y = α+Xβ + ε ε ∼ N(0, σ2I) (1)

where y is a dependent variable, α is a constant, X is the matrix of explanatory variables, β

represents the corresponding coefficients, and ε is a vector of normally distributed IID error

terms with variance σ2.

BMA considers all possible combinations of X from equation 1 and takes a weighted

average of the coefficients. Given that the combination is typically extremely high number

and even with modern computers it is impossible to estimate all these regression models, re-

searchers consider only a subset of models, see the remarks on the MCMC sampler below. The

substructure of the model can be captured as follows:

y = αi +Xiβi + ε ε ∼ N(0, σ2I) (2)

Here, Xi is a subset of X and αi and βi are the corresponding coefficients. Assuming that the

total number of possible explanatory variables is K, the total number of models is equal to 2K

and i ∈ [1, 2K ]. It follows from Bayes’ rule that

p(β|y,X) =
p(y,X|β)p(β)

p(y,X)
(3)

where p(β|y,X) is the posterior density, p(y,X|β) is the marginal likelihood (ML), also known

as the data generating process, p(β) is the prior density, and p(y,X) is the probability of the
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data. In the BMA, we essentially compare numerous different models M1, ...,Mi. Assuming K

possible regressors as discussed above, we have M1, ...,Mi, where i ∈ [1, 2K ]. Given the Bayesian

logic whereby we formally define the model using a likelihood function and a prior density, Mi

depends on the parameters βi, and their posterior probability can be derived as follows:

p(βi|Mi, y,X) =
p(y|βi,Mi, X)p(βi|Mi)

p(y|Mi, X)
(4)

The following subsections describe the averaging principle of BMA and individual components

of equation 3.

Posterior Model Probability

The posterior model probability (PMP) is fundamental to the BMA framework, as it provides

the weights for averaging model coefficients across submodels. PMP also arises from Bayes’

theorem:

p(Mi|y,X) =
p(y|Mi, X)p(Mi)

p(y|X)
(5)

where p(y|Mi, X) is the marginal likelihood (ML) of the model (i.e., the probability of

the data given the model Mi), p(Mi) is the prior model probability, and p(y|X) is the integrated

likelihood. The term in the denominator is typically disregarded, as it is constant across all

models under consideration. The PMP is then directly proportional to ML and the prior

probability. A popular practice is to set the prior probability p(Mi ∝ 1) to reflect the lack of

knowledge regarding the true model.

p(Mi|y,X) ∝ p(y|Mi, X)p(Mi) (6)

We discuss the calculation of ML in detail in section 3. The model prior needs to be elicited by

the researcher and reflects the initial beliefs before inspecting the data.

Posterior Mean

Point estimates of the model parameters are often the focus of research, and it is possible to

derive them within the Bayesian framework. Zeugner (2011) and Moral-Benito (2012) assert

that the weighted posterior distribution of any statistic (most notably the β coefficients) is

obtained using the following:

p(β|y,X) =

2K∑
i=1

p(βi|Mi, y,X)p(Mi|y,X) (7)

where p(Mi|y,X) is the PMP of the corresponding model Mi from equation 5. The point

estimates can be acquired by taking expectations across the equation:
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E(β|y,X) =
2K∑
i=1

E(βi|Mi, y,X)p(Mi|y,X) (8)

Here, E(β|y,X) is the averaged coefficient and E(β|Mi, y,X) is the estimate of the βi

coefficients from model Mi. The posterior distribution of the coefficients is dependent on the

choice of the prior g. Zeugner (2011) expresses the expected value of the parameter in Mi as

follows:

E(βi|y,X, g,Mi) =
g

1 + g
β̂i (9)

with β̂i representing the standard OLS estimate.

Posterior Variance

Moral-Benito (2012) presents a formula for variance corresponding to the expected values of

coefficients derived in the previous section:

V ar(β|y,X) =

2K∑
i=1

p(Mi|y,X)V ar(βi|Mi, y,X)

+

2K∑
i=1

p(Mi|y,X)(E(βi|Mi, y,X)− E(β|y,X))2

(10)

The variance consists of the weighted average of variance estimates across different regression

models V ar(βi|Mi, y,X) and the weighted variance across different models captured in the

second component E(βi|Mi, y,X)− E(β|y,X))2. E(β|y,X) is the posterior mean from equation

8. As a consequence, this may result in uncertainty regarding the parameter estimates due to

the substantial differences across models even if the estimates of individual models are highly

precise. Zeugner (2011) shows how the value of the prior g affects the posterior variance of the

parameters:

Cov(βi|y,X, g,Mi) =
(y − ȳ)′(y − ȳ)

N − 3

g

1 + g

(
1− g

1 + g
R2
i

)
(X ′iXi)

−1 (11)

where ȳ is the mean of vector y, N is the sample size and R2
i is the R-squared of model i.

Marginal Likelihood

ML can be calculated using equation 4 for each Mi. We need to integrate both sides of the

equation with respect to βi, employ
∫
β p(βi|Mi, y,X) dβi = 1, and rearrange to arrive at

p(y|Mi, X) =

∫
β
p(y|βi,Mi, X)p(βi|Mi, X) dβi (12)

The above equation illustrates the general textbook derivation, but the computation depends

on the elicited priors. Zeugner (2011) employs the ”Zellner’s g prior” structure, which we utilize
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in this paper. The ML for a single model can then be expressed using the prior as in Feldkircher

and Zeugner (2009):

p(y|Mi, X, g) =

∫ ∞
0

∫
β
p(y|βi, σ2,Mi)p(βi, σ

2|g) dβdσ (13)

Furthermore, the authors assert that ML is in this case simply proportional to

p(y|Mi, X, g) ∝ (y − ȳ)′(y − ȳ)−
N−1

2 (1 + g)−
ki
2

(
1− g

1 + g
R2
i

)−N−1
2

(14)

In this equation, R2
i is the R-squared of model Mi, and ki is the number of explanatory variables

in model i introduced to include a size penalty for the model. N and ȳ are the same as in

equation 11, the number of observations and the mean of vector y, respectively.

Posterior Inclusion Probability

The standard BMA framework reports the PIP, which reflects the probability that a particular

regressor is included in the ”true” model. PIP is the sum of the PMPs of the models including

the variable k in question:

PIP = p(βk 6= 0|y,X) =
2K∑
i=1

p(Mi|βk 6= 0, y,X) (15)

Priors

The BMA methodology requires determining two types of priors: g on the parameter space

and p(Mi) on the model space. The priors are crucial in determining the posterior probabilities

(Feldkircher and Zeugner, 2009; Ciccone and Jarocinski, 2010; Liang et al., 2008). In the

following subsections, we present the prior framework and support our choices.

Parameter Priors

As noted previously, we use the Zellner’s g prior structure, which is a common approach in the

literature. It assumes that the priors on the constant and error variance from equation 2 are

evenly distributed, p(αi) ∝ 1 and p(σ) ∝ σ−1. Zeugner (2011) notes that this is very similar to

the normal-gamma-conjugate model accounting for proper model priors on α and σ described,

for example, in Koop (2003) with practically identical posterior statistics.

We assume that the βi coefficients follow the normal distribution, and we have to for-

mulate beliefs regarding their mean and variance before examining the data. Conventionally,

researchers assume a conservative mean of 0 to reflect the lack of prior knowledge regarding the

coefficients. Zellner’s g defines their variance structure σ2(g(X ′iXi)
−1). Together, we have the

coefficient distribution dependent on prior g:

βi|g ∼ N(0, σ2(g(X ′iXi)
−1) (16)
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The prior variance of the coefficients is proportional to the posterior variance (X ′iXi)
−1 esti-

mated from the sample. Parameter g denotes how much weight we attribute to the prior variance

as opposed to the variance observed in the data (Feldkircher and Zeugner, 2009). Selecting a

small g results in low variance in the prior coefficients and thus reduces the coefficients to zero.

Conversely, a large g attributes higher importance to the data and expresses researchers’ un-

certainty regarding zero βi coefficients (Zeugner, 2011). Note that with g → ∞, βi → βOLSi .

Popular choices include the following:

• Unit Information Prior (UIP); g = N .

• BRIC; g = max{N,K2}.

• hyper-g; g
1+g ∼ Beta(1, a2 − 1), where a ∈ (2, 4], which is a Beta distribution with mean

2
a .

While the first two are known as ”fixed-g” priors for the parameter prior set for all the models

under consideration, hyper-g allows the researcher to update the prior for individual models in

a Bayesian nature and therefore limits the unintended consequences of prior selection based on

posterior results. Note that setting a = 4 corresponds to the UIP, whereas a = 2 concentrates

the prior mass close to unity, corresponding to g →∞. For details on hyper-g, see Liang et al.

(2008).

We employ the so–called hyper-g prior to estimate the baseline models, following Feld-

kircher and Zeugner (2009), who suggest that using model-specific priors leads to a more stable

posterior structure. We then check the robustness of the results by applying the UIP parameter

prior.

Model Priors

Moral-Benito (2012) notes that the most popular setting in the BMA literature is the binomial

distribution, where each of the covariates is included in the model with a probability of success

θ. The prior probability of model Mi with ki regressors given θ is then

p(Mi) = θki(1− θ)K−ki (17)

A standard setting is θ = 1
2 , which assigns equal probability p(Mi) = 2−K to all the models

under consideration. This model prior is also known as the uniform model prior. Assuming

different values of θ can shift the prior model distribution to either smaller or larger sizes (see

Zeugner (2011)).

We focus on models using the uniform model prior, which is typically employed in BMA

applications Fernandez et al. (2001). However, the uniform model prior tends to assign greater

weight to intermediate model sizes. In addition, the strong heredity principle suggested by

Chipman (1996) has been used in the literature to assess the posterior inclusion probability of

quadratic and interaction terms in the BMA framework. Following this convention, we rely on

this principle whenever we consider quadratic or interaction terms in the analysis. It relates
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to the model prior probabilities in a sense that it essentially assigns zero model probability to

the models violating preset conditions. In practice, the principle relies on MC3 sampler, which

ensures that whenever the square or interaction term is included in the model, the corresponding

linear variables are included as well. Such algorithm ensures that the interaction or square

term does not potentially mask any influence of the linear terms and therefore guarantees

interpretation of the results.5

MCMC Sampler

One of the limitations of the BMA is its computational difficulty when the number of potential

explanatory variables K is very large. Historically, this was the primary factor preventing

researchers from employing Bayesian methods. Zeugner (2011) notes that for small models, it

is possible to enumerate all variable combinations. When K > 25, it becomes impossible to

evaluate the entire model space within a reasonable time frame. In such cases, BMA utilizes

MC3 samplers to approximate the crucial part of the posterior model distribution containing

the most likely models. BMA applies the Metropolis-Hastings algorithm, which is outlined in

Zeugner (2011), in following way:

At any step i, the sampler is currently at model Mi, having PMP p(Mi|y,X). In the

next step i + 1, model Mj is proposed to replace Mi. The sampler accepts the new model Mj

with the following probability:

pi,j = min

(
1,
p(Mj |y,X)

p(Mi|y,X)

)
(18)

If model Mj is rejected, the next model Mk is suggested and compared with Mi. With the

growing number of iterations, the number of times each model is retained converges to the

distribution of posterior model probabilities. Typically, one of the following MC3 samplers is

used to draw the models:

• Birth-death sampler - randomly chooses one of the explanatory variables, which is included

if it is not already part of the current model Mi or dropped if it is already in Mi.

• Reversible-jump sampler - with 50% probability, the Birth-death sampler is used to de-

termine the next candidate model. With 50% probability, the sampler randomly swaps

one of the covariates in Mi for a covariate previously excluded from Mi.

Because the sampler can begin with a ”poor” model with low PMP, the predefined number of

initial draws, the so-called burn-ins, are usually dropped. The quality of the approximation

can be evaluated on the basis of the correlation between the PMP derived from an analytical

approach and those obtained from the MC3 sampler. It depends on the number of iterations

(draws) and the likelihood of the initially selected model. Zeugner (2011) notes that a PMP

correlation of approximately 0.9 indicates a ”good degree of convergence”. In the event that

the correlation is lower, the number of sampler iterations should be increased.

5The appendix in Cuaresma et al. (2014) illustrates the mechanism in detail.
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4 Results

Figure 1 and figure 2 offer an initial insight on the relationship between selected regressors and

financial variables, respectively. The scatter plots dominantly suggest expected correlations.

Figure 2 then illustrates the scatter plots where we relate wealth Gini coefficient to a selection of

our financial variables. Access to financial services, represented by the number of bank branches

per 100,000 inhabitants, is negatively correlated with inequality while depth of the financial

markets, proxied by stock market capitalization as a share of Gross Domestic Product (GDP),

is higher in countries with higher wealth inequality. Loan-to-deposit ratio and outstanding

private credit do not show any significant dependency.
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Figure 1: Wealth inequality and selected explanatory variables

Table 3 show the results of our baseline scenario. We present the explanatory variables

sorted by their PIPs. Net national savings, number of war years, access to financial services,

outward orientation, redistribution, and net foreign direct investment show up in the set of

the most relevant regressors with PIPs above 0.6. In other words, they are part of the model

explaining wealth inequality with a probability higher than 60%. The cut-off point for relevant
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variables is somewhat arbitrary, but if we considered slightly lower values around 50%, we

would also include technological progress, gross fixed capital formation in the model, and credit

to private sector.
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Figure 2: Wealth inequality and selected financial indicators

The variables with high PIPs show expected qualitative effects on wealth distribution.

National savings along with number of war year increase wealth inequality within the country.

It is interesting that the more country accumulates wealth, the more unequal is its distribution

within the society. On the other hand, access to the financial markets leads to more uniform

distribution of wealth. This is partially in line with conclusion by Claessens and Perotti (2007)

who assert that access to financial resources is the key driver in reducing inequality rather than

the depth of the market. This corresponds to lower inclusion probability of credit to private

sector in our model. Interestingly, the sheer volume of credit actually implies higher levels of

wealth inequality. Outward orientation capturing the openness of the economy leads to higher

levels of wealth inequality. Large importance and qualitative effect corresponds to the earlier

findings, such as Dabla-Norris et al. (2015), that claim globalization and increasing exposure to
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outside world endorses inequality. The authors also mention technological progress and implied

increase in the skill premium encourage economic disparities. Redistribution, which we defined

as the difference between market and after-tax income Gini indices also exhibits anticipated

effect. With higher redistribution of income comes a lower inequality in terms of wealth. We

understand the effect of net Foreign Direct Investment (FDI) through the lens of better economic

opportunities and resulting lower levels of inequality.

We find wars to be associated with higher wealth inequality. This is at odds with previous

evidence arguing that wars reduce inequality because of enormous capital destruction, inflation

and large redistributive government programs (to finance the war), see, for example, (Piketty,

2014; Milanovic, 2016) and references therein. However, this evidence focuses on the effect of

war on inequality over time and focuses on large and long-lasting conflicts such as World War

I or II. Our regressions explain cross-sectional variation in inequality, i.e. why inequality is

higher in some countries than in others. In addition, our dataset on wars is based on period

after World War II, i.e. typically internal conflicts (civil wars) or conflicts involving a single

or small number of countries. These conflicts have adverse macroeconomic effects, undermine

rule of law, cause violent confiscation of private property by militia and reduce trust in society,

especially if these conflicts occur repeatedly (Bircan et al., 2017). Bircan et al. (2017) study

the effect of internal violent conflicts on income inequality and also find the inequality increases

but this effect is temporary and later on, inequality falls slowly back to the steady state.
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Table 3: Dependent variable - average Gini index (wealth) 2010-2016, 67 observations, baseline
(hyper-g paremeter prior)

PIP Post Mean Post SD

Net national savings 0.94 0.25505 0.13594
Number of war years 0.92 0.33569 0.19760
Bank branches/1000 inh. 0.89 -0.06142 0.03981
Outward orientation 0.88 19.70040 11.34045
Redistribution 0.87 -0.24221 0.16034
Net foreign direct investment 0.63 -0.26346 0.29446
Technological progress 0.50 1.77390 2.33089
Gross fixed capital formation 0.50 -0.18801 0.25329
Private credit 0.48 0.02395 0.03338
Inflation 0.47 0.00293 0.00433
Latin America dummy 0.26 0.60199 1.41519
Size of labour force 0.21 0.02134 0.05778
Value added in industry 0.21 0.03613 0.09550
Average GDP growth 0.20 -12.67465 36.74427
Population growth 0.18 -0.18242 0.58182
Market capitalization 0.17 0.00313 0.01137
Life expectancy 0.17 0.02496 0.08402
Rule of law 0.16 0.13277 0.47697
Banking diversification 0.16 -0.19229 0.69130
Leftwing orientation 0.15 -0.01003 0.03765
Education index (UN) 0.14 -1.05323 4.92983
Ethnolinguistic fractionalization 0.14 -0.29796 1.37795
Net interest margin 0.13 -0.03986 0.17967
Loan-to-deposits 0.13 0.00288 0.01208
Business conditions 0.12 -0.19405 0.91651
Labour market regulation 0.11 0.10747 0.53023
Market turnover 0.10 0.00117 0.00571
Bank Z-score 0.09 0.00330 0.03086
Civ. liberties and Pol. rights 0.09 -0.01304 0.24291
Public education expenditures 0.08 -0.01425 0.10940
Active banking restrictions 0.07 -0.01528 0.14106
Natural resources rents 0.07 0.00011 0.04738
Bank capital regulations 0.07 -0.01269 0.11135
Government expenditures 0.07 0.00435 0.05983
Financial openness (Chinn-Ito) 0.06 -0.01003 0.16577
Population density 0.06 -0.00001 0.00036
Revolutions and coups 0.05 0.00142 0.03786
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Figure 3: Parameter priors and MC3 sampler comparison. Model 1: hyper-g, birth-death;
Model 2: hyper-g, reverse jump; Model 3: UIP, birth-death; Model 4: UIP, reverse jump

We report the baseline results where we employ uniform model prior and hyper-g param-

eter prior as described in section 3. We also rely on the birth-death MC3 sampler in the process

of approximation of the posterior model space. However, to provide some robustness checks we

also try alternative parameter priors and samplers. Figure 3 present a graphical illustration of

the robustness checks. We ran alternative specifications of the model using UIP and reverse-

jump MC3 sampler in all possible combinations. The additional estimations give confidence to

our results. Optional sampler has only marginal effect on the output. Selection of a different

parameter prior has a larger impact with general decrease in inclusion probabilities as smaller

models are now suggested in the estimation, but the ordering of the variables among the most

important ones remains quite stable along with the qualitative effects they indicate. We also

tried other specifications with quadratic terms of financial variables, interactions between rule

of law and financial variables, and others. None of these additional regressors had significant

relevance in our model6.

6These additional estimation results are available upon request.
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5 Concluding Remarks

In this paper, we fill the gap in the literature on economic inequality by examining the determi-

nants of wealth inequality. To this date we are not ware of any study which would address this

topic. We use the wealth Gini index from yearly CSWD in the BMA framework to account for

model uncertainty, given the underdeveloped theoretical background in the wealth inequality

literature. In addition, we bring special focus on financial development among the explanatory

variables and we include variables capturing diverse characteristics of financial systems. This

helps us to properly account for the functions given to finance in theory.

Using a global sample of 67 countries, we identify several key variables driving wealth

inequality. In different specifications within the BMA framework, redistribution and access

to financial markets show decreasing effect on wealth inequality. The inflows of foreign direct

investment also show tendencies to equalize wealth distribution. On the other hand, we find

that national savings, number of war years, outward orientation, and technological progress

all increase wealth inequality. Our conclusions are robust to the choice of different parameter

priors and Monte Carlo samplers.

The effects of income redistribution and wars seem intuitive. Other estimated effects fit

into the framework of thinking about inequality. Globalization, approximated in our sample

by economic openness, along with technological progress have been identified as drivers of

growing inequalities. Another result which stands out is the complex effect financial markets

have on wealth inequality. On the one hand, access to banking seems to matter and decrease

inequality. At the same time higher volume of outstanding credit to private sector promotes

wealth inequality. These conclusions have important implications for policy and suggest that

promoting access to finance could slow down or even reverse the trend of increasing inequality.
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A Appendix

A.1 Additional robustness checks

Table 4: Dependent variable - average Gini index (wealth) 2010-2016, 67 observations, UIP
parameter prior

PIP Post Mean Post SD

Net national savings 0.94 0.25505 0.13594
Number of war years 0.92 0.33569 0.19760
Bank branches/1000 inh. 0.89 -0.06142 0.03981
Outward orientation 0.88 19.70040 11.34045
Redistribution 0.87 -0.24221 0.16034
Net foreign direct investment 0.63 -0.26346 0.29446
Technological progress 0.50 1.77390 2.33089
Gross fixed capital formation 0.50 -0.18801 0.25329
Private credit 0.48 0.02395 0.03338
Inflation 0.47 0.00293 0.00433
Latin America dummy 0.26 0.60199 1.41519
Size of labour force 0.21 0.02134 0.05778
Value added in industry 0.21 0.03613 0.09550
Average GDP growth 0.20 -12.67465 36.74427
Population growth 0.18 -0.18242 0.58182
Market capitalization 0.17 0.00313 0.01137
Life expectancy 0.17 0.02496 0.08402
Rule of law 0.16 0.13277 0.47697
Banking diversification 0.16 -0.19229 0.69130
Leftwing orientation 0.15 -0.01003 0.03765
Education index (UN) 0.14 -1.05323 4.92983
Ethnolinguistic fractionalization 0.14 -0.29796 1.37795
Net interest margin 0.13 -0.03986 0.17967
Loan-to-deposits 0.13 0.00288 0.01208
Business conditions 0.12 -0.19405 0.91651
Labour market regulation 0.11 0.10747 0.53023
Market turnover 0.10 0.00117 0.00571
Bank Z-score 0.09 0.00330 0.03086
Civ. liberties and Pol. rights 0.09 -0.01304 0.24291
Public education expenditures 0.08 -0.01425 0.10940
Active banking restrictions 0.07 -0.01528 0.14106
Natural resources rents 0.07 0.00011 0.04738
Bank capital regulations 0.07 -0.01269 0.11135
Government expenditures 0.07 0.00435 0.05983
Financial openness (Chinn-Ito) 0.06 -0.01003 0.16577
Population density 0.06 -0.00001 0.00036
Revolutions and coups 0.05 0.00142 0.03786
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A.2 Dataset description

Table 5: List of variables

Variable Definition (+ optional comments) Source

GiniWealth Gini index based on the distribution of wealth from

Credit Suisse Wealth Reports 2010-2016

Credit Suisse

NatRes Total natural resources rents are the sum of oil rents, nat-

ural gas rents, coal rents (hard and soft), mineral rents,

and forest rents. Average 1980-2009

WB

PopGrowth Annual population growth 1980-2009 WB

GovExp General government final consumption expenditure (for-

merly general government consumption). Average 1980-

2009

WB

NNSavings Net national savings (gross national savings less the value

of consumption of fixed capital, % GNI). Average 1980-

2009

WB

EducExp Education expenditure refers to the current operating

expenditures in education, including wages and salaries

and excluding capital investments in buildings and equip-

ment. Average 1980-2009.

WB

Infl Inflation as measured by the consumer price index. Av-

erage 1980-2009.

WB

VAI Industry value added (% GDP). Average 1980-2009. WB

StartBussC Cost of business start-up procedures (% of GNI per

capita). Average 1980-2009

WB

StartBussT Time required to start a business (days). Average 1980-

2009

WB

GFCF Gross fixed capital formation (% of GDP). Average 1980-

2009

WB

NetFDI Foreign direct investment, net inflows (% of GDP). Av-

erage 1980-2009

WB

Ygrowth Annual growth of GDP. Average 1980-2009 PWT 9.0

LifeExp90 Life expectancy at birth in 1990 WB

LabForce90 Total labor force comprises people ages 15 and older who

meet the International Labour Organization definition

of the economically active population: all people who

supply labor for the production of goods and services

during a specified period. Labour force total, 1990. Not

available before 1990.

WB

PopDens90 Population density (people per sq. km of land area) in

1990.

WB

RevCoups Revolutions and coups, total instances between 1950 and

2010

Powell and Thyne (2011)

EthnoLfrac Ethnolinguistic franctionalization. The most de-

tailed/disaggregated fractionalization measure (ELF.15

in the original paper) is assumed as it is found most rel-

evant to growth and has highest correlation with other

fractionalization measure by Alesina et al. (2003)

Desmet et al. (2009)
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https://www.credit-suisse.com/cz/en/about-us/research/research-institute/global-wealth-report.html?WT.i_short-url=%2Fgwr&WT.i_target-url=%2Fcz%2Fen%2Fabout-us%2Fresearch%2Fresearch-institute%2Fglobal-wealth-report.html
http://data.worldbank.org/indicator/NY.GDP.TOTL.RT.ZS
http://data.worldbank.org/indicator/SP.POP.GROW
http://data.worldbank.org/indicator/NE.CON.GOVT.ZS
http://data.worldbank.org/indicator/NY.ADJ.NNAT.GN.ZS
http://data.worldbank.org/indicator/NY.ADJ.AEDU.GN.ZS
http://data.worldbank.org/indicator/FP.CPI.TOTL.ZG
http://data.worldbank.org/indicator/NV.IND.TOTL.ZS
http://data.worldbank.org/indicator/IC.REG.COST.PC.ZS
http://data.worldbank.org/indicator/IC.REG.DURS
http://data.worldbank.org/indicator/NE.GDI.FTOT.ZS
http://data.worldbank.org/indicator/BX.KLT.DINV.WD.GD.ZS
http://www.rug.nl/research/ggdc/data/pwt/pwt-9.0
http://data.worldbank.org/indicator/SP.DYN.LE00.IN
http://data.worldbank.org/indicator/SL.TLF.CACT.ZS
http://data.worldbank.org/indicator/EN.POP.DNST
http://jpr.sagepub.com/content/48/2/249.abstract
http://www.nsd.uib.no/macrodataguide/set.html?id=16&sub=1
http://www.anderson.ucla.edu/faculty_pages/romain.wacziarg/papersum.html


WarYears Number of war years (including civil wars) between 1946-

2009 as defined in the UCDP dataset (more than 1000

casulties within a year)

UCDP/PRIO data

RuleOfLaw Rule of law 1970-2009 (alternatively WB has data 1996-

2014 )

Fraser institute

CivLib Civil liberties 1973-2009 Freedom House

PolRights Political rights 1973-2009 Freedom House

OutwardO Measure of outward orientation derived as Net ex-

ports/GDP (previously based on data 1950-1983 )

PWT 9.0

LatAm 1 for Latin American countries

ChinnIto Chinn-Ito index of financial opennes. Average 1980-

2010.

Chinn-Ito

LeftWing Number of years between 1980 and 2009 when left ori-

ented party lead the country.

DPI

ActivRestrict Activity restrictions. Regulatory restrictions on bank

activities and the mixing of banking and commerce.

Barth et al. (2013)

CapitalReg Capital Regulatory index. Barth et al. (2013)

DiversIndex Whether there are explicit, verifiable, quantifiable guide-

lines for asset diversification and banks are allowed to

make loans abroad.

Barth et al. (2013)

LAMRIG Index capturing the rigidity of employment protection

legislation

Laurent & Campos (2012)

Tech Index on the level of technological development base on

CHAT dataset

Comin & Hobijn (2009)

EducIndex Calculated using mean years of schooling and expected

years of schooling

UN

NetInterestMargin Accounting value of banks’ net interest revenue as a share

of average interest-bearing assets; a measure of the effi-

ciency of the banking sector.

GFDD

BankZScore return on banks’ assets plus the ratio of banks’ equity

and assets, divided by the standard deviation of the re-

turn on assets (ROA+equity/assets)/sd(ROA); a mea-

sure of stability of the banking sector

GFDD

Privatecredit Domestic private credit to the real sector to GDP; a mea-

sure of the depth of the banking sector

GFDD

MarketCap Value of listed shares to GDP; a measure of the depth of

stock markets.

GFDD

MarketTurn Stock market value traded to total market capitalization;

a measure of the efficiency of stock markets.

GFDD

BankBranches Number of bank branches per 100,000 adults GFDD

Loan2Deposits Loan-to-deposit ratio. GFDD

Redist Difference between market (pre-tax) and net (after-tax0

Gini index based on distribution of income (The Stan-

dardized World Income Inequality Database).

Solt (2016)
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http://www.pcr.uu.se/research/ucdp/datasets/ucdp_prio_armed_conflict_dataset/
http://efwdata.com/grid/WxRvYnU#/Grid
https://freedomhouse.org/report/freedom-world-2016/methodology
https://freedomhouse.org/report/freedom-world-2016/methodology
http://www.rug.nl/research/ggdc/data/pwt/pwt-9.0
http://web.pdx.edu/~ito/Chinn-Ito_website.htm
http://www.nsd.uib.no/macrodataguide/set.html?id=11&sub=1
http://faculty.haas.berkeley.edu/ross_levine/regulation.htm
http://faculty.haas.berkeley.edu/ross_levine/regulation.htm
http://faculty.haas.berkeley.edu/ross_levine/regulation.htm
http://www.naurocampos.net/papers/lamrig.html
http://www.nber.org/data/chat/
http://hdr.undp.org/en/content/education-index
http://data.worldbank.org/data-catalog/global-financial-development
http://data.worldbank.org/data-catalog/global-financial-development
http://data.worldbank.org/data-catalog/global-financial-development
http://data.worldbank.org/data-catalog/global-financial-development
http://data.worldbank.org/data-catalog/global-financial-development
http://data.worldbank.org/data-catalog/global-financial-development
http://data.worldbank.org/data-catalog/global-financial-development
http://fsolt.org/swiid/
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