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Introduction 

 

Income inequality is a growing problem worldwide. While inequality between countries (adjusted for 

population) is declining (largely due to China) for the first time since the Industrial Revolution, 

inequality within countries is increasing in both rich and poor countries (Milanovic 2012). The causes 

of this rise in inequality are still poorly understood. There is evidence that some of the increase is due 

to technological changes that favor high-skill workers and some is due to globalization of trade and 

capital flows (Jaumotte, Lall, and Papageorgiou 2013); but a substantial part of the change remains 

unexplained by these factors. Zhou et al. (2014) actually found evidence that globalization tends to 

decrease inequality within countries, which would imply that some countervailing force is causing the 

rise in within-nation inequality even as globalization expands. 

 Corruption may be one cause of income inequality, because it gives rent-seeking advantages to 

those who are already in power (Uslaner 2008). However, corruption could also reduce inequality by 

encouraging redistributive policies (Alesina and Angeletos 2005). Corruption has been found to be 

positively related to inequality in the US (Dincer and Gunalp 2008; Apergis, Dincer, and Payne 2010) 

and also in Africa (Gyimah-Brempong 2002), but not in Latin America (Dobson and Rodríguez 2010). 

 We know that corruption is a major factor in development, but its causes are still poorly 

understood (Treisman 2000). At its core, corruption is the distortion of the rules of an economic and 

political system for personal gain at the expense of the public welfare. Typical cases include bribery, in 

which wealthy individuals pay off public officials in order to make exceptions or modifications to the 

law, and graft, in which public officials confiscate resources intended for social purposes such as 

infrastructure development. Corruption can also involve extortion, using threats of violence to 

confiscate wealth, and cronyism, in which officials give special favors to their personal associates 

rather than hiring the most qualified candidates. 
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 Every nation in the world has at least some degree of corruption, but the quantitative level of 

corruption varies tremendously. The World Governance Indicators (WGI) rate control of corruption on 

a scale from -2.5 (weak control, high corruption) to 2.5 (strong control, low corruption) based on an 

aggregation of many different survey measures of perceived corruption. For 2012, the results range 

from -1.59 in Somalia to 2.39 in Denmark, covering most of the scale. 

 Inequality could increase corruption in two ways  (Jong-sung and Khagram 2005): Very wealthy 

individuals are well-equipped to engage in corruption while others are not, and high income inequality 

can undermine trust in the institutions of government and the economy that are necessary to protect rule 

of law and fight corruption. 

 In both cases, it is the very top of the income distribution that matters most; I do not expect 

corruption to rise as the income of the top 10% increases, because the top 10% is a large segment of the 

population and has a mean level of income only about 3 times as large as that of the population—

hardly enough to regularly bribe top officials. Even the top 1% is a coarse measure; on average the top 

1% has a level of income about 11 times as large as that of the population. I expect to see large effects 

on corruption only from from the top 0.1%, who have an average income 40 times as large as the 

population average, or the top 0.01%, who have an average income 160 times as large as the population 

average. (The top decile figures are from the World Bank, while the others are from the World Top 

Incomes Database; all figures are from 2010, the latest year that includes all these measures.) 

 For this reason, I consider the Gini coefficient to be inappropriate for studying the relationship 

between inequality and corruption. The way the Gini is usually estimated (including in the World Bank 

data), only income quintiles or deciles are used and figures for the top 1%, 0.1%, and 0.01% are not  

included, so a nation could transfer most of the income from its 90th to 99th percentile individuals to its 

top 1% individuals or even its top 0.01% individuals and this would have no effect on the measured 

Gini coefficient despite representing an enormous increase in real inequality and risk of corruption. 
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Instead I will use the income shares of the top 1%, 0.1%, and 0.01% from the World Top Incomes 

database (Alvaredo et al. 2014).  

 I think it is instructive to compare these magnitudes in terms of actual dollar incomes. In the 

United States in 2010, the bottom 10% received an average income of $9,300 per year, the overall 

population received an income of $49,000 per year and the top 10% received an average income of 

$147,000 per year. The top 1% received an average income of $860,000 per year, the top 0.1% received 

an average income of $3.7 million per year, and the top 0.01% received an average income of $16.3 

million per year. The income ratio between the top 0.01% and the top 1% (19 to 1) is larger than the 

ratio between the top 1% and the general population (18 to 1) or the ratio between the top 10% and the 

bottom 10% (16 to 1). The inequality issue in the US is not so much "the 1 percent" at it is "the 1 

percent of the 1 percent". Similar relationships hold in other countries; incomes rise sharply at the very 

top of the distribution. 

 Moreover, in normative terms I consider the top income shares to also be the most worrying 

forms of inequality. What is the optimal level of inequality for an economy? Most people would not 

want to live in a society that had perfect equality of income, in which unemployed individuals make the 

same amount as janitors, who make the same amount as engineers. These kinds of differences would be 

captured in income quintiles and the Gini coefficient, and so the optimal Gini coefficient for the long-

term prosperity of a society is not zero. Where is the optimum? Rawls (2009) provides a compelling 

normative theory: If we are interested in maximizing the minimum standard of living, we need some 

inequality to provide economic incentives, but not so much inequality that we leave people in poverty. 

 Yet increasing inequality doesn't even necessarily increase efficiency: Experiments have found 

that while inequality increases incentives at moderate levels, very high levels of inequality actually 

reduce incentives to work rather than increasing them. When rewards in a game are distributed 

"winner-takes-all" most participants simply give up because they know they will not win the top prize 
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(Freeman 2006). Once again this supports my contention that the concern should be over top income 

shares, not overall inequality across the economy. Engineers and doctors are a substantial segment of 

the population, but the 1% of the 1% who receive tens or hundreds of millions of dollars a year exhibit 

something much closer to "winner-takes-all". While a high Gini coefficient is a tradeoff that could be 

beneficial, very high top income shares are more likely simply harmful; they make the economy less 

efficient even as they siphon what is left to a handful of individuals. 

 The literature on the effect of income inequality on growth is mixed; some studies have shown a 

positive relationship between inequality and growth (Li and Zou 1998), while others show a negative 

relationship (Persson and Tabellini 1994) and still others show a nonlinear relationship (Chen 2003). 

Part of this inconsistency can be explained by the fact that authors were looking at countries at different 

levels of development; as a nation develops, inequality tends to increase and then decrease in a 

relationship known as the Kuznets curve (Barro 1999). The result is also dependent on the measure of 

inequality, such as whether it is using the Gini coefficient or the top income decile. 

 Using the World Top Incomes Database, Campos-Vazquez, Chavez, and Esquivel (2013) found 

that top income shares tend to rise with economic growth, but using instrumental variable methods they 

found that the causation is unidirectional. Economic growth makes the rich receive a larger share, but 

there is little evidence that the rich receiving a larger share contributes to economic growth. 

 If corruption leads to inequality and inequality also leads to corruption, the result is a positive 

feedback loop that creates a vicious cycle into ever-greater inequality and corruption, what Uslaner 

(2008) calls the "inequality trap". If this is the case, then high levels of inequality and corruption will 

reinforce each other, and once they become entrenched in a society they may be very hard to remove. 

The primary purpose of this study is to test whether there is evidence of this hypothesized inequality 

trap in global data, in particular using the top 0.01% income share as the measure of income inequality. 

To my knowledge, no other papers in the literature have used the top 0.01% income share when 
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assessing the relationship between inequality and corruption.  

 Using country fixed-effect and two-way fixed-effect models, I find that, as expected, there is a 

strong relationship between corruption and inequality, with better control of corruption associated with 

less inequality. This relationship remains statistically significant with roughly the same magnitude 

when controlling for many other variables that would be expected to affect income distribution (Piketty 

2014), including GDP per capita, GDP growth, population growth, employment, and inflation. 

 I then attempt to determine the causal direction of the relationship using Granger causality tests. 

My results fail to support Uslaner's hypothesis of an "inequality trap"; I do not find any evidence of 

Granger causality between inequality and corruption in either direction. 

 Unfortunately, the econometrics literature on panel data methods in Granger causality analysis 

is quite limited, especially with regard to short unbalanced panels such as this one. Many studies have 

found heterogeneous results, with bidirectional causality for some panels and unidirectional causality in 

others. For example Erdil and Yetkiner  (2009) found that income causes healthcare expenditure in very 

poor countries and healthcare expenditure causes income in very rich countries, while causality is 

bidirectional in most countries. Hoffmann et al. (2005) similarly found that the direction of causality 

between foreign direct investment and pollution varied between countries at different levels of 

development. When analyzing the relationship between exports and GDP, Kónya (2006) found every 

possible relationship—each directions, both directions, and no causality at all—in some country in their 

data set. These sorts of heterogeneous or even paradoxical findings underscore the fact that Granger 

causality testing is often an unreliable measure of true causality. 

 Therefore I consider the results of my Granger causality tests inconclusive. Because the 

methodology is still debated in the literature, statistical power is weak, and the sample size is relatively 

small, I do not think any inference about causality or non-causality is justified based on these results. 

There may still in fact be an "inequality trap"; all I can say at this point is that this analysis failed to 
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find evidence of it.  

 

Data 

 

For this study I will be combining data from three sources: The World Bank World Development 

Indicators (WDI), the World Bank World Governance Indicators (WGI), and the World Top Incomes 

Database (WTID) from Alvaredo, Atkinson, Piketty and Saez at the Paris School of Economics. 

Because the WDI contains Gini coefficient data I will use it for comparison, even though I do not 

expect to see a strong effect on corruption.  

 Because each of the variables is not always measured every year in each country, many 

observations in the total WDI data set are not usable for comparing inequality and corruption because 

one or both variables is not measured for that nation in that year. In addition, the nations that have 

reliable data may not be representative, which could introduce some bias into the results. 

 Histograms of the distribution of usable observations across years for each variable of interest 

are shown in figures 1 through 4. I considered an observation usable if it included both the WGI 

corruption control variable and the WTID income share variables. Unfortunately there are only about 

30 usable observations per year for the Gini coefficient (figure 1), about 15 usable observations per 

year for the top 1% income share (figure 2), about 10 usable observations per year for the top 0.1% 

income share (figure 3), and about 8 usable observations per year for the top 0.01% income share 

(figure 4). Still, even with these limitations the data set does provide about 500 usable observations for 

the Gini coefficient and 100 to 200 usable observations for each of the income share variables, which 

may be enough statistical power to draw some preliminary conclusions. Summary statistics for the 

variables of interest are included in table 1. 
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Methods  

 

The model I will be using is quite simple; I am assuming a linear relationship between the control of 

corruption as measured by the WGI index and the level of inequality as measured by top income 

shares. In reality this relationship is likely to be nonlinear, but there is simply not enough data to 

reliably estimate a nonlinear relationship. If the true relationship is nonlinear, then a linear regression 

will essentially capture the average effect.  

 Because I am using panel data, pooled OLS results may be biased by fixed characteristics 

within each country or worldwide economic trends over time. For this reason either fixed-effects or 

random-effects models would be appropriate. Because this is not a random sample of nations (it 

attempts to be comprehensive, and gaps are due to a lack of data in poorer countries, so the selection is 

not random), random-effects models are inappropriate, so I used fixed-effects models throughout. 

 Obviously corruption is not the only factor involved in determining the income distribution. I 

also control for GDP per capita, rates of growth in population and GDP, employment rate, and inflation 

rate, all of which are theoretically associated with the distribution of income (Piketty 2014). In addition 

I include the institutional variables rule of law and accountability (also from the WGI) to give an 

indication of whether it is corruption in particular that is driving the effect, or some other institutional 

factor that is correlated with corruption. 

 

Results 

 

 First I run a country fixed-effects models comparing the effect of corruption on Gini coefficient, 

top 1% income share, top 0.1% income share, and top 0.01% income share; the results are in table 3. 

For comparison, the results of pooled OLS are shown in table 2. The result for the Gini coefficient is  
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biased in the pooled OLS; the effect changes from marginally significant and negative in the pooled 

OLS to positive and nonsignificant in the fixed-effects model. The OLS results for income shares are 

also biased; the effect on top 1% share was strongly over-estimated, while the effect on 0.01% income 

share was strongly under-estimated. This is consistent with the results for the Gini: Country 

characteristics which produce high corruption also produce a relatively unequal overall income 

distribution, but corruption itself is only directly related to inequality at the very top of the distribution. 

 The results for two-way fixed-effects are shown in table 4. They are similar, but the effect on 

top 0.01% income share is somewhat smaller and only significant at p < 0.10. Two-way fixed-effects 

are necessary, however, because there is a nonlinear trend in inequality over time, decreasing until 

about 1980 and then increasing afterward. This nonlinear trend is clear in the scatter plots of top 0.01% 

income share over time in France, the US (figure 5), in Switzerland, and all countries (figure 6). 

 Since top 0.01% income share is what my hypothesis predicts to be important, and also where 

the largest effect is found in two-way fixed-effects regressions, I will focus on it as the measure of 

inequality from this point forward. To check the robustness of the effect of corruption on inequality, I 

perform two-way fixed effects regressions on top 0.01% income share, controlling for GDP per capita 

at both purchasing power parity (PPP) and market exchange rates; these estimates are in table 5. I use 

the logarithm of each, for two reasons: I expect the effect of a nation's total income on its income 

distribution to have a more or less proportionally diminishing effect as income increases, and the 

distribution of income per capita is more similar to a lognormal distribution than a normal distribution. 

Per capita GDP is only statistically significant using purchasing-power-parity, suggesting that real 

standard of living has an effect on inequality, but fluctuations in market exchange rates can obscure this 

effect.  In both regressions the effect of corruption control is significant at p < 0.05 and of the same 

approximate magnitude as before. 

 Next I control for the institutional variables rule of law and accountability; the coefficient on 
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corruption control becomes nonsignificant, but does not change much in magnitude. This is most likely 

due to multicollinearity, due to the high correlation between the corruption and the other institutional 

variables. When I include GDP per capita PPP back in the regression, this reduces the noise enough that 

the effect of corruption control is again significant at p < 0.05. Again the magnitude of the effect is 

approximately the same, around -0.25. 

 Next I add GDP growth, population growth, employment rate, and inflation rate, all of which 

are theoretically associated with the distribution of income (Piketty 2014). These estimates are in table 

6. When I include employment, population growth, and inflation as the only controls, the effect of 

corruption control becomes nonsignificant, but with all controls it is once again significant at p < 0.05. 

I am unsure what caused this effect; it is unlikely to be due to multicollinearity, because corruption 

control is not strongly correlated with population growth, employment, or inflation.  

 The final step in my analysis is to test for Granger causality. The basic principle of Granger 

causality is straightforward: If one time-series variable X causes another variable Y, we should be able 

to predict Y better using past information about X than we can using only past information about Y. To 

use linear regression appropriately to assess this relationship (Granger 1988), the two time-series must 

be stationary. Because Granger causality testing is based on the theory of time-series, it is a challenge 

to extend it to panel data, and there is still no consensus in the literature on the best method to solve this 

problem; it is particularly challenging when panels are short (with a small number of time periods) and 

unbalanced (Clarke, Roy, and Chen 2012). As you can see in figure 5, the data I have on corruption and 

top 0.01% income share only go as far back as 1996 and are missing whole years and many 

observations in each year, so they certainly qualify as a short unbalanced panel. In an ideal world we 

would have reliable data on every country for every year, but we go to econometrics with the data we 

have, not the data we want. 

 Most unit-root tests for panel data are designed with a null hypothesis "all panels are 
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nonstationary", with an alternative hypothesis "at least one panel is stationary" (Levin, Lin, and James 

Chu 2002). This is of limited usefulness, since in order for Granger testing to be reliable I need all 

panels to be stationary, not just one of them. 

 An aggregated augmented Dickey-Fuller (ADF) test on the whole panel failed to reject the null 

hypothesis for top 0.01% income share (p > 0.92), indicating that inequality in all countries is probably 

nonstationary. However, an aggregated test on corruption control rejected the null hypothesis (p < 

0.0001), indicating that corruption in at least one country is stationary. 

 However, individual augmented Dickey-Fuller tests (ADF) fail to reject nonstationarity for 

Switzerland, the United States, France, Japan, Spain, Sweden, and Italy. In fact, among nations for 

which I had at least 10 years of data that included both corruption and inequality, the only nation for 

which nonstationarity was clearly rejected was Korea. Therefore I conclude that for at least most of the 

panels that have detailed data, corruption control and top 0.01% income share are at least I(1). This also 

makes sense theoretically; a nation does not start from the same baseline in setting its income 

distribution and policy system every year and perturb from there, it starts with last year's system and 

then may deviate from it. This suggests something like a random walk, which would be I(1). 

 I took differences of corruption control and inequality and repeated the same procedure. 

Aggregated ADF tests reject the null hypothesis for both variables at p < 0.0001, so at least one country 

is stationary for each variable. 

 For top 0.01% income share, individual ADF tests rejected nonstationarity for all countries at p 

< 0.10 or better, and most of them at p < 0.001. I think it is safe to conclude that first-difference in top 

income share is stationary over the whole data set. 

 First-difference in corruption control is more ambiguous; the ADF test rejects nonstationarity 

for Sweden, France, India, Japan, Korea, and Italy at p < 0.01, but only rejects for the United States and 

Spain at p < 0.05, and marginally fails to reject for Switzerland and Argentina (p < 0.25). Argentina 
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actually fails to reject nonstationarity even at the second difference. 

 Switzerland and Argentina are notable in that their levels of corruption control did not vary 

much over time; in Switzerland it was uniformly high, while in Argentina it was uniformly low. The 

standard deviation of corruption control was 0.24 in the US, 0.23 in Japan and 0.15 in Spain, compared 

with 0.10 in Argentina and 0.06 in Switzerland. 

 This low variation, combined with the weak statistical power of individual ADF tests, suggests 

that the failures to reject nonstationarity in Argentina and Switzerland may be false negatives. Since I 

can find no theoretical reason why corruption would be an I(3) process in Argentina and an I(2) process 

in Switzerland, but an I(1) process in Sweden, France, India, Japan, Korea, Italy, the US, and Spain, I 

decided to consider corruption an I(1) process throughout. 

 After taking the first differences of corruption and inequality, I then run models with up to 5 

lags; the Akaike information criterion is lowest in the models with 1 lag, so I use them for the causality 

testing. The results of country fixed-effects and two-way fixed-effects regressions are both reported in 

table 6. Corruption and income share are each statistically significant predictors of themselves, but not 

of each other. Therefore there is no evidence of Granger causality in either direction. 

 

Conclusion  

 

Control of corruption and the share of income received by the top 0.01% are strongly related. The 

overall magnitude of this relationship has been robust under the various controls, at about -0.25, 

indicating that a 1 standard-deviation increase in control of corruption yields a 0.25 percentage-point 

decrease in the income share for the top 0.01%. This is a large effect in real terms, equivalent to 

reducing the total income of the top 0.01% by 0.25% of GDP, which would reduce the average income 

of an individual in the top 0.01% by 25 times the per-capita GDP. In the US in 2014 this would be 
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about $42 billion per year, or about $1.32 million per individual in the top 0.01%. 

 To put it another way: In 2012, the most recent data for China, China's control of corruption 

score was -0.48. If this is a real causal effect and we could somehow improve China's level of 

corruption control to that of the United States (a score of 1.38), a difference of 1.86 standard deviations, 

this would reduce the income share of China's top 0.01% by about 0.47 percentage-points, meaning 

that the top 0.01% would have their total income reduce by 0.47% of China's GDP, which is $43 billion 

nominally or $80 billion at PPP. This group consists of 137,500 millionaires, so this is $317,000 

nominally or $582,000 PPP for each millionaire. 

 This assumes that reducing corruption would have no effect on overall GDP, which is quite 

unlikely. The details are outside the scope of this paper, but there is considerable theory and empirical 

evidence (Anoruo and Braha 2005; Méon and Sekkat 2005; Aidt 2009) suggesting that reducing 

corruption will raise long-run GDP, meaning that the very rich might not actually lose any income—

everyone else simply gains. Reducing corruption may actually constitute a Pareto-improvement. 

 In this study I find no evidence of Granger causality between inequality and corruption, but this 

does not necessarily imply that the relationship is not causal. Methods of Granger causality testing on 

panel data are underdeveloped in the econometrics literature, and have very low statistical power on 

short panel data sets (Clarke, Roy, and Chen 2012) such as this one. An important direction for future 

research is to find more reliable methods of determining causal relationships in panel data. Such 

methods might include simultaneous equation analysis, or use instrumental variables as Campos-

Vazquez, Chavez, and Esquivel (2013) did. This would allow us to better assess whether corruption and 

inequality are causally related, and if so whether the causation is bidirectional as in Uslaner's (2008) 

"inequality trap". 

 The primary limitations of this study are due to the limitations of the data. Many countries do 

not have data for either corruption or income shares in any given year. Even the data that is available 
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comes with a considerable margin of error, for the following reasons. 

 Corruption is very difficult to measure, and the WGI indexes are based on aggregating many 

different measures that may or may not capture the same phenomenon. The hope is that by combining 

many different correlated measures we can average out their differences and find a reliable and 

consistent measure of the level of corruption in a nation, but this is far from guaranteed. In addition, the 

normalization so that the standard deviation is approximately 1 and the mean is approximately 0 with 

values ranging from -2.5 to 2.5 allows us to interpret the WGI indexes as something like a z-score, but 

eliminates any information we might have had about long-term trends in worldwide corruption. 

 An important source of potential bias in corruption measures is the Halo Effect, which may 

cause people to perceive that their nation is more corrupt when they dislike something else about the 

economy, even if actual corruption has not changed (Sequeira 2014). This could create a spurious 

relationship between inequality and corruption if people perceive their nation to be more corrupt simply 

because it has higher inequality. 

 Inequality is also difficult to measure. A major advantage of the WTID is that it includes the 

income share of the top 0.01%, which is a consistent and easy-to-interpret measure of inequality, unlike 

the Gini coefficient which is biased downward by undersampling, or the Theil index which is very 

difficult to interpret in real terms. Top income shares are also more directly related to the kind of 

inequality that is likely to be linked to corruption. However, this data is very difficult to collect—

household surveys rarely have samples large enough to capture the top 1%, let alone the top 0.01%, so 

Alvaredo, Atkinson, Piketty, and Saez primarily rely upon tax returns. The reliability of this data then 

relies upon the reliability of tax reporting and enforcement in that nation, since it is well known that 

individuals have an incentive to underreport their income for purposes of taxation. National 

governments take measures to counteract this tax evasion, but their level of effectiveness in doing so 

varies considerably. This could actually bias the results in the opposite direction, since the very wealthy 
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are more likely to be able to get away with underreporting their incomes in nations with high levels of 

corruption. The measurement of inequality is also very dependent on how we measure capital gains, so 

a considerable portion of the efforts involved in compiling the database have been directed into 

devising consistent accounting methods for capital gains in different countries (Alvaredo et. al. 2014). 

 The correlation between income inequality and corruption is clear, but its causation remains 

uncertain. An important direction for future research is to determine this causation, whether inequality 

causes corruption, corruption causes inequality, both are true, or in fact neither are true and the 

correlation is driven by some common cause.  

 Even knowing that corruption is harmful, actually reducing corruption is a major policy 

challenge. Totally eliminating corruption is probably impossible; realistically the best-case scenario 

would be to achieve a worldwide level of corruption comparable to that of Sweden (2012 WGI score of 

2.3). If it can be established that there is a direct causal link between inequality and corruption, this 

could provide a means to reduce corruption, because we know that redistribution of wealth can reduce 

inequality. Based on the above analysis, it is likely no coincidence that Sweden's top 0.01% income 

share in 2012 was only 0.93% (close to the minimum of 0.83%), while the mean for all countries in 

2012 was 1.87% and the maximum was 4.08% (the United States). If future research does show a 

causal link from high inequality to high corruption, this provides a strong justification for redistribution 

of wealth, at least from the very top of the distribution, the "1% of the 1%". This could be 

accomplished by a steeply progressive income tax on all forms of income—including capital gains. 

Aside from the usual argument based on the assumption that individuals value higher relative status 

(Corneo 2000), the potential to reduce inequality and thereby reduce corruption and increase economic 

growth provides further justification for the possibility of a Pareto-improving progressive income tax. 

Even if a true Pareto-improvement is not possible, reduced corruption and increased economic growth 

with lower inequality is likely to produce a substantial improvement in overall welfare. 
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Figure 1: Usable observations for the Gini coefficient and corruption control 
 

 
 

 

Figure 2: Usable observations for the top 1% income share and corruption 

control  
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Figure 3: Usable observations for the top 0.1% income share and corruption control  
 

 

Figure 4: Usable observations for the top 0.01% income share and corruption control 
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Figure 5: Inequality over time in France (left) and the US (right) 

 

 

 

Figure 7: Inequality over time in Switzerland (left) and all countries (right) 
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Table 1: Summary statistics 

Variable Observations Median Mean Min Max

Year 12356 1950 2013

Real GDP per capita PPP 4384 7995 14616 18154 142 138025

8261 2547 9157 15157 50 158803

Control of corruption 2845 -0.24 -0.01 1.00 -2.06 2.59

884 41.43 42.01 10.31 19.40 74.33

Top 1% income share 930 8.41 8.83 3.08 2.65 21.30

Top 0.1% income share 938 2.33 2.70 1.50 0.46 8.82

Top 0.01% income share 690 0.65 0.84 0.57 0.17 4.08

Std. Dev.

Real GDP per capita at 

exchange rates

Gini coefficient

 

Table 2: Effect of corruption on different measures of inequality, pooled OLS 

VARIABLES Gini 

coefficient 

Top 1% 

income share 

Top 0.1% 

income share 

Top 0.01% 

income share 

     

Control of corruption -0.790 -0.928 -0.195 -0.098 

 (-1.310) (-3.466) (-1.292) (-1.156) 

Constant 41.42 11.34 3.753 1.395 

 (90.93) (27.63) (16.17) (11.68) 

     

Observations 547 224 183 130 

R-squared 0.003 0.051 0.009 0.010 

t-statistics in parentheses 

 

 

Table 3: Effect of corruption on different measures of inequality, country fixed-effects 

 

VARIABLES Gini 

coefficient 

Top 1% 

income share 

Top 0.1% 

income share 

Top 0.01% 

income share 

     

Control of corruption 0.282 -0.815 -0.540 -0.505 

 (0.380) (-1.348) (-1.332) (-2.880) 

Constant 41.77 11.20 4.182 1.846 

 (153.3) (15.02) (8.245) (9.435) 

     

Observations 547 224 183 130 

R-squared 0.000 0.009 0.011 0.069 

Number of countries 138 24 22 17 

t-statistics in parentheses 
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Table 4: Effect of corruption on different measures of inequality, two-way fixed-effects 

 

VARIABLES Gini 

coefficient 

Top 1% 

income share 

Top 0.1% 

income share 

Top 0.01% 

income share 

     

Control of corruption 0.569 -0.303 -0.269 -0.225 

 (0.761) (-0.567) (-0.729) (-1.749) 

Constant 41.28 9.233 3.131 1.152 

 (70.47) (13.03) (6.480) (7.284) 

     

Observations 547 224 183 130 

R-squared 0.067 0.307 0.291 0.594 

Number of countries 138 24 22 17 

t-statistics in parentheses 

 

Table 5: Effect of corruption on top 0.01% income share  

controlling for other variables, two-way fixed-effects 

 

VARIABLES Top 0.01% income 

share 

Top 0.01% income 

share 

Top 0.01% income 

share 

Top 0.01% income 

share 

     

Control of corruption -0.245 -0.286 -0.195 -0.271 

 (-2.184) (-2.124) (-1.345) (-2.290) 

Log GDP per capita  1.294   0.990 

PPP (4.205)   (2.917) 

Log GDP per capita   0.496   

at market exchange  (1.451)   

Rule of law   -0.008 0.398 

   (-0.046) (2.010) 

Accountability   -0.166 -0.161 

   (-0.782) (-0.926) 

Constant -11.95 -3.652 1.302 -9.136 

 (-3.877) (-1.102) (4.390) (-2.763) 

Observations 125 130 130 125 

R-squared 0.695 0.602 0.596 0.713 

Number of countries 16 17 17 16 

t-statistics in parentheses 
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Table 5: Effect of corruption on top 0.01% income share  

controlling for even more variables, two-way fixed-effects 

 
VARIABLES Top 0.01% income 

share 

Top 0.01% income 

share 

Top 0.01% income 

share 
    

Control of corruption -0.263 -0.193 -0.314 
 (-1.980) (-1.513) (-2.720) 
Rule of law   0.215 
   (1.064) 
Accountability   -0.380 
   (-1.968) 
Log GDP per capita PPP   1.247 
   (3.360) 
GDP growth rate 0.00882  0.0219 
 (1.221)  (2.120) 
Population growth rate -0.0676 -0.0153 0.0557 
 (-1.010) (-0.186) (0.789) 
Employment rate  -0.0150 -0.0322 
  (-1.154) (-2.668) 
Inflation rate  0.00569 0.00414 
  (1.861) (1.063) 
Constant 1.208 1.948 -9.550 
 (7.394) (2.719) (-2.800) 
Observations 130 130 125 
R-squared 0.603 0.618 0.751 
Number of countries 17 17 16 
 

Table 6: Granger causality testing 

 

VARIABLES Corruption 

control, country  

fixed-effects 

Corruption 

control, 

two-way fixed-

effects 

Top income 

share, 

 country fixed-

effects 

Top income 

share,  

two-way fixed-

effects 

Lagged difference in  -0.438 -0.469 -0.0814 0.00522 

corruption control  (-3.931) (-4.077) (-0.419) (0.0302) 

Lagged difference in  -0.132 -0.166 -0.222 -0.450 

top income share (-1.381) (-1.389) (-1.225) (-2.268) 

Constant -0.0104 -0.0177 0.0489 0.125 

 (-0.835) (-0.490) (2.098) (2.258) 

Observations 74 74 65 65 

R-squared 0.226 0.311 0.032 0.377 

Number of countries 13 13 12 12 

t-statistics in parentheses 


