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Abstract The paper estimates the relationship between entrepreneurship and income inequality. Using
US state-level data for the period 1989 to 2013, and
the system generalized method of moments (GMM)
estimator, we find a significant positive relationship
between entrepreneurship and income inequality. This
finding is generally robust across alternative measures
of inequality and entrepreneurship.
Keywords Inequality · Entrepreneurship · System
GMM
JEL Classification J31 · L26

1 Introduction
Over the last four decades, the USA has experienced
a significant rise in income inequality. Researchers
have attributed this increase to a multitude of factors,
including skill-biased technological change (Card and
DiNardo 2002; Acemoglu 1998), trade and financial
globalization (Feenstra and Hanson 1996; Munch and
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Skaksen 2008; Phillipon and Reshef 2012), changes in
labor market institutions (Wilkinson and Pickett 2010;
Jaumotte and Buitron 2015), income redistribution
policies (Bassett et al. 1999; Benabou 2000; Joumard
et al. 2012), monetary policy (Galbraith 1998; Coibion
et al. 2016), and educational attainment (De Gregorio
and Lee 2002; Atems and Jones 2015).
Parallel to the increase in income inequality in
the USA has been a rise in entrepreneurship, typically measured as the number of self-employed, the
number of (small) businesses in an economy, (small)
business employment, or the number of businesses
per capita (Quandrini 1999, 2000, 2009; Shane 2009;
Halvarsson et al. 2016). Figure 1 plots the relationship between income inequality, measured using the
Gini index, and these measures of entrepreneurship
(all expressed in natural logarithms) using aggregate
US data from 1989 to 2013. Figure 1a illustrates the
relationship between the Gini index and the number
of self-employed individuals, Fig. 1b shows the trend
in small private nonfarm business employment, and
Fig. 1c shows the evolution of the number of small
businesses in the US economy. All three figures depict
upward trends in income inequality and the measures
of entrepreneurship. This upward trend is, however,
typically interrupted immediately following periods of
recessions during which time both entrepreneurship
and inequality temporary fall.
This paper is motivated by the trends shown in
Fig. 1. We seek to investigate whether entrepreneurship impacts inequality or whether this correlation is
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Fig. 1 Gini coefficient, number of self-employed, and small business employment

merely an empirical coincidence. That entrepreneurship may increase inequality has been suggested by,
among others, Halvarsson et al. (2016), Åstebro et
al. (2011), Gort and Lee (2007), Hamilton (2000),
and Evans and Leighton (1989). These authors contend that while entrepreneurship increases income
for some people, most self-employed and small-scale
entrepreneurs have average earnings that are lower
than the population average. In particular, Åstebro
et al. (2011) propose a model of labor market frictions
in which entrepreneurs are skilled in a variety of activities and there is complimentarity between their skills,
finding that average wages under self-employment
are lower than mean wages under paid employment. Hamilton (2000) examines differences in earnings between self-employment and paid employment,
reporting that a majority of entrepreneurs enter and
remain in business even though their initial earnings, as well as their earnings growth are lower
than earnings of individuals in paid employment. He
estimates an earnings differential of 35% for selfemployed individuals, further arguing that this differential potentially underestimates the true differential
as fringe benefits are generally not included in wages
under paid employment. Using data for Canada, Lin
et al. (2000) find that self-employed earnings average

approximately 8 cents to a dollar less than those of
wage and salary employees. Similar findings have
been reported by, among others, Mathias et al. (2017),
and Åstebro and Chen (2014).
While the abovementioned studies provide evidence on earnings differentials between entrepreneurs
and paid employees, few papers have directly estimated the link between entrepreneurship and income
inequality at a more macrolevel. Existing studies have
typically examined how the structure of inequality
in compensation and opportunity within organizations
triggers low-earning employees to exit these organizations for other firms or to pursue more entrepreneurial
ventures. For example, Sørensen and Sharkey (2014)
find that employees in organizations with high wage
inequality are more likely to make the transition to
entrepreneurship, but find no evidence of these individuals moving to other firms. Using linked employeremployee data for the legal services sector, Carnahan
et al. (2012) also report a positive relationship between
high-performance employees and their likelihood of
transitioning to entrepreneurship in organizations with
a low degree of compensation dispersion, while lowperforming employees in organizations with greater
compensation dispersion are less likely to become
entrepreneurs after they exit their current organization.
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The theoretical literature, however, has suggested
mechanisms through which entrepreneurship may
increase aggregate income and wealth inequality.
These theories generally rely on incentives arguments,
whereby, borrowing constraints on entrepreneurial
investment and savings, together with the high
costs of external finance provide incentives for
entrepreneurs to accumulate wealth, leading to a
higher observed equilibrium concentration of wealth
among entrepreneurs than paid employment (see e.g.,
Quadrini 2000, 2009; Bohacek 2006; Cagetti and
DeNardi 2006). Quadrini (2000), for example, develops a dynamic general equilibrium model that incorporates entrepreneurial choice and financial frictions,
showing that more wealth inequality is generated in
the model that explicitly incorporates entrepreneurship than one than does not consider entrepreneurial
activities. Extending the work of Quadrini (2000),
Cagetti and DeNardi (2006) construct and calibrate an occupational choice model that allows for
entrepreneurial entry, exit, and investment decisions in
the presence of borrowing constraints. They show that
a model economy without entrepreneurs produces a
distribution of wealth which is significantly lower (top
1% only held 4% of total wealth) than that observed
in aggregate US data. However, when entrepreneurs
are incorporated in the benchmark model economy,
the distribution of wealth in this economy is similar to
that observed in the data (top 1% owned about 30%
of total wealth). While these theoretical models focus
on wealth inequality, incentives to increase wealth
may also lead to increases in aggregate income. For
example, borrowing and other financial constraints
may cause individuals with entrepreneurial goals to
increase work effort (Schumpeter 1934), leading to
higher levels of income growth and capital accumulation for (potential) entrepreneurs (Jones and Kim
2017), which in turn increases aggregate income
inequality.
This paper represents the first attempt to estimate
the impact of entrepreneurship on income inequality
using US state-level data. We use data on all 50 US
states and the District of Columbia (DC) from 1989
to 2013. Following, among others, Meager (1992),
Van Stel et al. (2005), and Thurik et al. (2008), the
paper uses the number of self-employed as a fraction
of the total labor force (self-employment rate) as the
measure of entrepreneurship. For robustness purposes,
we also use three other proxies for entrepreneurship,
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namely the number of small businesses as a percent
of total businesses, private small business employment as a percent of total private nonfarm employment, and the number of businesses per capita. Our
econometric strategy relies on the Arellano and Bover
(1995) and Blundell and Bond (1998) system generalized method of moments (GMM) estimator. Empirical
results show evidence of a strong positive relationship between entrepreneurship and income inequality.
The results are robust across the different measures of
entrepreneurship, as well as to alternative measures of
income inequality.
The rest of the paper is organized as follows.
Section 2 outlines the econometric methodology,
while Section 3 describes the data, their sources,
and any transformations to the data. Section 4 discusses the empirical results. Concluding remarks are
presented in Section 5.

2 Econometric methodology and estimation
The baseline model for investigating the impact of
entrepreneurship on income inequality is:
Iit = α+β Ii,t−1 +γ Ei,t−1 +Xi,t−1 δ+ηi +νt +εit (1)
where Iit and Ii,t−1 , respectively, denote income
inequality in state i in years t and t − 1, Ei,t−1
represents entrepreneurship in state i in year t − 1,
and Xi,t−1 is the year t − 1 vector of controls in
state i. Entrepreneurship and the control variables
are unlikely to affect inequality contemporaneously,
hence they enter the model in lags. In Eq. 1, α is a
constant, ηi captures state-specific fixed effects, νt are
year fixed effects, and εit is the error term.
Before proceeding, it is useful to discuss the choice
of the variables contained in X. The literature on the
determinants of income inequality is vast, so the rationale for choosing the control variables in X will not be
overemphasized. We include the percentage of individuals with at least a high school degree and the
percentage with at least a college degree as proxies for
the impact of human capital on inequality. The empirical literature has documented conflicting results on the
impact of education on inequality. De Gregorio and
Lee (2002) report a negative effect of education on
inequality, while Katz and Murphy (1992), Acemoglu
(1999, 2002), Lemieux (2006) among others attribute
the rise in wage inequality to the college-high school
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wage premium. Many studies, (see e.g., Brewer et al.
1999; Davies and Guppy 1997; Kane and Rouse 1995;
Rumberger and Thomas 1993) have shown that while
the income difference between high school and college has grown, so has the income difference between
college graduates with an undergraduate and a graduate degree. Some of these studies also show that
the income premium for different degrees has grown,
with engineering and science degrees outperforming
social science degrees, and social science degrees outperforming humanities degrees. Including measures
of educational attainment beyond our two measures
(high school and college) would be ideal to adequately control for the impact of human capital on
income inequality. These data, however, are not available annually at the US state-level, limiting our paper
to the use of high school and college attainment rates.
The paper also includes state-level unemployment
rates, poverty rates, and real GDP per capita growth
to control for the effect of macroeconomic conditions.
That macroeconomic conditions affect inequality has
been studied by Blank and Blinder (1986), Silber
and Zilberfarb (1994), Jantti (1994), Mocan (1999),
and Cysne (2009). Union membership, state minimum
wages, and an indicator variable for right-to-work
states are included to control for the well-documented
link between labor market institutions and inequality (see e.g., Di Nardo et al. 1996; DiNardo and
Lemieux 1997; Card 2001; Koeniger et al. 2007). We
follow the literature on the link between redistributive
government policies and income inequality (see e.g.,
Milanovic 2000; Goni et al. 2011) and include average income tax (individual and corporate) and capital
gains tax rates, as well as welfare expenditures as a
percent of total state expenditures. The percent of the
population 65 years and older, and the minority share
of the population are included to control for demographic influences on income inequality, while the
shares of total employment accounted for by employment in seven industry categories have been included
to control for state industrial composition. The industry shares considered include the proportion of total
employment accounted for by employment in construction, government, manufacturing, mining, retail
sales, wholesale sales, and the finance, insurance, and
real estate (FIRE) sectors. This list of controls is
certainly not exhaustive and was determined by the
availability and reliability of data for all 50 states and
DC for the sample period. Furthermore, some factors
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that affect inequality may be unobservable. The inclusion of the state-specific effects should help control
for the impact of unobservable factors on inequality
that vary across states but are time-invariant. As well,
the possibility of common trends in the variables of
interest may contaminate the results obtained from
estimating Eq. 1. We include the year fixed effects, νt
to mitigate this issue.
Ordinary least squares (OLS) estimation of Eq. 1
results in an estimate of β that is upward biased (Hsiao
1986; Bond et al. 2001). The upward bias is caused
by the positive correlation between the lagged dependent variable Ii,t−1 and the state-specific fixed effects
ηi . To see this, suppose that a large shock to income
in state i affects the income distribution of that state,
causing a significant increase in inequality in year t,
Iit . Also suppose that the effect of the shock is only
captured in εit and not directly modeled in Eq. 1. This
increase in inequality in year t will cause the average
value of ηi over the entire sample period to be higher.
This means that Ii,t−1 and ηi will both be higher in
the following year, causing the OLS estimate of β,
the coefficient on Ii,t−1 to be upward biased. Nickell
(1981) further shows that the bias cannot be eliminated using the fixed effects or least squares dummy
variable estimator. In fact, fixed effects estimation of
Eq. 1 produces an estimate of β that is downward
biased.
The dynamic panel data literature has generally
advocated for the use of the so-called difference GMM
estimator proposed by Arellano and Bond (1991) to
address this problem. This estimator first-differences
all the variables in Eq. 1, thereby removing the statespecific fixed effects (ηi ):
Iit = β

Ii,t−1 +γ

Ei,t−1 + X i,t−1 δ+ νt + εit
(2)

After first-differencing, appropriate lags of the
variables in levels can be used as instruments for the
variables in first differences. Under the assumption
that errors are serially uncorrelated and independent
across states, we have:
E (εit εis ) = 0 f or s  = t
Furthermore, assuming that
E (Ii1 εit ) = 0 f or t ≥ 2
second and higher order lags of Iit are valid instruments for Eq. 2. For example, Ii,1 can be used as an
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instrument for Ii,2 − Ii,1 for period
3, and Ii,1 and

Ii,2 as instruments for Ii,3 − Ii,2 for period 4, and so
on.
Under the assumption that entrepreneurship and
the other regressors are strictly exogenous, lags,
leads, and contemporaneous values of Eit and X it
are valid instruments for the equations in first differences. There are, however, compelling reasons to
believe that entrepreneurship and the other regressors are not strictly exogenous. Possible examples
include business-friendly policies or attitudes toward
entrepreneurship versus government intervention in
the state population or current state government.
There may also be longer term reverse causal effects
of inequality on entrepreneurship. Maintaining the
assumption that inequality and entrepreneurship (and
the other regressors) are uncorrelated contemporaneously, Arellano and Bond (1991) show that lagged
values of the predetermined Eit and Xit are valid
instruments for the first-differenced equation. If Eit
and X it are endogenous, their second and higher
order lags are valid instruments for the differenced
equations (2).
Blundell and Bond (1998, 2000) argue that when
the time series are highly persistent, instruments based
on lags of the variables in levels may introduce weak
instrument bias. To the extent that income inequality and the regressors are persistent, the difference
GMM estimator may not be appropriate for our purposes. Arellano and Bover (1995) propose an alternate
but related dynamic panel data estimator, the system
GMM estimator, which has been shown by Blundell
and Bond (1998) to considerably alleviate the weak
instrument problem of the difference GMM estimator. The estimator requires that GMM estimation be
performed using a “stacked” system consisting of two
equations:
Iit = β

Ii,t−1 +γ

Ei,t−1 + Xi,t−1 δ+ νt + εit

Iit = α+β Ii,t−1 +γ Ei,t−1 +Xi,t−1 δ+ηi +νt +εit
(3)
The first equation in the above system (3) is the
same as Eq. 2, and similar to the difference GMM
estimator, uses lags of the regressors in levels as
instruments, while the second in the system estimates Eq. 1 instrumented with lags of the regressors
in first differences. Blundell and Bond (1998) recommend using the second and higher order lags of
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the regressors as instruments when applying the system GMM estimator. In addition to alleviating the
endogeneity bias caused by the introduction of the
lagged endogenous variable, the system GMM is more
robust to measurement error than cross-sectional models (Bond 2002; Brülhart and Mathys 2008). The
state fixed effects capture time-invariant measurement
errors, while sufficiently longer lags of the regressors as instruments mitigate the effect of time-varying
measurement errors.
In light of these advantages, the results of this paper
are estimated using the system GMM estimator. We
use the third and fourth lags of the regressors as instruments and apply the two-step estimator to maximize
efficiency. While we believe that our sample size is
sufficiently large, we nonetheless apply the Windmeijer (2005) small sample correction of the standard
errors in all the two-step system GMM estimations.
Our reliance on “internal” instruments makes it necessary to test for instrument validity. Consequently,
we report the Hansen test for overidentifying restrictions, as well as the Arellano and Bond (1991) test
for second-order serial correlation (AR (2)) in the
residuals for all regressions.

3 Data
The data for the analysis consist of annual observations for all 50 US states and DC over the period
1989–2013. The dependent variable in our model is
state-level income inequality. Data on nine measures
of income inequality are constructed by Frank (2009)
and obtained from http://www.shsu.edu/∼eco mwf/
inequality.html. Frank (2009) constructs the statelevel inequality measures from individual tax-filing
data collected from the Internal Revenue Service’s
(IRS) Statistics of Income (SOI) program. The pretax SOI measure of adjusted gross income (AGI)
includes wages and salary income; capital income
such as dividends, interest, rents, and royalties; and
entrepreneurial income from self-employment, small
businesses, and partnerships. Interest on state and
local bonds, and federal and state intergovernmental
transfer income are excluded. Using these data, Frank
(2009) uses percentile rankings to derive income share
measures of inequality, namely, the top 5, 1, 0.5, 0.1,
and 0.01% income shares. Frank (2009) also uses
these data to construct Gini coefficients, the Atkinson
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Fig. 2 Measures of income inequality

index, the relative mean deviation, and the Theil
entropy index. We refer the reader to Frank (2009)
for details on the construction of the inequality measures. In the current paper, we use all nine measures
to ensure that conclusions regarding the impact of
entrepreneurship on income inequality are stable and
not sensitive to alternative measures of inequality.
Figure 2 plots the measures of income inequality
used in this paper. A particularly striking feature of the
graphs is the decline in inequality (across all the nine
measures) immediately following the three US recessions that occurred since 1989 (1990–1991, 2001,
2007–2009). At first glance, this decrease in inequality might seem odd since many people lost their jobs
or moved to lower paying service jobs in the following years. However, just as higher income individuals
tend to reap greater financial benefits than lower
income individuals during good economic times, they
generally tend to incur greater financial loss in bad
economic times. This occurs because more volatile
sources of income related to capital, such as business

income, capital gains, and dividends, typically constitute a relatively higher proportion of the income of
higher income individuals than labor income (labor
and wages), so that an economic downturn results
in more financial losses for higher income individuals. According to 2011 Congressional Budget Office
(CBO) estimates, labor income accounted for 37% of
the income of the top 1% income earners, but 62% of
the income of the middle quintile.1 In contrast, capital income accounted for 58% of the income of the top
1% versus 4% for the middle quintile. The same CBO
estimates reveal that the top 1% derived 1% of their
income from government transfers against 25% for the
middle quintile. During the Great Recession of 2007–
2009, the top 1% saw their income share decrease by
36.3 versus 11.6% for the bottom 99%, with much
of the declines caused by decreases in capital gains,
which decreased by 75% from 2007–2009. Dividend
and interest incomes, respectively, fell by 33 and 40%,
1 https://www.cbo.gov/publication/49440
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while the drop in labor income was much smaller
(6%). These large decreases in capital income relative
to labor income explain the decreases in inequality
during the Great Recession and in previous recessions.
Of particular interest in this paper is the possible
effect that entrepreneurship has on income inequality. Following, among others, Van Stel et al. (2005),
and Thurik et al. (2008), we use the number of selfemployed as a fraction of the total labor force (selfemployment rate) as the measure of entrepreneurship.
The data on self-employment are from the Current
Population Survey, public-use micro-data files, while
data on labor force participation are from the Bureau
of Labor Statistics (BLS). For robustness purposes,
we also use three other proxies for entrepreneurship, namely the number of small businesses (< 100
employees) as a percent of total businesses, private
small business employment as a percent of total private nonfarm employment, and the number of businesses per capita. Data on the other proxies for
entrepreneurship were obtained from the US Census
Bureau’s County Business Patterns.
As mentioned earlier, we control for the effect
of education, unemployment, and other social, economic, and demographic factors that directly impact
income inequality. We use two measures of educational attainment, namely the fraction of total population with a high school degree or more, and the
percentage of the population with a college degree or
higher. The data on high school and college attainment
are constructed by Frank (2009) and available at http://
www.shsu.edu/∼eco mwf/inequality.html. Data on the
unemployment rate, union membership, and state minimum wages come from the BLS, while gross state
product (GSP) per capita growth, welfare expenditure
share, and the seven state-level industry employment
shares were all collected from the Regional Economic
Accounts (Bureau of Economic Analysis). Income
and capital gains tax rates at the state-level are constructed following Feenberg and Coutts (1993), and
are available on the website of the National Bureau of
Economic Research (NBER) at http://users.nber.org/
∼taxsim/state-rates/. Demographic controls include
the percent of the population aged 65 and older, and
the state minority population share. Both demographic
variables, together with poverty rates and population
density were collected from the Census Bureau. We
include a dummy variable indicating whether or not
a state is a right-to-work state. Data on states with
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right-to-work laws were obtained from the National
Right to Work Foundation. Table 1 provides descriptive statistics of the variables.

4 Empirical results
4.1 Benchmark results
Table 2 reports estimation results for the nine
measures of income inequality and with the selfemployment rate used as the measure of entrepreneurship. Because the validity of the econometric methodology and the consistency of the estimated results,
respectively, depend on the validity of the instruments
and on the serial correlation of the errors, we first
discuss the results of the Hansen tests of overidentifying restrictions, and the Arellano and Bond (AR(2))
tests for second-order serial correlation before turning
to the estimated coefficients. These tests, displayed
on the last rows of Table 2, provide no evidence of
model misspecification problems for any of the nine
regression models. That is, the Hansen tests of overidentifying restrictions in all regressions fail to reject
the null hypothesis of the joint exogeneity of the
instruments, suggesting that the instruments in general are valid. The AR(2) tests for second-order serial
correlation fail to reject the null of no second-order
residual autocorrelation. The results of these tests give
us some degree of confidence in the reliability of
our empirical methodology and the consistency of our
estimated results.
Turning now to the estimated coefficients, several
observations are evident from the table. First, regardless of the measure of inequality, the estimate of the
coefficient on the self-employment rate is always positive and statistically significant at conventional levels
of significance. When the Gini index is used as the
measure of inequality, the estimated coefficient on the
self-employment rate is 0.035, suggesting that a one
percentage point increase in the self-employment rate
is associated with a 0.035 point increase in income
inequality (Gini index). The magnitude of the estimated coefficients on income inequality are relatively
similar when alternative measures on inequality are
used. For example, we find that the top 1%, top 0.5%,
top 0.1%, and the relative mean deviation respectively increase by 0.039, 0.034, 0.031, and 0.0323
points following a one percentage point increase in the
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Table 1 Definitions and descriptive statistics of the variables: 1989–2013
Variables

Definition

Top 5% income share
Top 1% income share
Top 0.5% income share
Top 0.1% income share
Top 0.01% income share
Gini coefficient
Atkinson index
Theil index
Relative mean deviation
(RMD)
Self-employment rate
Small business share

Percent of income held by highest 5% of the population
Percent of income held by highest 1% of the population
Percent of income held by highest 0.5% of the population
Percent of income held by highest 0.1% of the population
Percent of income held by highest 0.01% of the population
Gini coefficient of income inequality
Atkinson measure of income inequality
Theil entropy index of income inequality
Relative mean deviation index of income inequality

30.69
16.15
12.48
7.17
3.17
58.48
26.59
76.95
81.79

5.18
4.50
4.07
3.12
1.92
3.52
3.82
18.34
5.14

18.84
8.21
5.81
2.64
0.83
52.13
19.62
44.30
71.82

54.43
36.07
31.20
23.37
15.15
71.14
41.08
149.85
101.29

Total number of self-employed divided by labor force
Small businesses (≤ 100 employees) as percent of total
businesses
Small business employment as percent of total nonfarm
employment
Total businesses in a state divided by state’s population
Percent of state population with at least a high
school degree
Percent of state population with at least a college degree
State civilian unemployment rate
Growth rate of real gross state product per capita
Percent of total state population that is non-white
Percent of total state population 65 and older
Percent of state population below the povery line
Percent of wage and salary workers who were
members of unions
Indicator variable for right-to-work states
State binding minimum
Total state population divided by land area
State income tax rate
State capital gains tax rate
Percent of total expenditure accounted for by welfare
expenditures
Percent of total employment in construction sector
Percent of total employment in government sector
Percent of total employment in manufacturing sector
Percent of total employment in mining sector
Percent of total employment in retail sector
Percent of total employment in wholesale sector
Percent of total employment in finance, insurance,
and real estate

11.02
95.11

2.57
1.53

5.91
86.43

20.69
97.58

38.47

5.61

25.76

59.86

2.19
61.60

0.39
4.57

1.48
46.04

3.42
73.26

17.12
5.71
1.44
17.76
12.57
12.91
12.45

4.69
1.88
2.61
13.69
1.88
3.70
5.85

7.91
2.30
− 12.90
1.20
3.86
4.50
2.30

45.33
13.80
18.80
74.43
18.20
26.40
29.90

0.42
5.43
316.99
40.27
24.77
21.03

0.49
1.33
1175.35
4.25
5.91
4.90

0.00
3.35
0.82
28.00
15.00
6.68

1.00
9.19
9506.60
49.30
36.98
38.78

5.66
15.52
9.98
0.87
13.60
3.80
7.90

1.19
4.09
4.69
1.38
3.37
0.93
1.91

0.00
10.08
0.00
0.00
2.63
0.61
4.47

10.26
40.83
23.09
8.87
19.76
6.78
14.86

Small employment share
Businesses per capita
High school attainment
College attainment
Unemployment rate
GSP per capita growth
Minority population
Population 65 and over
Poverty rate
Union membership rate
Right to work
Minimum wage
Population density
Income tax rate
Capital gains tax rate
Welfare expenditure
Construction share
Government share
Manufacturing share
Mining share
Retail share
Wholesale share
FIRE share

Data sources mentioned in text

Mean

Std. dev

Min

Max
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Table 2 The impact of entrepreneurship on US income inequality
Variables

Gini index Top 5%

Top 1%

Top 0.5%

Top 0.1%

Top 0.01% Atkinson

Theil

RMD

Lagged inequality 0.9293*** 0.8915*** 0.8753*** 0.8741*** 0.8568*** 0.8447*** 0.9394*** 0.9330*** 0.9298***
Self-employment 0.0354** 0.0293*
0.0392*
0.0338*
0.0305*
0.0215*
0.0177*
0.1179*
0.0323*
rate
High school
0.0325** 0.0158
0.0218*
0.0322*
0.0271*
0.0194
0.0097
0.0403
0.0089
attainment
College attainment − 0.0219* 0.0274
0.0118
0.0061
− 0.0004
− 0.0051 0.0117
0.0317
0.0038
Unemployment 0.0246
0.1087** 0.0644*
0.0499
0.0245
0.0057
0.0274
0.1056
0.0493*
rate
GDP per capita − 0.0285** −0.0390 − 0.0349 − 0.0284
− 0.0227
− 0.0168 − 0.0139 − 0.0614 − 0.0426***
growth
Minority
0.0049*
0.0041
0.0042
0.0042
0.0031
0.0023
0.0014
0.0132
0.0041
population
Population over 65 − 0.0234 0.0398
0.0224
0.0088
0.0036
0.0002
0.0039
0.0460
−0.0055
Poverty rate
0.0316** 0.0472*
0.0342
0.0388*
0.0329*
0.0212*
0.0109
0.0556
0.0263
Union member- 0.0040
0.0189
0.0238*
0.0216*
0.0204*
0.0146** 0.0042
0.0256
0.0016
ship rate
Right to work
0.1988** 0.3442** 0.3927** 0.3931**
0.3271**
0.2316** 0.1343** 0.8026*
0.1335
Minimum wage − 0.2334 − 0.3094 − 0.5799 − 0.6380
− 0.4415
− 0.1710 − 0.2610 − 2.1863 − 0.6392*
Population
0.0000
0.0001
0.0001
0.0001
0.0001
0.0001
0.0003
0.0001
0.0000
density
Income tax rate 0.0271
0.0287
0.0240
0.0153
0.0092
0.0050
0.0194
0.0057
0.0104
Capital gains tax − 0.0206 − 0.0762* − 0.0764* − 0.0678* − 0.0577* − 0.0359* − 0.0466** − 0.1885* − 0.0406
rate
Welfare
0.0199** 0.0072
0.0056
0.0051
0.0008
− 0.0006 0.0059
0.0129
0.0116
expenditure
Construction share 0.0009
0.0120
0.0024
− 0.0196
− 0.0050
− 0.0032 − 0.0300 − 0.2193 − 0.0237
Government share − 0.0415** − 0.1108** − 0.1127** − 0.1151*** − 0.0938*** − 0.0643** − 0.0353** − 0.2899** −0.0700***
Manufacturing
− 0.0029 − 0.0135 −0.0113 − 0.0141
−0.0102
− 0.0064 −0.0035 − 0.0525 − 0.0224
share
Mining share
0.0779** 0.1602** 0.1749** 0.1631**
0.1384**
0.1061*
0.0926** 0.5138*
0.0712
Retail share
− 0.0727** − 0.1617** − 0.1879** − 0.1831** − 0.1495** − 0.0932** − 0.1031** − 0.6740** − 0.1570***
Wholesale share − 0.0147 − 0.0055 − 0.0719 − 0.1192
− 0.1123* − 0.0958** 0.0276
−0.1396 0.0233
FIRE share
0.1251** 0.1145*
0.1346** 0.1249**
0.1092**
0.0758** 0.0615*
0.3328*
0.0882**
AR(2) test
Hansen test
Number of
observations

0.860
[0.388]
17.140
[1.000]
1224

1.560
[0.119]
8.570
[1.000]
1224

1.540
[0.125]
11.480
[1.000]
1224

1.290
[0.199]
2.370
[1.000]
1224

1.570
[0.117]
2.270
[1.000]
1224

1.910
[0.056]
10.010
[1.000]
1224

Standard errors in parentheses, p values in brackets
***, **, * Indicate significance at the 1, 5, and 10% levels of significance, respectively

0.940
[0.347]
2.250
[1.000]
1224

0.880
[0.380]
9.290
[1.000]
1224

0.850
[0.394]
4.940
[1.000]
1224

914

self-employment rate. A noteworthy exception is
when inequality is measured using the Theil index,
which shows that a percentage point increase in
the self-employment rate increases inequality (Theil
index) by as much as 0.12 points. While our results
are not directly comparable with previous studies
(as we use US state-level data, whereas previous studies are based on more micro-level data), it is worthwhile to note that our finding that more entrepreneurship is related to more inequality is consistent with,
among others, Sørensen and Sharkey (2014), Carnahan et al. (2012), Campbell (2013), and Campbell
et al. (2012).
Second, all the estimated coefficients on lagged
inequality are positive and highly significant. In addition, the estimated coefficients display a high degree
of persistence, with estimated coefficients generally
larger than 0.85. The finding that inequality is persistent gives us some degree of confidence in our choice
of using the system GMM estimator. As mentioned
before, the system GMM estimator ameliorates some
of the shortcomings of other dynamic panel data estimators by reducing the potential biases and impressions associated with these estimators when variables
exhibit persistence (Blundell and Bond 2000).
Third, the estimated coefficients on the control
variables are generally consistent with theoretical
models and/or previous empirical findings. The coefficients on high school are positive in all nine regressions and statistically significant for the Gini, top 1%,
top 0.5%, and top 0.1% regressions. The coefficient
on college attainment is negative and significant at
the 10% level of significance for the Gini index, but
statistically insignificant in the remaining regressions.
The finding that high school education is associated with higher inequality while college education
seems to decrease inequality is consistent with, among
others, Katz and Murphy (1992), Acemoglu (1999,
2002), Lemieux (2006) who attribute the rise in wage
inequality to the college-high school wage premium.
Many studies, (see e.g., Brewer et al. 1999; Davies and
Guppy 1997; Kane and Rouse 1995; Rumberger and
Thomas 1993) have shown that while the income difference between high school and college has grown, so
has the income difference between college graduates
with an undergraduate and a graduate degree. Some
of these studies also show that the income premium
for different degrees has grown, with engineering and
science degrees outperforming social science degrees,
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and social science degrees outperforming humanities
degrees. Ideally, including other measures of educational attainment beyond high school and college
would provide a deeper understand of the relationship
between educational attainment and income inequality. These data, however, are not available annually at
the US state-level, limiting our paper to the use of high
school and college attainment rates.
The signs of the coefficients on the macroeconomic
variables are consistent with expectation. The unemployment and poverty rates display positive signs
and in many cases the estimated coefficients are
statistically significantly different from zero. Mocan
(1999) notes that “the consensus has been that income
inequality is countercyclical in behavior, i.e., increases
in unemployment worsen the relative position of lowincome groups” (page 122). Mocan (1999), employing
US data for the period 1948–1994 finds that increases
in structural unemployment are significantly associated with higher income inequality. Positive impacts
of poverty and unemployment on inequality have been
reported by Jantti (1994), and Cysne (2009). The
results in Table 3 further show that growing economies
tend to experience a decrease in inequality. These
results are consistent with the view that a rising tide
lifts all boats, as a growing economy in particular, and
improving macroeconomic conditions in general provide opportunities for poor households to raise their
incomes.
Table 2 further shows that union membership exerts
a positive impact on inequality. The estimated coefficients on union membership are significant for the
top 1%, top 0.5%, top 0.1%, and top 0.01% income
shares. This result is rather surprising. However, consider that our sample runs from 1989 to 2013, a period
during which union membership rates in the USA
have considerably reduced. If unions are able to negotiate for higher wages for their members relative to
the nonunionized work force, then the finding here
of a positive impact of union membership has credence. Rubin (1988) finds a positive effect of unions
on income inequality, and explains that because wage
and salary earnings constitute the largest proportion
of personal income, increases in income that result
from increased union density accrue to workers at the
extremes of the income distribution at the expense
of those in the middle who are usually not union
members. As expected, the coefficient on right to
work is positive and significant for all inequality
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Table 3 The impact of entrepreneurship (small on US income inequality)
Variables

Gini index Top 5%

Top 1%

Top 0.5%

Top 0.1%

Top 0.01% Atkinson

Theil

RMD

Lagged inequality 0.9124*** 0.8707*** 0.8627*** 0.8610*** 0.8416*** 0.8352*** 0.9104*** 0.9138*** 0.9100***
Small business share 0.1105*** 0.0859** 0.0720** 0.0546*
0.1155** 0.0642** 0.1064** 0.5068** 0.1531**
High school
0.0227*
− 0.0078 0.0059
0.0192
0.0288*
0.0215*
− 0.0001 0.0472
0.0083
attainment
College attainment −0.0128 0.0380
0.0202
0.0120
0.0061
−0.0020 0.0238** 0.0694
0.0147
Unemployment rate −0.0152 0.0686*
0.0220
0.0155
−0.0077 − 0.0133 − 0.0007 − 0.0400 0.0154
GDP per capita
− 0.0273* −0.0320 − 0.0307 −0.0229
− 0.0183 − 0.0144 −0.0099 − 0.0430 − 0.0387**
growth
Minority population − 0.0006 0.0005
− 0.0004 0.0001
− 0.0003 − 0.0003 − 0.0005 − 0.0004 − 0.0005
Population over 65 − 0.0260 0.0350
0.0183
0.0064
− 0.0032 − 0.0027 − 0.0017 − 0.0079 − 0.0200
Poverty rate
0.0405** 0.0466** 0.0350*
0.0393**
0.0399** 0.0262** 0.0127
0.0940
0.0407**
Union membership 0.0007
0.0174
0.0222
0.0209
0.0204** 0.0145** 0.0057
0.0347
0.0004
rate
Right to work
0.2105** 0.3178*
0.3728** 0.3821**
0.4234** 0.2789** 0.1986** 1.2742** 0.2360**
Minimum wage
− 0.6313 − 0.8983 −1.1492** − 1.0507* − 0.4358 − 0.1418 −0.3081 − 1.6302 − 0.5514
Population density 0.0001
0.0002
0.0001
0.0001
0.0002** 0.0001** 0.0001** 0.0006*
0.0002**
Income tax rate
− 0.0098 − 0.0351 − 0.0357 − 0.0266
0.0141
0.0068
− 0.0031 0.0257
0.0108
Capital gains tax
0.0044
− 0.0295 − 0.0312 − 0.0378
− 0.0624* − 0.0374 − 0.0345 − 0.2251* − 0.0472
rate
Welfare expenditure 0.0090
− 0.0052 − 0.0064 − 0.0038
− 0.0043 − 0.0033 0.0011
− 0.0021 0.0042
Construction share − 0.0525 − 0.0472 − 0.0600 − 0.0626
−0.0304 − 0.0104 −0.0503* − 0.2679 − 0.0545
Government share − 0.0484** − 0.1485** − 0.1378** − 0.1319*** − 0.1026** − 0.0626** − 0.0489** − 0.3067** − 0.0708**
Manufacturing share − 0.0218* − 0.0376 − 0.0357* − 0.0336* − 0.0180 − 0.0103 −0.0115 − 0.0694 − 0.0304
Mining share
0.0418
0.1292
0.1359*
0.1307*
0.1419*
0.1010** 0.1000** 0.5549** 0.0703
Retail share
− 0.0815** − 0.1983** −0.2061** − 0.2008** − 0.1352** − 0.0814** − 0.1059** − 0.5850** − 0.1404**
Wholesale share
− 0.1542** − 0.1770* − 0.2254** − 0.2310** − 0.2422** − 0.1575** − 0.0787* − 0.5748** − 0.1142*
FIRE share
0.1065** 0.0907
0.1005*
0.1027**
0.1157** 0.0783** 0.0677** 0.4100** 0.1072**
AR(2) test
Hansen test
Number of
observations

0.840
[0.398]
7.880
[1.000]
1224

1.560
[0.118]
2.800
[1.000]
1224

1.550
[0.122]
5.940
[1.000]
1224

1.300
[0.194]
8.270
[1.000]
1224

1.580
[0.115]
4.900
[1.000]
1224

1.910
[0.057]
6.330
[1.000]
1224

0.950
[0.345]
5.320
[1.000]
1224

0.890
[0.376]
6.870
[1.000]
1224

0.850
[0.395]
3.010
[1.000]
1224

Standard errors in parentheses, p values in brackets
***, **, * Indicate significance at the 1, 5, and 10% levels of significance, respectively

measures, suggesting that states with right-to-work
laws generally experience more inequality than those
without these laws. Nieswiadomy et al. (1991), and
Ngarambe et al. (1998) also document a positive relationship between right to work and income inequality.
In line with DiNardo et al. (1996), Lee (1999), and
Autor et al. (2016), our results in Table 2 consistently

provide strong evidence that minimum wages reduce
income inequality.
We control for the impact of redistributive policies
by including the income and capital gains tax rates,
as well as the welfare expenditure share of total state
government expenditures. We find no statistical evidence of a significant relationship between income
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Table 4 Impact of entrepreneurship on income inequality
Variables

Gini index

Top 5%

Top 1%

Top 0.5%

Top 0.1%

Top 0.01% Atkinson

Theil

RMD

0.8849***

0.8754***

0.8701***

0.8416***

0.8462***

0.9311***

0.9290***

0.9267***

0.0284*

0.0322**

0.0277**

0.1155***

0.0146*

0.0195***

0.1015***

0.0271***

0.0026

0.0147

0.0318*

0.0288*

0.0202

0.0007

0.0340

0.0089

0.0298

0.0109

0.0042

0.0061

− 0.0068

0.0121

0.0198

0.0006

0.1049**

0.0524*

0.0458

− 0.0077

0.0023

0.0202

0.0761

0.0414*

− 0.0377

− 0.0369

− 0.0270

− 0.0183

− 0.0170

− 0.0145

− 0.0567

− 0.0414***

0.0071

0.0078*

0.0068

− 0.0003

0.0038

0.0040

0.0228

0.0066**

0.0367

0.0116

0.0012

− 0.0032

−0.0055

− 0.0007

0.0123

− 0.0134

0.0413*
0.0150

0.0323
0.0189

0.0390*
0.0182

0.0399**
0.0204**

0.0202*
0.0113*

0.0065
0.0014

0.0579
0.0148

0.0294*
−0.0028

0.3440**
− 0.4966

0.4029***
− 0.7488

0.4290***
− 0.5748

0.4234***
− 0.4358

0.2491***
− 0.1643

0.1289
− 0.3740

0.9215**
− 1.8499

0.1542
− 0.5922

0.0002

0.0001*

0.0001

0.0001**

0.0001

0.0000

0.0002

0.0001

− 0.0122

− 0.0170

0.0036

0.0141

0.0005

− 0.0137

− 0.0572

− 0.0127

− 0.0463

− 0.0420

− 0.0598

− 0.0624*

− 0.0308

− 0.0217

− 0.1430

− 0.0227

0.0170*

0.0078

0.0081

0.0086

− 0.0043

0.0017

0.0066

0.0285

0.0116

− 0.04935

− 0.0077

− 0.0280

− 0.0225

− 0.0304

− 0.0166

− 0.0464*

− 0.2435

− 0.0389

Lagged
0.9108***
inequality
Small employ- 0.0328***
ment share
High school 0.0225*
attainment
College
− 0.0257*
attainment
Unemployment 0.0088
rate
GDP per
− 0.0288**
capita growth
Minority
0.0078**
population
Population
− 0.0356
over 65
Poverty rate
0.0349**
Union member-− 0.0042
ship rate
Right to work 0.1638
Minimum
− 0.6100
wage
Population
0.0000
density
Income tax
− 0.0427
rate
Capital gains 0.0299
tax rate
Welfare
expenditure
Construction
share
Government
share
Manufacturing
share
Mining share
Retail share
Wholesale
share
FIRE share
AR(2) test

− 0.0758***− 0.1377***− 0.1414***− 0.1291***− 0.1026***− 0.0760***− 0.0544***− 0.3372***− 0.0837***
− 0.0135

− 0.0203

− 0.0182

− 0.0151

− 0.0180

− 0.0100

− 0.0064

− 0.0501

− 0.0190

0.0332
0.1370**
0.1517**
0.1490*** 0.1419**
0.0985**
0.0802**
0.4571*
0.0525
− 0.1338***− 0.1952***− 0.2055***−0.2006*** − 0.1352***− 0.1048***− 0.1277***− 0.7162***− 0.1775***
− 0.0660
− 0.0203
− 0.0936
− 0.1072
− 0.2422***− 0.1030** 0.0083
− 0.1490
0.0048
0.1178***
0.860
[0.391]

0.1045*
1.550
[0.120]

0.1228**
1.530
[0.126]

0.1298***
1.270
[0.202]

0.1157***
1.580
[0.115]

0.0725**
1.900
[0.057]

0.0609**
0.930
[0.351]

0.3891**
0.870
[0.382]

0.1016**
0.850
[0.395]

917

An empirical analysis of the relationship between entrepreneurship and income inequality
Table 4

(continued)

Variables

Gini index

Top 5%

Top 1%

Top 0.5%

Top 0.1%

Top 0.01%

Atkinson

Theil

RMD

Hansen test

8.290
[1.000]
1224

5.020
[1.000]
1224

5.940
[1.000]
1224

8.520
[1.000]
1224

4.900
[1.000]
1224

11.720
[1.000]
1224

3.450
[1.000]
1224

6.430
[1.000]
1224

3930
[1.000]
1224

Number of
observations

Standard errors in parentheses, p values in brackets
***, **, * Indicate significance at the 1, 5, and 10% levels of significance, respectively

tax rates and inequality, whereas increases in capital gains tax rates, as expected, are associated with
reductions inequality. Results also show that the coefficients on the welfare expenditure share are positive,
but only significant for the Gini regression. Evidence
that redistributive policies may not be very effective
in reducing income inequality has been documented
by Doerrenberg and Peichl (2014), and Alm et al.
(2005). Demographic variables, which we control for
by including the minority share of the population and
the proportion of the population 65 and older do not
display any significant impacts on income inequality.
The impact of industrial composition on income
inequality is accounted for by including seven statelevel industry employment shares. Construction and
manufacturing exhibit no statistically significant relationship with inequality. On the other hand, a larger
FIRE sector, as well as a larger mining sector are positively related to inequality. In all nine regressions,
the estimated coefficients on FIRE and mining are
significant. Table 2 further shows that wholesale and
retail trade sectors, as well as government employment share are generally associated with reductions in
income inequality. Moore (2009), using US state-level
data, documents very similar results.
4.2 Robustness analysis
The results presented in Table 2 used the selfemployment rate in a state as the measure of
entrepreneurship. To ensure that our results are not
driven by the choice of the measure of entrepreneurship, we present results of regressions using small
business share of total businesses in a state (small
business share) as the measure of entrepreneurship.
These results, shown in Table 3 continue to show
a positive effect of entrepreneurship on all the nine
measures of inequality. In fact, using small business

share, the estimated coefficients are generally larger
and more highly statistically significant than when the
self-employment rate is used as the inequality measure (as in Table 2). The coefficient on small business
share suggests that a one percentage point increase
in the share of small businesses increases the Gini
index by 0.11 points, whereas before, a one percentage
point increase in self-employment rate is only associated with a 0.03 point increase in the Gini index. The
positive impact of small business share on inequality is significant at the 5% level or better in eight of
the nine regressions, whereas the coefficients on selfemployment (Table 2) are significant at the 5% level
only when the Gini index is used as the measure of
inequality. Similar to the results in Table 2, the AR
(2) tests find no significant evidence of second-order
serial correlation in the first-differenced residuals,
while the Hansen tests continue to show evidence of
instrument validity. Furthermore, the estimated coefficients on many of the control variables are generally
consistent with those displayed in Table 2.
As an alternative robustness check, we use the percent of total private nonfarm employment accounted
for by employment by small businesses (small
employment share) as the measure of entrepreneurship. The results of this specification are shown in
Table 4. The magnitudes and signs of the coefficients
on small employment share are, in fact, quite similar to those when the self-employment rate is used as
the measure of entrepreneurship. For example, a one
percentage point increase in small employment share
is associated with a 0.033 point increase in the Gini
index, while the corresponding increase in the Gini
index when the self-employment rate is used is 0.035
percentage points.
As a final robustness check, we estimate the system
GMM models using the total number of businesses per
capita to measure state-level entrepreneurship. The
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Table 5 Impact of entrepreneurship on income inequality
Variables

Gini index

Lagged
0.9162***
inequality
Businesses
0.3799***
per capita
High school 0.0123
attainment
College
− 0.0246*
attainment
Unemploy0.0162
ment rate
GDP per capita− 0.0282**
growth
Minority
0.0059**
population
Population
− 0.0270
over 65
Poverty rate 0.0392***
Union mem- 0.0011
bership rate
Right to work 0.1466
Minimum
− 0.6849*
wage
Population
0.0000
density
Income tax
− 0.0319
rate
Capital gains 0.0245
tax rate

Top 5%

Top 1%

Top 0.5%

Top 0.1%

Top 0.01% Atkinson

Theil

RMD

0.8799***

0.8706***

0.8685***

0.8562***

0.8432***

0.9345***

0.9305***

0.9298***

0.3423*

0.4265**

0.3638*

0.2982*

0.2085**

0.2362**

1.3812**

0.3897**

− 0.0005

0.0077

0.0227

0.0227

0.0169

− 0.0037

0.0033

0.0003

0.0235

0.0047

0.0004

− 0.0062

−0.0094

0.0099

0.0104

− 0.0001

0.1079***

0.0596*

0.0504*

0.0270

0.0071

0.0282

0.1341

0.0535**

− 0.0345

−0.0333

− 0.0249

−0.0213

− 0.0158

− 0.0129

− 0.0515

− 0.0418***

0.0053

0.0063

0.0062

0.0053

0.0037

0.0029

0.0205

0.0060

0.0362

0.0139

0.0032

− 0.0039

− 0.0058

0.0044

0.0309

− 0.0076

0.0537**
0.0185

0.0440**
0.0222*

0.0456**
0.0205*

0.0369**
0.0177*

0.0245*
0.0128*

0.0103
0.0033

0.0690
0.0230

0.0342*
0.0015

0.3119*
− 0.4393

0.3581**
− 0.7433

0.3884***
− 0.7370

0.3344***
− 0.4896

0.2372***
− 0.1920

0.1106
− 0.4234

0.8100*
− 2.2625

0.1487
− 0.6585*

0.0001

0.0001

0.0000

0.0000

0.0000

0.0000

0.0000

0.0000

−0.0067

−0.0169

−0.0037

0.0028

0.0032

−0.0115

− 0.0267

− 0.0073

− 0.0510

− 0.0421

− 0.0521

− 0.0482

− 0.0318

− 0.0202

− 0.1584

− 0.0241

Welfare expen-0.0151*
0.0064
0.0049
0.0051
0.0025
0.0008
0.0055
0.0185
0.0117
diture
Construction − 0.0631
− 0.0091
− 0.0359
− 0.0480
− 0.0385
− 0.0249
− 0.0545* − 0.2791* − 0.0493
share
Government − 0.0580***− 0.1195***− 0.1224***− 0.1231***− 0.1057***− 0.0717***− 0.0421** − 0.2864** − 0.0679***
share
Manufacturing − 0.0181
− 0.0189
− 0.0173
− 0.0191
− 0.0173
− 0.0110
− 0.0085
− 0.0530
− 0.0199
share
Mining share 0.0356
0.1355**
0.1496**
0.1481**
0.1329**
0.1018**
0.0779**
0.4675**
0.0563
Retail share − 0.0911** − 0.1671** − 0.1720***− 0.1774***− 0.1434***− 0.0902***− 0.1046***− 0.6086***− 0.1370***
Wholesale
− 0.0452
− 0.0065
− 0.0731
− 0.1130
− 0.1175* − 0.0978** 0.0158
− 0.0655
0.0323
share
FIRE share
0.0943**
0.1132*
0.1246**
0.1171**
0.0972**
0.0686**
0.0519
0.3294*
0.0855**
AR(2) test
0.850
1.560
1.540
1.290
1.580
1.920
0.940
0.880
0.850
[0.397]
[0.119]
[0.124]
[0.198]
[0.115]
[0.055]
[0.347]
[0.380]
[0.396]
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Table 5

(continued)

Variables

Gini index

Top 5%

Top 1%

Top 0.5%

Top 0.1%

Top 0.01%

Atkinson

Theil

RMD

Hansen test

9.740
[1.000]
1224

3.660
[1.000]
1224

7.480
[1.000]
1224

7.190
[1.000]
1224

5.210
[1.000]
1224

2.480
[1.000]
1224

3.120
[1.000]
1224

8.780
[1.000]
1224

8.770
[1.000]
1224

Number of
observations

Standard errors in parentheses, p values in brackets
***, **, * Indicate significance at the 1, 5, and 10% levels of significance, respectively

estimates of the impact of entrepreneurship remain positive and significant (Table 5). Estimates of the coefficients of the other control variables remain qualitatively and qualitatively identical to those in the previous tables. In addition, the standard diagnostic tests
continue to provide significant evidence of instrument
validity. That is, the Hansen tests of overidentifying
restrictions fail to reject the null hypothesis that the
instruments are valid, while the AR(2) tests for secondorder serial correlation fail to reject the null of no
second-order residual autocorrelation. Taken together,
the consistently positive and significant estimates of
all four measures of entrepreneurship across the nine
measures of income inequality gives some degree of
confidence that the findings of this paper are robust to
the choice of the measure of entrepreneurship.

5 Conclusion
Over the last four decades, the USA has experienced
a simultaneous increase in income inequality and
entrepreneurship. This paper explores whether there
is, in fact, a relationship between entrepreneurship
and income inequality, or whether this correlation is
merely an empirical coincidence. The analysis uses
annual data on all 50 US states and DC from 1989 to
2013. To ensure robustness of our results, we use four
measures of entrepreneurship and nine measures of
income inequality. Methodologically, the paper contributes to the literature by using the system GMM
estimator which is more robust to measurement error
than cross-sectional models, and also alleviates some
of the potential endogeneity biases that arise from the
simultaneous determination of entrepreneurship and
inequality. The methodology also allows us to control
for unobservable time-invariant factors across states
that may affect both inequality and entrepreneurship

through the inclusion of state fixed effects. As well,
year fixed effects are included to account for the possibility of common trends in the variables of interest.
Our results provide strong evidence of a positive
relationship between entrepreneurship and income
inequality. This finding is stable across different measures of entrepreneurship, as well as alternative measures of income inequality. Given the extensive literature on the growth-retarding impacts of income
inequality (see e.g., Aghion et al. 1999; Atems 2013a,
b) our results suggest that policies aimed at encouraging entrepreneurship will not only increase inequality,
but may be detrimental to growth. Yet, the finding that
economic growth reduces inequality (Tables 2, 3, 4,
and 5) suggests that perhaps growth-enhancing policies are a more effective way to reduce inequality than
policies aimed at encouraging entrepreneurship, per
se.
The econometric methodology employed by this
paper is certainly not without criticism. One potential criticism is that our empirical results are based on
the system GMM estimator. While the system GMM
estimator a considerable improvement on least squares
based panel data estimators (fixed effects and random
effects models) and other dynamic panel data methods such as the difference GMM estimator in terms of
bias and consistency, the estimator is known to suffer
a ”weak instruments” problem and is sensitive to the
specification in terms of number of lags (Bellemare
et al. 2017; Bun and Windmeijer 2009). Bellemare
et al. (2017) go so far as to suggest that “the use
of lagged explanatory variables to solve endogeneity
problems is an illusion” (page 949). Without access
to reliable “external” instruments, we hesitate to conclude that the strong positive relationship between
entrepreneurship and income inequality found in this
paper is, in fact, causal. Addressing the question of
causality is therefore are area for future research.
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