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Abstract We use Granger causality and impulse response analysis to examine the
relationship between income inequality, human capital attainment, and income
growth using annual state-level data over the period 1929–2000. We find consistent
evidence that the income share of the top decile Granger-causes income growth, but
only weak evidence that income growth Granger-causes the top decile income share.
Moreover, an impulse response analysis indicates that income growth responds
negatively to permanent changes in the income share of the top decile. These
findings appear to have important regional variations, however, with the more
densely populated Eastern states showing the strongest associations. We also find
evidence that years of schooling may Granger-cause income levels, but little
evidence that years of schooling Granger-causes the top decile income share.
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Introduction

There is now a large and growing literature, both theoretical and empirical,
examining the relationship between income inequality and economic growth. In
much of the theoretical literature, this relationship is usually thought to be negative.
Galor and Zeira (1993), also Aghion and Bolton (1997), argue that capital market
imperfections limit the ability of low-income individuals to invest in human capital,
leaving productivity gains unexploited. The political economy models of Alesina
and Rodrik (1994) and Persson and Tabellini (1994) stress the efficiency losses from
re-distributional schemes and government intervention as median voters use the

Atl Econ J (2009) 37:173–185
DOI 10.1007/s11293-009-9172-z

M. W. Frank (*)
Department of Economics and International Business, Sam Houston State University, Box 2118,
Huntsville, TX 77341, USA
e-mail: markfrank@shsu.edu



political system to flatten the income distribution. Alesina and Perotti (1996)
emphasize the potential for social unrest and political upheaval from increased
inequality and the consequent diversion of resources toward social control. Early
empirical evidence, primarily cross-country analyses of economic growth over long
periods, tended to support the negative view.

Over time an alternate view of the inequality-growth nexus developed, however,
with researchers emphasizing the positive aspects of inequality for growth. In one
variation of this view, inequality may reflect more flexible labor markets that bring
about higher levels of work effort and entrepreneurial energy leading to stronger
economic growth (Furman and Stiglitz 1998; Siebert 1998). Separately, Galor and
Tsiddon (1997) develop a model in which technological shocks concentrate
productivity growth and factor payments in the advancing sectors of the economy.
Some recent empirical work tends to support these alternate views, with positive
relationships between growth and inequality being found by Forbes (2000) for a
panel of countries, and Partridge (1997, 2005) for a panel of U.S. states.

Empirical work by Barro (2000), Quah (2001), and Panizza (2002), however, has
found little or no stable relationship between inequality and growth; results appear to
be extremely sensitive to the econometric specification. In general then, the evolution
of the empirical literature on inequality and growth has moved from finding mainly
negative relationships, to finding some positive relationships, to finding little or no
relationship. The ambiguity is unfortunate, because inequality is clearly increasing, at
least in the U.S., and whether and by how much this change in inequality is associated
with a change in economic performance is an important question.

Figure 1 illustrates state-averaged U.S. trends in real income per capita and income
inequality over the period 1929 to 2000. Shaded areas show periods of recession as
defined by the National Bureau of Economic Research. The solid line (left scale)
shows the yearly trend of real income per capita. Real income per capita for the
average state in the year 2000 ($32,405) was over six times greater than in 1933
($5,091 in 2000 constant dollars), the lowest year in the period. The thick dashed line
(right scale) shows the yearly trend in the state-averaged top decile income share.
Following the “Great Compression” in income inequality of the 1930s and 1940s, the
top decile income share fell to a sample-low of 28.3% in 1953 (see Goldin and Margo
1992). After a prolonged, three-decade period of relative stability, the income share of
the top 10% grew substantially during the 1980s and 1990s, peaking at 43.1% in 2000
(see also, Levy and Murnane 1992; Gottschalk 1997; Krueger 2003).

In this paper, we exploit recent developments in high-quality state-level data
collection to examine the links between income inequality, human capital, and
income growth over the seven decade period 1929–2000. We begin the analysis by
first testing the direction of causality through the use of Granger-causality tests. We
then evaluate the signs of the relationships through the use of impulse response
analysis. The results indicate that the top decile income share Granger-causes income
growth, but that income growth does not appear to Granger-cause the top decile.
Moreover, our findings indicate that increases in the income share of the top decile
negatively impact future income growth. Regional differences are pronounced,
however, with the largest magnitudes occurring among the more densely populated
Eastern states. We also find evidence that years of schooling Granger-causes income
levels, though this result is sensitive to the use of the variables in first differences.
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Analysis

Our analysis relies on the recent construction of two high-quality state-level panels:
an annual state-level panel on top decile income shares over the period 1916–2005
by Frank (2008), and an annual state-level panel on average years of schooling over
the period 1840–2000 by Turner et al. (2007). Real state income per capita is taken
from the Regional Accounts Data available at the web site of the Bureau of
Economic Analysis (BEA), and deflated using the Consumer Price Index (2000=
100). BEA state-level income data is only available beginning in 1929, meaning our
sample covers the 71 year period 1929–2000. For Alaska and Hawaii, we use data
covering only the period of statehood (1959–2000).

Given the extended time span of our data, however, additional covariates are
difficult to find. This deficiency necessarily forces our analysis away from a large-
scale structural econometric approach, to the endogenous modeling favored by Sims
(1980). The Sims VAR-based approach focuses on reduced-form model estimation
with all variables treated as endogenous, and thereby avoids the often arbitrary
classification of variables as endogenous or exogenous, and the imposition of
restrictive specifications on the dynamic adjustment mechanisms inherent in the
structural approach.

Frank (2009) also uses high-frequency state-level data to explore the relationship
between income inequality and income growth. Our analysis here extends the
sample span beyond the post-war period (1945–2004) used in Frank (2009), and
departs from that paper’s panel error-correction framework. The longer length of our
data frame (1929–2000) has the primary advantage of including the Great
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Compression of the 1930s and 1940s, period of significant changes in both income
inequality and income growth (see Goldin and Margo 1992). In addition, the panel
error-correction methodology employed by Frank (2009) requires pooling the data,
the presence of unit-roots, and the existence of at least one cointegrating vector. We
instead analyze each state separately, thereby avoiding poolabilty concerns, and use
the less-restrictive VAR framework to circumvent potential concerns over the
existence of cointegration (for a comparative methodology discussion, see Rao
2007). Moreover, the focus here is on the direction of the relationships between the
variables (via Granger-causality tests), an area not considered in Frank (2009).

From a VAR estimation, Granger-causality tests can be performed to indicate the
direction of the causality between the variables. Granger-causality tests are a
misnomer, however, since the tests are not actually cause and effect tests. As Rao
(2007) emphasizes, the more appropriate term is “Granger-predictability” since the
test involves estimating if the past values of variable y aid in the prediction of
variable x, given the inclusion of past values of x. To determine the sign of the
association between two variables, an impulse response analysis is used. With an
impulse response, each variable in the system is given a unit shock, and the
responses of the other variables are traced out over future time periods.

The primary VAR we estimate is a VAR in first-differences:

Δ Xt ¼ mþ
X

i¼1;k
Γ i ΔXt�i þ "t ð1Þ

where µ is an (n×1) vector of constant terms, Γi is the coefficient matrix, Xi is a
three variable column vector (including: log real income per capita, top decile
income share, and years of schooling), and εt is an (n×1) vector of i.i.d.
nonautocorrelated disturbance terms with zero means. Using Akaike’s information
criterion (AIC), the number of lags (k) was set at four. The VAR appears stable;
eigenvalue stability condition tests indicate the VAR is covariance stationary.
Covariance stability is an important condition for proper interpretation of VAR
models (see Hamilton 1994).

Using the VAR in Eq. (1), Panel A of Table 1 presents the results from the
modified Granger-causality tests for the states averaged together. The tests indicate
changes in the top decile income share Granger-cause income growth, but income
growth does not Granger-cause changes in the top income share. There is no
evidence, at least for the mean-state, that any of the other variables are Granger-
causing each other.

Panel B of Table 1 re-estimates the Granger-causality tests with the variables in
levels, rather than in first-differences. A VAR estimation in levels is considered by
many to be valid even if the underlying variables have unit roots, since it retains useful
long-run information that is lost with first-differencing (see Sims, Stock, and Watson,
1990; Sims 1980). The results are similar to before, with the notable exception that
years of schooling is now found to Granger-cause the log of income per capita at the
5% significance level. One plausible explanation for this difference is that the
relationship between human capital attainment and income per capita is primarily long-
term in nature, and hence obscured by first-differencing. This would occur if there is a
temporal trade-off from investments in human capital, with the positive effects only
occurring after years of expenditures (see for example, Sianesi and Reenen 2003).
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Figure 2 presents the state-level Granger-causality tests for the top decile income
share and income growth. Panel A shows the Modified Wald-statistic p-values for
the hypothesis that changes in the top decile Granger-cause income growth (darker
shades indicate significance at lower p-value levels). Of the 48 conterminous states,
only six are insignificant at the 10% level (Arizona, Delaware, Montana, Nevada,
New Mexico, and Wyoming). It is noteworthy that five of these are sparsely
populated Western states. Likewise, of the 27 states that show significance beyond
the 1% level, all but Oregon and Washington are located in the Eastern half of the
United States. Results from a VAR in levels estimation (not shown in the figure) are
remarkably similar, with a net change of two states becoming insignificant.1

Panel B shows the p-values for the hypothesis that income growth Granger-causes
changes in the top decile (the reverse hypothesis of Panel A). Twenty-one of the states
show a significant relationship beyond the 10% level, with eight being significant
beyond the 1% level (California, Colorado, Delaware, Georgia, Illinois, Maine, North
Dakota, and West Virginia). Unlike in Panel A, no regional pattern emerges. If a VAR
in levels is instead used, two additional states become significant at the 10% level.

Figure 3 shows the p-values for the hypothesis that years of schooling Granger-
causes income growth from a VAR in first-differences (Panel A), and in levels (Panel
B).2 When estimated in first-differences, the Modified-Wald test statistics are
significant at the 10% level for only 15 of the states. Nine of these 15 are significant
at the 1% level, and each of these nine is located in the Western half of the U.S.
(Idaho, Montana, Nevada, New Mexico, Oregon, South Dakota, Texas, Utah, and
Wyoming). When a VAR in levels is instead estimated (as in Panel B of Table 1), the
results change rather substantially, with only five of the 48 conterminous states being

Table 1 Mean-state Granger causality tests

Dependent Variable Modified Wald-Statistics

Log Real Income Per Capita Top 10% Income Share Years of Schooling

Panel A. Variables in first-differences

Log real income per capita – 6.190 (0.000)*** 1.353 (0.262)

Top 10% income share 1.409 (0.244) – 1.434 (0.235)

Years of schooling 0.935 (0.451) 2.022 (0.104) –

Panel B. Variables in levels

Log real income per capita – 4.993 (0.002)*** 3.053 (0.024)**

Top 10% income share 1.625 (0.181) – 1.203 (0.320)

Years of schooling 0.586 (0.674) 0.893 (0.475) –

Notes: ***, **, *: significant at the 1%, 5%, and 10% levels, respectively. The p-values are in parenthesis

1 When a VAR in levels is used, two states become significant at the 10% level (Nevada and New
Mexico), and four states become insignificant (Idaho, North Dakota, Vermont, and Wisconsin).
2 None of the other Granger-causality tests shown in Table 1 have more than five states that show
significance at the 10% level.
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insignificant at the 10% level (Idaho, North Dakota, Washington, West Virginia, and
Wisconsin). Moreover, 26 states become significant at the 1% level.

To determine the signs of the associations between the variables, Fig. 4 uses
cumulative impulse response functions to portray the long-term responses from a
permanent unit change in each of the variables. Panel A shows that the response of
income growth from a permanent shock to years of schooling is positive, while a
shock from the top decile is negative. The cumulative shock from years of schooling
is slow to accumulate, spanning over 15 years. The shock from the top decile
accumulates more rapidly, however, reaching its peak in only 4 years.
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Fig. 2 State-level top decile and income growth Granger-causality tests. Panel A. Does the top 10%
income share Granger-cause income growth? Panel B. Does income growth Granger-cause the top 10%
income share?
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Panel B of Fig. 4 shows that the response of the top decile from a permanent
shock in years of schooling is negative, though small in magnitude, while a shock
from income growth as no impact on the top decile. Panel C shows that years of
schooling has no meaningful response to shocks from either the top decile or income
growth.

Figure 5 displays the state-level responses of income growth from a permanent
shock in the top 10% income share. The states are divided into four equally sized
groups based on the magnitude of the shock in period 15. In all except three states
(Nevada, Texas, and Utah), a permanent shock of the top decile has a negative
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Fig. 3 State-level years of schooling and income growth Granger-causality tests. Panel A. Variables in
first-differences. Panel B. Variables in levels
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cumulative impact on income growth. A regional pattern is again evident in Fig. 5;
income growth in the Eastern states shows greater responsiveness to shocks in the
top decile, while the Western states show less responsiveness over the sample period.

Discussion of the Regional Variations

A key contention from urban researchers is that dense places tend to be more
unequal (see for example, Glaeser et al. 2008). This, in part, follows from the finding
that workers in densely populated metro areas tend to earn higher wages than
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workers with the same observable characteristics living outside metro areas.
Moreover, this urban wage premium has been found to be the greatest among the
most skilled (Glaeser and Mare 2001). As a consequence, the rise in inequality has
become more pronounced in urban areas, with much of this rise linked to the greater
skill returns of urban areas (see Wheeler 2005).

The cross-state variations in our findings appear geographically related,
particularly in the relationship between the top decile income share and income
growth (see Fig. 2 and 5). In these figures, the strength of the associations exists
predominately in the Eastern states, while many of the larger, less-populated Western
states show little relation. Are these patterns coincidental, or are other factors, such
as the density of the population, contributing to the strength of the relationships?

To explore this further, Panel A of Fig. 6 plots each of the 48 conterminous state’s
population density (averaged over the sample period) against its modified-Wald
statistic p-value for the hypothesis that changes in the top decile Granger-cause
income growth (shown previously in Panel A of Fig. 2).3 The six states with
Granger-causality p-values of less than 10% are labeled in the figure. With the
exception of Delaware, each of these states with insignificant p-values ranks among
the lowest in population density. Moreover, of the 37 states with an average
population density above Arizona’s 16.9 people-per-square-mile, all but Delaware
have a statistical significance beyond the 10% level. Of the nine states with a
population density at or below this level, five have insignificant p-values at the 10%
level (Arizona, Montana, Nevada, New Mexico, and Wyoming), while four are
significant (Idaho, North Dakota, South Dakota, and Utah).

State population density, therefore, appears to have an important link to the
significance of the Granger-causality tests between the top decile and income
growth. The overall correlation between population density and the significance of
the Granger-causality test is 0.466. This is likely understated, however, since the
relationship appears nonlinear. To better represent the relationship, we fit a
nonlinear, locally-weighted linear regression (lowess) of population density and
the Granger-causality p-values. This is shown by the solid line in Panel A of the
Fig. 6. The lowess fit indicates that the significance of the Granger-causality is
asymptotically increasing in population density.

Panel B of Fig. 6 plots state population density against the cumulative impulse
response of income growth (at period 15) from a permanent shock in the top decile
income share (shown previously in Fig. 5). The six states with Granger-causality
p-values of less than 10% are again labeled in the figure. Overall, the correlation
between the two variables is −0.300, indicating that greater population density is
associated with a larger negative shock in income growth (shown by the solid line in
the figure).

We conduct a similar analysis on the relationship between years of schooling and
state income. Figure 7 plots the population density for the forty-eight states against
each state’s modified-Wald statistic p-value for the hypothesis that years of schooling
Granger-causes income (see Panel B of Fig. 3).4 The five states with insignificant

3 Population Density is measured as the size of the state population relative to its land in square miles.
4 We do not report results from the variables in first-differences (Panel B of Fig. 2) because only 15 of the
states had p-values that were significant at the 10% level.
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p-values are labeled in the figure. Overall, the relationship is positive, with a
correlation of 0.158 (shown by the solid line in the figure). Hence, the finding of
Granger-causality between schooling and income is positively, though moderately,
associated with the density of a state’s population.

While important state-level heterogeneities exist in the relationship between
income, the income share of the top decile, and human capital attainment, these
findings imply that urban factors matter. States with high population density levels
show a stronger relationship between the top decile and income growth than states
with low-population density, and a moderately stronger relationship between years
of schooling and income levels.

Conclusion

This paper has employed Granger-causality tests and impulse response analysis to
evaluate the relationship between top income shares, human capital attainment, and
income growth within the United States. Using recent data collection improvements,
our sample of annual state-level observations spans over seven decades (1929–2000).
This period includes the dual peaks in income inequality, both before the Great
Depression, and again at the time of the new millennium.

The results provide consistent evidence that top income shares Granger-cause
income growth, but only weak evidence that income growth Granger-causes the top
decile. Our findings also indicate that state-level income growth appears to respond
negatively to permanent changes in the top decile income share. Moreover, the
relationship between the top decile and income growth appears to be linked to the
density of the state’s population, with the more densely populated Eastern states
showing the strongest associations.
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We also find evidence that years of schooling Granger-causes income levels,
though these results are sensitive to the use of the variables in first-differences. The
density of a state’s population also appears linked, with the more populated states
showing moderately greater significance. Granger-causality tests, however, fail to
find a link between years of schooling and the income share of the top decile.

While the unusually large size of our state-level panel has enabled us to provide a
first of its kind analysis, important caveats remain. We have relied upon the
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atheoretical VAR approach because of the limited availability of additional
covariates. As additional panels of potential covariates are constructed, testing the
relationships from a structural econometric approach is a priority. We also have not
tested for the possibility of nonlinearities in the relationships, or structural breaks in
the time-series. It remains an open question how robust our findings will be to such
alternative techniques and approaches to the data.
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