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Joshua Travis Hale, Ph.D. 

The University of Texas at Austin, 2010 

 

Supervisor: James K. Galbraith 

 

Measures of American inequality offer sparse coverage of subnational units and 

rely on surveys of self-reported family and household incomes. This dissertation details 

the development of new inequality datasets at the county, state, and national levels from 

alternative lenses: sector wages; industry earnings; and average incomes.  Sector and 

industry data are particularly rich, detailed, consistent, and reliable.  These new metrics 

from underutilized data sources contribute to debates over the lived effects of inequality.  

American economic inequality concentrates in some places more than others, arising 

from different causes.  This dissertation considers ecological associations between 

inequality, voter turnout, and election outcomes at the state and county levels and 

multilevel models of individual participation and candidate preference, with voters nested 

within their state contexts.  Aggregate voter turnout has been lower in states with higher 

levels of income inequality for the last several presidential elections, though this 

relationship did not strengthen with rising inequality.  Likewise, some inequalities have 

strong associations with state- and county-level presidential election outcomes in certain 

years, but the patterns are irregular.  Multilevel models of voters in states do not indicate 

a strong relationship among inequality per se and individual behavior.   
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Chapter 1. U.S. Economic Inequality and Voting Behavior: 

Preliminaries 

Most analyses of inequality and politics in the United States focus on distributions 

of economic resources across the nation as a whole.  This dissertation examines 

differences in economic inequalities in the United States at county and state levels.  In 

particular, I investigate whether local inequalities affect voter turnout and election 

outcomes. 

To the extent that inequality reflects differences in individuals' efforts or abilities, 

some degree of inequality is desirable.  Were the social consequences benign, Americans 

might accept moderate or high economic inequality as a natural outcome of a (relatively) 

free-market economy operating in a (relatively) democratic society.  But inequality is not 

merely an organic process; it is a reflection of public policy (Galbraith, 1998; Galbraith, 

2008).  Furthermore, inequality has far-reaching potential social consequences, many of 

which may be negative.   

By itself…economic inequality would be ample cause for concern, but its impact 
could well be compounded by its social consequences.  Rising social inequality – 
in many different domains, such as family life, education, or civic engagement – 
could magnify the burden of rising poverty for the most vulnerable and sustain the 
effects of inequality far into the future (Neckerman, 2004:xvii).    

The evidence of rising American economic inequality from the 1960's through the 

2000's is clear.  However, a singular focus on national measures masks heterogeneity 

over states, counties, and economic sectors.  Inequality varies not only over time but 

across space.  Disaggregating national inequality into its components serves two 

purposes.  First, decomposition reveals detail that a single measure ignores.  What 

appears to be a uniform secular trend may actually reflect differences across cross-

sectional units.  Second, local inequalities may relate more directly to pathways through 

which inequality contributes to specific outcomes.   

Popular metrics of inequality sparsely cover subnational levels and emphasize 

surveys of family and household incomes.  A primary contribution of this dissertation is 
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to build new inequality datasets at the county, state, and national levels from alternative 

lenses: sector wages; industry earnings; and average incomes across census blocks, 

census tracts, counties, and states.  Sector and industry data are particularly rich, detailed, 

consistent, reliable, and underutilized in the existing literature.  Alternative metrics and 

new data sources help extend the debate over inequality from ethical and moral 

dimensions to lived effects, the ways in which inequality has practical consequences. 

A number of social phenomena potentially relate to inequality, including voting 

behavior.  An individual's propensity to vote aligns with a number of demographic 

factors such as education, age, income, and religious affiliation (Verba and Nie, 1972; 

Wolfinger and Rosenstone, 1980; Rosenstone and Hansen, 1993; Bass and Casper, 2001; 

Jones-Correa and Leal, 2001).  Recent scholarship posits that economic inequality may 

encourage or discourage voting; distinct causal pathways could lead in either direction.  If 

visible inequalities make redistribution more appealing to a large subset of voters, turnout 

could conceivably increase.  Brady (2004) sketches this position: 

An increase in inequality will not only reduce the incomes of lower-class families 
but also change that group’s political circumstances.  With the distressing change 
in social facts, lower-income people might decide to increase their political 
activity to redress the situation.  They might decide that government should be 
used to adjust the degree of inequality by adjusting people’s capacities, 
opportunities, luck or decision-making.  It seems possible that lower-class activity 
might increase in these circumstances.  It also seems possible that upper-class 
participation might increase in response (668).  

Increased conflict among economic classes could lead to larger policy differences 

for political candidates.  If voters perceive stark choices between candidates, this could 

compound the turnout-inducing effect of class conflict or contribute to voters' decisions 

on who to support (Downs, 1957).  McDonald (2008) identifies mobilization as another 

factor linking inequality to greater turnout: "When the wealthy are intermingled with the 

poor, the wealthy act as political entrepreneurs to help the poor overcome their collective 

action problem or act as exemplars of good community citizens" (6).   
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Alternatively, local inequalities could have negative effects on participation.  If 

inequalities promote distrust and erode social capital, turnout could decrease.  Widestrom 

(2006) contends that "as economic inequality becomes increasingly concentrated and 

segregated, work disappears, voluntary organizations disappear, community networks fall 

apart, leaders stop mobilizing, and therefore voter participation declines" (6).  This 

follows Putnam's social capital research that links economic fragmentation with reduced 

"incentives for civic engagement" (Putnam, 2000:21). Furthermore, class conflict could 

encourage elites to pursue measures that limit turnout, particularly among the poor (Piven 

and Cloward, 1988). 

In Unequal Democracy Bartels argues that the push-pull dynamic of economic 

and political inequality has broken down.  Economic inequality shapes American politics, 

but the political system does not respond to the needs or preferences of low-income 

citizens.  Bartels writes, "Economic inequality impinges powerfully on the political 

process, frustrating the egalitarian ideals of American democracy.  The countervailing 

impact of egalitarian ideals in constraining disparities in the economic sphere seems 

considerably more tenuous" (2008A:6).   

In Polarized America: The Dance of Ideology and Unequal Riches, McCarty, 

Poole, and Rosenthal take a similarly dim view of the political consequences of rising 

American economic inequality.  From the 1880's forward, polarization of party politics in 

the United States marches in step with immigration rates, shares of top incomes, and 

other broad measures of income inequality.  McCarty, Poole, and Rosenthal posit that 

economic inequality contributes to political gridlock that purges both major parties of 

their moderate voices and moves the centers of the parties further apart from one another.  

The result is a political system "that cannot be used to redress inequality that may arise 

from nonpolitical changes in technology, lifestyle, and compensation practices" 

(McCarty, Poole, and Rosenthal, 2006:3). 

Bartels and McCarty, Poole, and Rosenthal primarily focus on national patterns, 

while occasionally looking at differences among states or counties.  In Red State Blue 
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State Rich State Poor State: Why Americans Vote the Way They Do, Gelman et al. bring 

states to the fore.  High-income voters have long been associated with the Republican 

Party, but in recent elections high-income states have been won by Democratic 

presidential candidates.  The "personification" of these states leads to stereotypes that 

resonate with journalists who obsess over "NASCAR Republicans" and "latte liberals" 

(Gelman et al., 2007).  Nonetheless, richer voters are more likely support Republicans at 

higher rates in every state.  Gelman et al. use an innovative approach, multilevel 

modeling, to develop their key finding: the income-party voting relationship is weaker in 

states with higher incomes.  Ultimately, they dismiss state-level income inequality as an 

explanation of state-level outcomes, (2008:62).    

This dissertation takes up similar questions with a more nuanced approach to 

inequality and adds the dimension of voter turnout.  The balance of Chapter 1 deals with 

preliminaries, theoretical mechanisms describing how inequality might affect behavior 

and general trends in U.S. economic inequality at the national level.  Chapter 2 covers 

sources and methods for developing several original data series, including: Inter-sector 

wage and inter-industry earnings inequality for counties, states, and the country; and 

between-county income inequality for the states and the nation.  Chapters 3 and 4 

examine existing estimates of state and county inequality, respectively, and introduce 

new series.  Chapter 5 investigates the relationship between inequality and voter turnout; 

Chapter 6 explores potential links between inequality and voting preferences and 

outcomes.  Chapter 7 concludes.   

Pathways of Inequality 

The work of Simon Kuznets in the 1950’s served as the catalyst for a modern, 

empirical approach to the study of inequality. In "Economic Growth and Income 

Inequality" (1955), Kuznets introduces the ideas behind his famous inverted-U 

hypothesis.   Developing economies are composed of two principal subdivisions, 

agriculture and everything else (especially industry).  As population shifts from the 
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countryside to urban areas and industry replaces agriculture as the dominant economic 

activity, inequality first rises, then falls.  

While Kuznets’s initial exposition of the relationship between development and 

inequality relied on the movement of workers from farm to industry, more recent models 

generalize the effect of such a shift.  Movement towards a more modern financial system 

or a new technology might have a similar impact.  Inequality would first increase as the 

leading firms extract monopoly rents and then decrease as other firms employ more 

productive technologies and wages equalize (Barro, 1999).     

Kuznets’s initial work set off three related lines of inquiry, a continuing search for 

causes of inequality within and across countries, development of descriptive datasets that 

quantify inequality levels, and attempts to relate economic inequality to other social 

indicators, such as crime, health, low education, political stability, or economic growth 

(Thorbecke and Charumilind, 2002).  While associations between inequality and various 

social phenomena are ubiquitous, the causal mechanisms are often in dispute.   

Evans, Hout, and Mayer (2004) distinguish among relational, functional form, and 

externality effects of inequality.  A relational effect occurs when an underlying 

relationship between economic status and another characteristic becomes more salient 

over time.  In this case, inequality may appear to be gaining importance, when in fact the 

underlying individual response is what is changing.  A functional form effect occurs 

when a nonlinearity at the individual level results in a correlation between economic 

inequality and some group-level dependent variable.  For instance, if income has positive 

but decreasing returns to health, then redistribution of income from the rich to the poor 

will increase average health – the decrease in health status among the rich will be more 

than offset by gains to the poor.  In this instance, low inequality will be associated with 

good societal health, but the causal mechanism runs from individual income to health 

status.    

Externality effects (also known as pollution effects or contextual effects) occur 

when there is a real impact of inequality on an outcome – even after controlling for 
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individual economic status.  One possible mechanism that inequality may work through 

is the psychological effect of relative deprivation.  If individuals compare themselves to 

those who are better off, then as the upper end of the economic distribution rises further 

and further, there will be increased dissatisfaction among those of lesser means – even if 

incomes in the lower and middle ranges are stable or growing at a small rate.  Mayer 

(2001) explains how psychological effects of inequality may result in decreased 

education levels: 

Relative deprivation theory holds that people compare themselves to others who 
are more advantaged than themselves… If children feel relatively deprived, they 
may be less inclined to study or stay in school. Relative deprivation can also make 
parents feel stressed and alienated, lowering their expectations for their children 
or reducing the quality of their parenting (4). 

Median voter theory implies that the preference of the median voter should 

prevail in political decisions.  Should economic inequality rise, the mean will pull away 

from the median, and more voters would gain from policies that redistribute resources 

from the top of the distribution downward.  Likewise, to the degree that the rich wish to 

protect their wealth and personal safety, they may promote social spending to placate the 

poor.  Alternatively, economic inequality could lead to decreased social spending if the 

rich gain increased political power as their fortunes grow and use this power to promote 

their own interests against those of the poor who become increasingly disengaged from 

the political process.   

Inequality may also operate through pathways associated with social organization.  

Increased inequality could manifest itself through increased economic segregation, 

which, in turn, could have negative consequences as poverty concentrates (Mayer, 2002).  

Likewise, economic inequality could increase social distance and diminish social capital, 

especially among the poor (Kawachi and Kennedy, 1997).  Finally, inequality could 

indicate the level of hierarchy or social stratification in a society (Wilkinson and Pickett, 

2006).   
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Kelly (2000) provides a more specific example of the myriad ways in which 

inequality may result in externality effects.  In addressing a possible link between 

inequality and crime, she considers three foundational theories of crime, Becker’s 

economic theory of crime, Merton’s strain theory, and Shaw and McKay’s social 

disorganization theory.   

In the economic theory of crime, areas of high inequality place poor individuals 
who have low returns from market activity next to high-income individuals who 
have goods worth taking, thereby increasing the returns to time allocated to 
criminal activity.  Strain theory argues that, when faced with the relative success 
of others around them, unsuccessful individuals feel frustration with their 
situation. The greater the inequality, the higher this strain, and the greater the 
inducement for low-status individuals to commit crime. Social disorganization 
theory argues that crime occurs when the mechanisms of social control are 
weakened. Factors that weaken a community’s ability to regulate its members are 
poverty, racial heterogeneity, residential mobility, and family instability. In this 
case, inequality is associated with crime because it is linked to poverty – areas 
where high inequality tends to have high poverty rates (Kelly, 2000:530).   

Robert Frank relates potential negative consequences of inequality to competition 

for positional goods, those types of consumption, such as housing, that have a strong link 

between context and evaluation (2007).  According to Frank, positional goods "arms 

races" divert resources from non-positional goods, causing welfare loss.  For middle class 

families, losses from positional arms races have been made worse by inequality.  The 

conspicuous consumption of the rich leads to welfare loss for the middle class as a chain 

of local comparisons filter down the economic ladder.1   

                                                 
1 Frank explains the concept of a positional good with a series of thought experiments.  Housing is 
positional, in the sense that many respondents prefer a theoretical world in which they live in a 3,000 
square foot house and everyone else lives in a 2,000 square foot house to a world in which the respondent 
has a 4,000 square foot house and all other houses are 6,000 square feet.  By contrast, leisure is non-
positional in that almost all respondents would prefer a scenario in which they had 4 weeks of vacation and 
everyone else had 6 to a scenario where the respondent received 3 weeks of vacation and other workers 
only had 2.  With vacation, more is better irrespective of what is happening with others.  For housing, rank 
matters.  The biggest, newest house is more likely to be in a more desirable neighborhood with a better 
school district.  When the wealthy flee to exurbs, others follow.  Spending on housing crowds out resources 
for leisure, education, and other goods and services.  (Frank, 2007) 
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While some researchers stress the potential negative aspects of inequality, others 

note that inequality provides motivation in a market economy.  If wages, earnings, 

incomes, and wealth were equalized, there would be little incentive to work harder or 

smarter.  Partridge (2005) summarizes this literature: 

Income inequality generates incentives for resources to be channeled into more-
efficient uses, and it is conducive to saving and capital accumulation (Kaldor, 
1956).  It creates market signals for resources to reallocate across industries, 
occupations, and regions, and it encourages greater labor specialization and 
human-capital accumulation (Edin and Topel, 1997).  Enhanced incentives 
associated with inequality have long been associated with Schumpeterian factors 
such as entrepreneurship, risk taking, and innovation (Siebert, 1998), as well as 
more work effort (Bell and Freeman, 2001) (363). 

Thus, there is a central tension in the role of inequality in modern society. Some 

degree of inequality is necessary to promote innovation and risk taking that lead to faster 

economic growth and rising living standards.  But if inequality rises too high or too fast, 

conflict can arise with myriad negative consequences.  Tradeoffs undoubtedly occur; a 

high inequality level targeted to promote entrepreneurial activity may spur crime, 

whereas a low inequality level might simultaneously preserve social capital and inhibit 

economic vitality.  In this vein, inequality could operate smoothly as a facilitator or 

inhibitor of personal or social outcomes, or tipping points could exist past which point 

particularly positive or negative consequences become much more likely to arise.  

Whether changes to inequality are spurred by public or private action surely informs the 

consequences. 

U.S. Economic Inequality 

By nearly any metric, the U.S. was less economically egalitarian in the first 

decade of the 21st century than in the 1960’s.  For the most part, increased income 

inequality has not been the result of greater absolute deprivation among the poor, but 

rather by significant increases in incomes at the top of the distribution.   

Figure 1.1 charts the household income of selected income percentiles from 1967 

to 2008.  In real dollar terms, each percentile saw gains.  However, the gains of the well-
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off were greater than those of the poor.  The 10th percentile, 20th percentile, and median 

saw gains of 32%, 22%, and 25%, respectively, compared to 50%, 63%, and 68% for the 

80th percentile, 90th percentile, and 95th percentile.  Median income peaked in 1999.  

Figure 1.1 U.S. Household Incomes by Selected Percentile 1967 - 2008 

 

Source: DeNavas-Walt, Proctor, and Smith, 2009 

The result of income growth that favors those with already high incomes is a 

significant increase in income inequality.  Figure 1.2 shows two measures of U.S. 

household income inequality – the Gini coefficient and Theil’s T Statistic.  

Methodological changes, in particular raising the floor on the top income category, 

explain the series break between 1992 and 1993.     
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Figure 1.2 U.S. Household Income Inequality 1967 - 2008 

 

Source: DeNavas-Walt, Proctor, and Smith, 2009 

The inequality statistics in Figure 1.3 show a positive trend from the late 1960’s 

through the early 1990’s.  Over the last decade and a half, the income inequality 

trajectory has been flatter.  The two inequality series are strongly, but not perfectly, 

correlated (levels greater than .91, first differences greater than .82), an artifact of the 

different mathematical processes used to calculate inequality from the same source data. 

Figure 1.3 plots the real median earnings of full-time, year-round workers by 

gender and the female-to-male earnings ratio from 1960 to 2008.   
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Figure 1.3 Real Median Earnings of Full-Time, Year-Round Workers by Sex and 

Female-to-Male Earnings Ratio: 1960 - 2008  

 

Source: DeNavas-Walt, Proctor, and Smith, 2009 

Household income inequality has many components, including household 

composition.  Some households have a single male wage-earner, some have a single 

female wage-earner, some have multiple wage-earners, and some have no workers at all.  

Over the period covered in Figure 1.3, median male earnings increased 36% while 

median female earnings grew by 72%.  Whereas women accounted for 28.8% of the 

fulltime workforce in 1967, by 2008 women accounted for 42.5% of fulltime workers.  

U.S. household income inequality has increased during a period where more women are 

working and women’s earnings are slowly climbing towards parity with men’s earnings.   
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Chapter 2. Inequalities in Wages, Earnings, and Regional Incomes in 

the United States 1969 - 2008 

The official income inequality estimates from the U.S. Census Bureau, with 

source data from the Annual Social and Economic Supplements to the Current Population 

Survey (CPS), are the most cited and well known measures of U.S. economic inequality.   

The official estimates of inequality based on survey data are well-documented, 

theoretically sound, and completely appropriate for a broad set of research objectives, but 

they are also subject to the vicissitudes of reporting errors and random variation.  

Particularly, for the CPS, households self-report incomes within broad category bands 

that change over time.  These classification changes and updates in survey methodology 

disrupt time series (Jones and Weinberg, 2000).  Measures of family or household 

income inequality have many uses.  The household is a critical unit, whose very 

composition can magnify or mitigate changes in individuals’ economic circumstances 

(Burtless, 2009).   

Here I examine U.S. economic inequality with alternative measures, drawn from 

county incomes, wages by economic sector, and earnings my industry.  This approach 

captures major features of the rise in American economic inequality – especially in recent 

years – and distinguishes clearly and in fine detail between winners and losers in this 

process. Data of this type open up new ways to investigate the determinants of economic 

change, particularly the influence of changing power relationships and public policies on 

distribution. 

Wages and earnings are more transparent than incomes, and relative pay is more 

relevant to any incentive effect of inequality.  While incomes can reflect historical 

accumulations of wealth through rents, interest, and capital gains, wages may react more 

rapidly and systematically to changes in technology, trade, interest rates or commodity 

prices.  More generally, inequalities in pay may prove more useful in examining popular 

explanations of inequality, such as "skill-biased technological change". Events largely 

affecting only male workers can drive changes in inequality (Galbraith, 1998).  Likewise, 
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analysis of relative wages across industries calls into question theories about a changing 

"return to education" (Ferguson and Galbraith, 1999).  Researchers are less likely to take 

notice of these types of phenomena if they are only working with household income 

inequality. 

In this chapter, I develop group-based measures of wage and earnings inequality 

at the national level.  This approach follows the Kuznets spirit.  For Kuznets, the two 

primary sources of inequality are the difference in pay between the farm sector and 

factories and relative shares of workers in agriculture and industry.   High levels of 

employment in each sector and wide differences in sector average pay lead to high 

degrees of inequality. Employment shifts and/or a reduction in the inter-sector pay 

differential decrease inequality measured between sectors.  Using data from a near census 

of sector wages and industry earnings, I expand this sector vs. sector analysis from a 

simple rural-urban distinction to differences among tens, hundreds, or thousands of 

regional industries.   

Galbraith and the University of Texas Inequality Project have shown that 

industrial sectors are particularly useful in studying the causes and consequences of 

inequality for the United States as a whole and cross-nationally (for example, Galbraith, 

1998; Bradford, 1999; Conceição, Galbraith, and Bradford, 2000; Galbraith and Kum, 

2004).  Here I extend this analysis to finely detailed wage data and offer perspective on 

recent trends in American wage, earnings, and income inequalities.  Different inequality 

metrics applied to the same underlying data often produce similar contours (see Figure 

1.3).   In many cases, the choice of inequality metric will not significantly impact the 

results of an analysis.  However, in other instances, the attributes of a particular measure 

can enhance understanding of the phenomenon under consideration.  With that in mind, I 

begin this chapter by briefly exploring the attributes of a few popular inequality metrics.   
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Measuring Inequality 

Mathematically, inequality expresses the degree of dispersion in a distribution or 

the extent to which observations of an attribute are similar to or different from one 

another.  Simple measures of variation, such as range, inter-quartile range, range ratios, 

variance, and standard deviation are all inequality metrics.  In many instances, these 

familiar statistics are adequate for describing the spread of a distribution, but they also 

have some drawbacks, including sensitivity to inflation and, for ranges and range ratios, 

information-loss.   

In distinguishing among inequality measures, Cowell (1995) describes five 

potentially desirable properties: 

1) Weak Principle of Transfers – When resources are transferred from someone 

who is relatively rich to someone who is relatively poor, inequality should 

decrease. 

2) Income Scale Independence – A proportionate gain or decline in resources that 

affects all members of a distribution uniformly, should not impact inequality.  

Universal inflation or deflation should not change inequality.   

3) Principle of Population – Combining two populations with equivalent 

distributions should not affect the overall level of inequality. 

4) Decomposability – A coherent relationship should exist between total inequality 

and inequality within and between subgroups of a population.   

5) Strong Principle of Transfers – The effect of transfers from one individual to 

another should be consistent.  The impact on inequality should be solely 

determined by the amount of the transfer and the "distance" between the two 

individuals – where distance describes a mathematical relationship.   
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The only inequality measures that fulfill all of these properties are the generalized 

entropy indexes or, equivalently, modified information statistics.  The most familiar of 

these measures is Theil’s T Statistic.  If pay is the variable of interest and data on 

individuals are available, Theil’s T Statistic is:  

Equation 2.1 

where n is the number of individuals in the population, yp is the salary of the person 

indexed by p, and µy is the average salary.  If every individual has exactly the same 

salary, T will be zero; this represents perfect equality and is the minimum value of Theil’s 

T.  If one individual has all of the salary, T will equal ln n; this represents utmost 

inequality and is the maximum value of Theil’s T. 

If members of a population can be classified into mutually exclusive and 

collectively exhaustive groups, then Theil’s T Statistic is made up of two components, 

the between group element (T’g) and the within group element (Tw
g).   

Equation 2.2  

T = T’g + T
w

g 

When aggregated data are available instead of individual data, T’g can be used as 

a lower bound for the population’s value of Theil’s T Statistic.  The between group 

element of Theil’s T can be written as: 

Equation 2.3 

 
where i indexes the groups, pi is the population of group i, P is the total population, yi is 

the average salary in group i, and µ is the average salary across the entire population.  T’g 

is bounded above by ln (P/pi(min)), the natural logarithm of the total population divided 

by the size of the smallest group.  This value is attained when the smallest group holds all 
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the resource.  When data are hierarchically nested, Theil’s T Statistic must increase or 

remain constant as the level of aggregation becomes smaller.2  Theil’s T Statistic for the 

population equals the limit of the between group Theil component as the number of 

groups approaches the size of the population.   

The Gini coefficient is the most widely used statistic to express economic 

inequality.  This privileged position derives from its elegant visual representation.  The 

Gini coefficient of inequality is based on the Lorenz curve and compares the actual 

distribution of an attribute – such as income – with a hypothetical distribution of perfect 

equality.   

The Lorenz curve plots the cumulative proportion of the population against the 

cumulative proportion of the variable of interest after first ranking the observations from 

lowest to highest on that dimension.  At every point, the Lorenz curve must lie on or 

below the equality diagonal (e.g. the poorest 15% of the population must have 15% or 

less of the income). 

Graphically, the Gini coefficient is double the area between the equality diagonal 

and the Lorenz curve.  The measure is bounded below by zero (perfect equality) and 

above by one (the limit which the measure approaches when a single member of a 

population holds all of a resource). 

                                                 
2 That is, Tpopulation ≥ T’g (county) ≥ T’g (state) ≥ T’g (region). 
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Figure 2.1 Graphical Representation of the Lorenz Curve and Equality Diagonal  
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where i is the individual’s rank order number, n is the number of total individuals, x’i is 

the individual’s variable value, and µ is the population average. 

A primary disadvantage of the Gini coefficient is that it does not have a coherent 

way to explain the effect of transfers.  For Theil’s T, the impact of a transfer from 

someone who is richer to someone who is poorer depends only on their relative status.  

That is, a transfer of a penny from someone with wealth of $100,000 to someone with 

$10,000 would have the same impact as a transfer of a penny from someone with 

$10,000,000 to someone with $1,000,000.  For the Gini coefficient, the impact of a 
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the mean.  Furthermore, the Gini coefficient is not as flexible as Theil’s T statistic in 

parsing inequality within nested datasets.   

Source Data 

The wage and earnings inequality measures calculated here derive from sector 

wages compiled by The U.S. Department of Labor’s Bureau of Labor Statistics (BLS) 

and industrial earnings and per capita incomes at the county, state, and national levels 

from The U.S. Department of Commerce’s Bureau of Economic Analysis (BEA). 

Wages 

BLS gathers data from each state’s unemployment insurance program to produce 

its Quarterly Census of Employment and Wages (QCEW), "a near census of monthly 

employment and quarterly wage information…at the national, State, and county levels" 

(BLS, 2003). QCEW wages include pay for work, as well as bonuses, stock options, and 

other forms of compensation.  

Currently, BLS identifies sectors by the North American Industry Classification 

System (NAICS), having switched from the Standard Industrial Classification (SIC) in 

2000.  Data recoded by the NAICS schema are also available from 1990 to 2000.  Flat 

files of data from 1975 forward are available online (BLS, 2010).  The SIC and NAICS 

data have a hierarchical structure where smaller categories are nested within larger ones.  

For instance, automobile manufacturing lies within durable goods manufacturing which 

along with non-durable goods makes up the total manufacturing sector.  The more 

disaggregated the sector, the longer the SIC or NAICS code.    

At the national level, employment and wage data are available for almost every 6-

digit NAICS sector, of which there are approximately 1200.  At the state and county 

levels, many particular sectors are absent and BLS suppresses data "when necessary to 

protect the identity of cooperating employers" (BLS, 2003). Sector data are further 

identified by their ownership status.  In some cases the same sector has separate values 

for federal government, state government, local government, and/or private ownership.   
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There are thousands of state-level records and hundreds of thousands of county-

level records for each year, many of which contain redundant data.  Table 2.1 presents a 

sample of the raw BLS data.   
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Table 2.1 Raw BLS Data for Travis County, Texas Wages in  

Private Educational Services, 2001 

NAICS Code and Label Establishments Employment Total Wages 

NAICS 61 Educational services 317 4672  $ 122,040,444  

NAICS 611 Educational services 317 4672  $ 122,040,444  

NAICS 6111 Elementary and secondary 

schools 34 718  $   17,434,697  

NAICS 61111 Elementary and secondary 

schools 34 718  $   17,434,697  

NAICS 611110 Elementary and secondary 

schools 34 718  $   17,434,697  

NAICS 6113 Colleges and universities 5 1285  $   27,047,281  

NAICS 61131 Colleges and universities 5 1285  $   27,047,281  

NAICS 611310 Colleges and universities 5 1285  $   27,047,281  

NAICS 6114 Business, computer and 

management training 72 800  $   36,941,173  

NAICS 61142 Computer training 33 550  $   29,132,726  

NAICS 611420 Computer training 33 550  $   29,132,726  

NAICS 611512 Flight training 4 19  $        247,470  

NAICS 611513 Apprenticeship training 6 11  $        488,466  

NAICS 611519 Other technical and trade 

schools 22 238  $     6,260,735  

NAICS 6116 Other schools and instruction 134 1224  $   20,007,775  

NAICS 61161 Fine arts schools 28 136  $     1,758,067  

NAICS 611610 Fine arts schools 28 136  $     1,758,067  

NAICS 61162 Sports and recreation 

instruction 36 349  $     3,951,612  

NAICS 611620 Sports and recreation 

instruction 36 349  $     3,951,612  

NAICS 61163 Language schools 9 91  $     2,817,108  

NAICS 611630 Language schools 9 91  $     2,817,108  

NAICS 61169 All other schools and 

instruction 62 648  $   11,480,988  

NAICS 611691 Exam preparation and 

tutoring 27 296  $     4,208,644  

NAICS 611692 Automobile driving schools 7 157  $     1,798,495  

NAICS 611699 Miscellaneous schools and 

instruction 27 194  $     5,473,849  

NAICS 6117 Educational support services 38 346  $   12,598,576  

NAICS 61171 Educational support services 38 346  $   12,598,576  

NAICS 611710 Educational support services 38 346  $   12,598,576  
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As a precursor to calculating between-sector wage inequality using QCEW data, I 

first untangle the nested wage and employment records into a set of mutually exclusive 

records.  Using the statistics software R, I isolate a set of records that provides maximum 

coverage at the lowest possible level of industry aggregation.  I begin by taking the 

values of the lowest level of aggregation, the six-digit NAICS code in the example data, 

and then create appropriate "residual" values for higher levels of aggregation.  This 

second step is necessary whenever privacy concerns prevent the publication of complete 

data.  Table 2.2 presents the "atomic" data derived from Table 2.1. 

Table 2.2 Atomic Data for Travis County, Texas Wages in Private Educational 

Services, 2001 

NAICS Code and Label Establishments Employment Total Wages 

NAICS 611 Educational services 2 31  $        1,014,271 

NAICS 611110 Elementary and secondary 

schools 34 718  $      17,434,697  

NAICS 611310 Colleges and universities 5 1285  $      27,047,281  

NAICS 6114 Business, computer and 

management training 39 250  $        7,808,447  

NAICS 611420 Computer training 33 550  $      29,132,726  

NAICS 611512 Flight training 4 19  $           247,470  

NAICS 611513 Apprenticeship training 6 11  $           488,466  

NAICS 611519 Other technical and trade 

schools 22 238  $        6,260,735  

NAICS 611610 Fine arts schools 28 136  $        1,758,067  

NAICS 611620 Sports and recreation 

instruction 36 349  $        3,951,612  

NAICS 611630 Language schools 9 91  $        2,817,108  

NAICS 611691 Exam preparation and 

tutoring 27 296  $        4,208,644  

NAICS 611692 Automobile driving schools 7 157  $        1,798,495  

NAICS 611699 Miscellaneous schools and 

instruction 27 194  $        5,473,849  

NAICS 611710 Educational support services 38 346  $      12,598,576  
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This data preparation step significantly reduces the number of data points.  For 

example, in 2001, the BLS reports raw data on 2.9 million county-sector cells.  These 

data atomize to roughly 507,000 mutually exclusive and collectively exhaustive records.  

The wage inequality measures reported here reflect annual data, reserving an examination 

of quarterly data for future research.   

Earnings and Incomes 

BEA publishes annual earnings and employment data for industries at the county, 

state, and national levels.  Data for states and the nation are available electronically 

(BEA, 2010A), as are data for counties (BEA, 2010B). 

BEA defines earnings as the sum of "wage and salary disbursements, supplements 

to wages and salaries, and proprietors' income" (BEA, 2008).  In addition to the QCEW 

wage data described above, BEA uses additional information on agricultural employees, 

proprietors, and other special categories of workers.  These data derive from:  

U.S. Department of Labor; the social insurance programs of the Centers for 
Medicare and Medicaid Services (CMS, formerly the Health Care Financing 
Administration), U.S. Department of Health and Human Services, and the Social 
Security Administration; the Federal income tax program of the Internal Revenue 
Service, U.S. Department of the Treasury; the veterans benefit programs of the 
U.S. Department of Veterans Affairs; and the military payroll systems of the U.S. 
Department of Defense  (BEA, 2008). 

For counties, the publicly available earnings and employment data cover a limited 

number of industries, a maximum of 14 under the SIC methodology (covering the period 

from 1969 to 2000) and 24 under NAICS (covering the period from 2001 to 2007).  At 

the state and national levels, more disaggregated data are available, covering as many as 

77 SIC industries and 94 NAICS industries, and the NAICS series extends back to 1990.  

BEA suppresses some data to provide anonymity, but compared to BLS wage data, BEA 

earnings data require minimal preparation.  Appendices 2.1 and 2.2 list the SIC and 

NAICS industries, with categories available at the county level shown in bold. 

Personal Income is defined as:  
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The sum of wage and salary disbursements, supplements to wages and salaries, 
proprietors’ income with inventory valuation and capital consumption 
adjustments, rental income of persons with capital consumption adjustment, 
personal dividend income, personal interest income, and personal current transfer 
receipts, less contributions for government social insurance (BEA, 2008).  

Inequality among per capita incomes at the county level creates a minimum bound for 

total income inequality in a state or for the nation.  Such a measure is not necessarily a 

substitute for the household income inequality measures discussed above; rather, the 

geographical components of inequality help identify those counties that contribute most 

to changing inequality at higher levels.  Furthermore, inequalities measured at aggregated 

levels contribute to the level of economic segregation in higher-level units, a feature 

discussed further in upcoming chapters.   

Wage Inequality, Earnings Inequality, and Between-County Income 

Inequality in the United States 

In one sense, the underlying data used to measure the evolution of economic 

inequality in the United States over the last few decades may make little difference. The 

correlations between wage inequality across U.S. sectors, earnings inequality across U.S. 

industries, income inequality across U.S. counties, and income inequality across U.S. 

households from 1975 (when the wage series begins) and 2007 are all strongly positive. 

Table 2.3 Time Series Correlations Among 4 U.S. Inequality Measures 1975 - 2007 

  

Between 

Sector Wage 

Inequality 

Between Industry 

Earnings Inequality 

Between County 

Income Inequality 

Between 

Household Income 

Inequality 

Between Sector 

Wage Inequality 1  

Between Industry 

Earnings Inequality 0.91 1  

Between County 

Income Inequality 0.97 0.87 1  

Between Household 

Income Inequality  0.93 0.79 0.93 1 
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While each of these measures show a similar scale of inequality increase, the new 

metrics make it possible to identify the sectors, industries and counties most responsible. 

U.S. Between-Sector Wage Inequality 

If the only source of rising economic inequality in the United States were 

runaway incomes among the very, very wealthy, one might expect to see little change at 

all in between-sector wage inequality.  This, however, is not the case.  Wage inequality 

rose steadily from the mid 1970’s through the late 1980’s.  After a brief pause, which 

covered the period right before and during the 1990-1991 recession, wage inequality rose 

again during the 1990’s, accelerating during the IT boom.  The IT bust, and subsequent 

recession of 2001, compressed wages.  Between-sector wage inequality was on the rise 

again by 2003, before shifting course again in 2008 with the financial crisis. 

Figure 2.2 plots U.S. between-sector wage inequality from 1975 to 2008 over 

three bases: U.S. sectors, state sectors, and county sectors.3  Wage inequality patterns 

among hundreds of U.S. sectors, thousands of state sectors, and hundreds of thousands of 

county sectors are essentially the same. 

  

                                                 
3 The county-basis series begins in 1984, the year the SIC wage series for counties expanded from 2- to 4-
digit SIC codes. 
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Figure 2.2 Between-Sector Wage Inequality in the U.S. 1975 - 2008  

 

Of 991 U.S sectors reported on in 1975, only 8 sectors, with 57,119 workers paid 

average wages more than double the national average.  The sector with the highest 

average pay – Miscellaneous Industrial inorganic chemicals (Federal Government) – 
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average of $10,030.  By 2008 (after the shift to NAICS), there were 1827 reported 

sectors.  81 sectors containing 6.78 million workers had average wages more than twice 

the national average.  NAICS 523920 (Portfolio management) was the highest paying 

U.S. sector in 2008, employing 139,000 workers with an average wage of $262,140, 5.8 

times higher than the national average of $45,560 per job.   
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U.S. Between-Industry Earnings Inequality 

The number of industries for which BEA reports earnings is much smaller than 

the number of sectors for which BLS reports wages.  This is a disadvantage if the goal is 

to parse inequality into its finest dimensions.  However, the consistent and manageable 

number of industries proves sufficient to identify those parts of the economy that shaped 

inequality growth most significantly over the last four decades. 

Figure 2.3 plots U.S. between-industry earnings inequality from 1969 to 2007 

with three bases: aggregated U.S. industries, disaggregated U.S. industries, and 

disaggregated state industries.  The three series are highly correlated in both levels and 

first differences.  From 1969 to 1982, between-industry earnings inequality increased 

substantially before remaining flat until 1994 – a pattern previously identified by 

Galbraith (1998).  Another period of rising inequality from 1995 to 2007 was only 

interrupted by a pause from 2000 to 2003.   

Figure 2.3 Between-Industry Earnings Inequality in the U.S. 1969 - 2007  
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The level of earnings inequality increases as categories are added, but the 

contours are apparent even among 13 SIC or 24 NAICS industries.   As Kuznets taught, 

the sources of an increase (or decrease) in earnings inequality are changes in relative 

earnings and sector employment shares.  Figures 2.4 and 2.5 show the relative average 

earnings and employment levels of the 13 SIC industries in 1969 and 2000 and 24 

NAICS industries 1990 and 2007.  The industries are ordered according to relative 

average earnings in the later year. 

Of the 13 SIC industries, the largest contributors to rising inequality were 

Finance, Insurance, and Real Estate from above and Retail Trade from below.  In 1969, 

6.5% of American jobs were in Finance, Insurance, and Real Estate with average 

earnings approximately 20% lower than the national average.  By 2000, the industry had 

expanded its employment share to 7.9% with average earnings 25% higher than the 

national average.  Retail Trade jobs paid poorly in 1969, at 73% of the national average, 

but as the share of retail employment increased from 14.8% to 16.3% in 2000, average 

earnings fell to only 53% of the national average.   

From 1990 to 2007, the largest contributors to inequality from above were 

Professional and Technical Services and Finance and Insurance.  Finance and Insurance 

saw a slight decline in jobs over this period, but still contributed to rising inequality with 

strong growth in relative earnings.  Professional and Technical Services, spurred by the 

IT revolution, gained employment share and experienced a small increase in relative 

earnings.  Administrative and Waste Services and Real Estate, Rental, and Leasing, 

which both boasted significant employment gains, added the most to inequality from 

below.  Relative average earnings in realty actually improved, but not enough to offset 

the flood of new jobs into what remains a low-paid sector.  
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Figure 2.4 Relative Average Earnings and Employment Shares in U.S. Industries 1969 and 2000 
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Figure 2.5 Relative Average Earnings and Employment Shares in U.S. Industries 1990 and 2007  
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Expanding the number of sectors reveals whether inequality trends are driven by 

broad or narrow developments.  The increase in earnings inequality from 1969 to 1982 

arose from subtle changes across many industries.  The single largest U.S.-level 

disaggregated industry contribution to rising inequality came from Federal Government 

(Civilian), where average earnings rose from 1.3 times the U.S. average to 1.7 times the 

U.S. average.  Cost-of-living raises during an inflationary period served federal 

employees well.  Other key contributors to rising earnings inequality with above average 

earnings and larger than average earnings growth included Communications; Securities 

and Commodity Brokers; Oil and Gas Extraction; and Coal Mining.  Eating and Drinking 

Places; Miscellaneous Retail; and Business Services were the most significant 

contributors to rising inequality from below as already low average earnings in those 

industries fell further behind the national average.  Specialty Trade Contractors and 

Military helped mitigate inequality growth.  The former saw average earnings grow more 

slowly than average from an above average initial level, the latter saw average earnings 

grow faster that average from an initially below-average level.   

From 1982 to 1990, U.S. inter-industry earnings inequality actually declined.  

Most significantly, relative average earnings declined in several high-paying areas: 

Primary Metal Industries; Federal Government (Civilian); Oil and Gas Extraction; 

Communications; Industrial Machinery and Equipment; and Coal Mining.  Farm 

Earnings, starting from a very low level, experienced relative average earnings growth, 

along with employment decreases.  Even as inequality across industries declined, some 

sectors bucked the general trend.  Legal Services; Health Services; Local Government; 

Securities and Commodity Brokers, and State Government were among the groups 

contributing to higher inequality, all through increases to average earnings which were 

already above the national average.   

The last two decades differ from the 1970’s and 1980’s in that recent episodes of 

earnings inequality growth were driven by explosive gains in only a handful of high-

leverage industries with a small minority of the nation’s workforce.  Even a casual 
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observer of the American economy would note the emergence of personal computing and 

expansion of information technology in the mid to late 1990’s and the housing boom of 

the early 2000’s.  From 1996 to 2000, nominal earnings per job in Computer and 

Electronic Manufacturing rose from $57,270 to $83,850.  Likewise, from 2001 to 2006, 

earnings per job for Construction of Buildings grew robustly from $53,140 to $66,110, 

and the industry added more than 300,000 jobs.  In this case the conventional wisdom 

proves true; computer manufacturing and construction were two significant contributors 

to the increase in earnings inequality during these periods.  Other industries saw 

comparably wide swings in their fortunes. 

Pay increases in industries listed in Table 2.4, which contained only 3.8% of all 

workers in 2001, account for the entire rise in pay inequality during the IT boom. 
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Table 2.4 Average Earnings in 1996 and 2001 in 12 High-Growth Industries 

Industry Nominal Average Earnings 

  1996 2001 

Computer and Electronic Product Manufacturing   $          57,268   $   78,198  

ISPs, Search Portals, and Data Processing   $          44,426   $   68,175  

International Organizations; Foreign Embassies; 

Consulates 

 $          83,632   $ 107,550  

Internet Publishing and Broadcasting   $          54,116   $   82,080  

Funds, Trusts, and other Financial Vehicles   $          50,132   $   79,931  

Utilities   $          82,384   $ 113,605  

Oil and Gas Extraction   $          49,765   $   90,958  

Broadcasting, except Internet   $          91,831   $ 133,576  

Securities, Commodity Contracts, Investments   $          46,249   $   88,604  

Petroleum and Coal Products Manufacturing   $        124,821   $ 200,367  

Lessors of Nonfinancial Intangible Assets   $          91,556   $ 192,836  

Pipeline Transportation   $          93,285   $ 299,978  

    

All other Industries  $          31,276   $   38,099  

 

These high-growth industries experienced a 58% climb in nominal average 

earnings in this five year period while all other sectors gained 22%.  The employment 

growth rate in the high flyers was roughly half that for the rest of the economy. Figure 

2.6, parses Theil’s T statistic of between-industry earnings inequality into three 

components: inequality among the IT boom industries, inequality among the industries 

comprising the balance of the economy, and inequality between the high-growth and 

lower-growth industries from 1991 to 2001.  The separation of the boom industries from 

the rest of the economy explains all of the increase in between sector inequality from 

1991 to 2001.   
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Figure 2.6 Parsed Between-Industry U.S. Earnings Inequality 1991 - 2001  
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during the IT bust, Computer and Electronic Product Manufacturing and Securities, 

Commodity Contracts, and Investing experienced strong rebounds in earnings from 2002 

to 2007.  However, neither of these industries regained the employment levels of 2000.  

To the contrary: Computer and Electronic Product Manufacturing shed 29% of its 

workforce from 2000 to 2007. 

Table 2.5 Average Earnings in 2003 and 2007 in 15 High-Growth Industries 

Industry Nominal Average Earnings 

  2003 2007 

Military  $          53,178   $   71,616  

Federal Government (Civilian)  $          79,153   $   98,844  

Computer and Electronic Product Manufacturing  $          88,365   $ 108,125  

Mining (Except Oil and Gas)  $          66,671   $   89,371  

Water Transportation  $          70,634   $   93,452  

Management of Companies and Enterprises  $          83,618   $ 106,587  

Support Activities for Mining  $          61,650   $   87,241  

Chemical Manufacturing  $          97,062   $ 124,020  

Utilities  $        127,487   $ 157,138  

Securities, Commodity Contracts, Investments  $          83,053   $ 113,907  

Broadcasting, except Internet  $        149,362   $ 197,862  

Other Information Services4  $          34,490   $   86,726  

Oil and Gas Extraction  $          98,979   $ 167,418  

Pipeline Transportation  $        181,197   $ 263,350  

Petroleum and Coal Products Manufacturing  $        185,070   $ 363,962  

    

All other Industries  $          38,989   $   43,949  

 

Figure 2.7 shows the contributions of inequality among the high-growth industries 

from 2000 to 2007, inequality among all other industries, and inequality between the high 

growth industries and lower growth industries from 2000 to 2007. 

                                                 
4 The increase in earnings for the Other Information Services sector is an artifact of a change to the 
taxonomy.  Internet Publishing and Broadcasting became part of Other Information Services in 2007.   
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Unlike the IT boom, during which inequality within the high growth and low 

growth industries, was relatively stable, the later period saw rising inequality among the 

industries in Table 2.5, among the industries in the rest of the economy, and between 

those industries that surged ahead and those that stayed behind.  Nonetheless, in this 

period, as before, the disparity between the high-growth sectors and the balance of the 

economy explains the majority of the total increase in between-industry earnings 

inequality.   

Figure 2.7 Parsed Between-Industry U.S. Earnings Inequality 2000 - 2007  

 

By coincidence or design, industry performance seems to have a political 

dimension.  Technologists and financiers were key supporters of President Clinton, and 

these industries thrived under his leadership. Under President Bush, workers in extraction 

industries, the military, and, ironically, government did quite well, reflecting the 

administration’s policies of deregulation and military intervention, as well as the 
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commodities boom.  The oil business was consistently lucrative during the Clinton and 

Bush years. 

The lagging industries are also informative.  Declining fortunes in the domestic 

auto industry in recent years mitigate the impact on total inequality of employment 

expansion or earnings gains in other industries.  The Motor vehicles, Bodies and Trailers, 

and Parts Manufacturing industry, with average earnings consistently well above the 

national average, lost jobs and saw stagnant earnings from 2002 to 2007; thus inequality 

declined on that account.  This is but one example of why it is problematic to regard any 

single inequality statistic as an indicator of general social welfare.  

U.S. Between-County Income Inequality  

Theil’s T statistic of earnings inequality measured across more than 3000 U.S. 

counties is much lower than Theil’s T statistic of earnings inequality earnings measured 

across 24 US industries (.045 vs. .107 in 2006).  Industry is more salient than geography 

in determining earnings. Nonetheless, there remains substantive variation in the 

geographic dispersion of earnings and incomes, based in no small part on which 

industries are paramount in a given state or county.  State per capita income ranged from 

$28,540 in Mississippi to $62,480 in Washington D.C. in 2007; counties spanned $8,580 

per person in Loup, Nebraska to $132,730 in Teton, Wyoming.   

The logic for inter-county income inequality is the same for inter-sector earnings 

inequality. Changes in relative population and changes in relative incomes move the 

inequality metric.  Inequality declines when poor counties add income faster than rich 

counties or middle income counties add population faster than counties at either tail of 

the distribution.  When rich counties get relatively richer, poor counties get relatively 

poorer, or middle income counties lose population share, inequality rises.   

Between-county income inequality in the United States rose from 1969 to 2007 in 

a series of fits and starts.  From 1969 to 1976, cross-county income inequality declined.  

Slow but steady growth occurred until the mid 1980’s before accelerating through the end 

of the decade.  Inequality dipped again from 1990 to 1994 before another reversal 
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through 2000.  A steep decline reversed track again in 2003.  Figure 2.8 plots between-

county income inequality along with the Census Bureau’s between-household measure. 

Figure 2.8 U.S. Between-County Income Inequality and Household Income 

Inequality 1969 - 2007  

 

Since the early 1970’s, the two series show roughly similar trends, a sharp rise in 

income inequality during the 1980’s and a peak and trough in the late 1990’s when the 

information technology booms and busts took place.  Between-county inequality shows 

greater relative variability during this period.   

Rising income inequality and the information technology bubble were important 

features of the United States economy in the 1990s.  From January 1994 to February 

2000, the tech-heavy NASDAQ Composite index rose from 776.80 to 4,696.69, a 605% 

increase.  Brokers and venture capitalists celebrated the bull market as evidence that the 

"new economy" would drive American prosperity into the future. Liberal pundits 

lamented the spectacular rises in executive compensation and of inequality more 
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generally. Few noted that the two phenomena were, in fact, identical.  Figure 2.9 matches 

the level of between-county income inequality to the natural logarithm of the NASDAQ 

Composite.  The two series move together seamlessly from 1992 to 2004.  From the early 

1970's forward, the period of strongest divergence occurs from the mid 1980's to the early 

1990's, when growing between-county income inequality outpaced stock market 

performance.  Far and away, the largest contributor to rising inequality during this period 

was New York, New York which saw average incomes skyrocket as its economy moved 

away from manufacturing and increasingly towards finance.   

Figure 2.9 U.S. Between-County Income Inequality and the Natural Logarithm of 

the NASDAQ Composite 1969 - 2007  

 

As high-tech firms’ stock prices shot upwards, their employees (especially top 

executives) and stockholders reaped the benefits in the form of options realizations and 

capital gains.  If employment and share ownership in the technology sector had been 

uniformly distributed, this would have had little impact on the between-county measure 

0.015

0.02

0.025

0.03

0.035

0.04

0.045

4

4.5

5

5.5

6

6.5

7

7.5

8

8.5

9

1968 1973 1979 1984 1990 1995 2001 2006

B
e

tw
e

e
n

-C
o

u
n

ty
 In

co
m

e
 I

n
e

q
u

a
lit

y 
(T

h
e

il'
s 

T
)

N
a

tu
ra

l L
o

g
 o

f 
N

A
SD

A
Q

 C
o

m
p

o
si

te
 M

o
n

th
ly

 

C
lo

se

NASDAQ Monthly Close (Ln)

U.S. Between County Income Inequality



39 
 

of inequality.  But technological firms are not distributed uniformly; they are 

concentrated in centers such as San Francisco, California; Seattle, Washington; Raleigh, 

North Carolina; Austin, Texas; and Boston, Massachusetts.  The financiers are 

concentrated in Manhattan.  Income growth in the counties surrounding these areas 

accounted for the bulk of the inequality increase in the late 1990’s, and when the IT 

bubble burst in 2000, falling relative incomes in these same areas reduced aggregate 

between-county inequality. 

In particular, the same four counties that contributed most to the increase in 

between-county income inequality from 1994 to 2000 contributed most to the inequality 

decline from 2000 to 2003 – New York, NY; Santa Clara, CA; San Mateo, CA; and San 

Francisco, CA.   

The rebound in inequality from 2003 to 2007 was of two pieces.  First, many, 

though not all, of the IT bust counties experienced renewed income growth – New York 

County most significantly.  Second, there was a concentration of increasing income 

around Washington D.C., in Southern California, New Orleans, Las Vegas, and Southern 

Florida, areas central to the housing boom, the expanding government, or both. 

Economic Segregation in the United States 

Economic inequality describes variation in the distribution of economic resources.  

By contrast, economic segregation expresses the degree to which resources concentrate 

geographically within neighborhoods, counties, or states.  The level of economic 

segregation in a society may have different consequences than the level of inequality.  An 

individual is likely to have more frequent contact with people within their neighborhood, 

county, or state than without.  Communities segregated along economic lines provide less 

potential for direct inter-class interaction which may produce less animosity.  Contrarily, 

isolating the poor into distinct areas concentrates poverty and reduces the social capital of 

low-income residents. 

Kim and Jargowsky (2005) suggest the ratio of inequality among aggregated units 

to inequality among less aggregated units as a segregation measure.  For example, 
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income inequality measured across American states divided by income inequality 

measured across American households provides a measure of how American incomes are 

segregated by state. 

Figure 2.10 parses between-county income inequality into its between-state 

component and the sum of the within-state components.  The movements of between-

state income inequality (represented by the white portion of the bar) and between-county 

income inequality (the total height of the bar) are closely related.   

Figure 2.10 Components of Theil’s T Statistic of Between-County U.S. Income 

Inequality 1969 - 2007 

 

Despite the association in the annual movements of the between-state and 

between-county series, state per-capita incomes grew closer together during the 1969 to 

2007 period while county and household incomes grew further apart.  The reduction in 

state income variation occurred as the economic fate of the South became more 
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integrated with the nation as a whole over the last 40 years.  Although still the lowest in 

the nation, per capita income in Mississippi has grown from 62% of national per capita 

income in 1969 to 74% of national per capita income in 2007.  Similar gains were made 

in Alabama, Arkansas, Georgia, South Carolina, North Carolina, and Tennessee.   

Figure 2.10 suggests three measures of U.S. economic segregation: the 

segregation of household incomes by state, the segregation of household incomes by 

county, and the segregation of county incomes by state.  Figure 2.11 plots these three 

series from 1969 to 2007.  The gap in the segregation of household incomes by state and 

segregation of household incomes by county reflects the series break in household 

income inequality.   

Figure 2.11 U.S Income Segregation 1969 - 2007 
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The segregation of household incomes by state declined from the late 1960's 

through the mid 1990's, before rising slightly in recent years.  On the whole, what state a 

person lives in was less predictive of personal income in 2007 than in 1969.  The 

segregation of household incomes by county was slightly larger in 2007 than in 1969.  

The rise in segregation over counties from 1997 to 2000 and 2003 to 2007 was 

particularly steep, reflecting increasing concentration of incomes in particular counties.  

The segregation of county incomes by state declined from 1969 to 2007.  In 1969 the 

Gini coefficient of income inequality measured across states was 68% percent of 

inequality measured over counties, by 2007 this ratio was less than half.  State average 

income remains a strong predictor of county average income, but this relationship 

weakened over the last 40 years.   

Looking Forward 

As long as there have been household measures of inequality based on survey 

data, researchers have attempted  to explain variation in inequality levels or changes (Al-

Samarrie and Miller, 1967).  As many examples from this chapter show, combining 

Theil’s T statistic with group-based measures of wage, earnings, and income inequality 

makes it possible to precisely identify the sectors and regions that have contributed most 

to rising inequality in the United States over the last 40 years.  In the next two chapters I 

examine existing estimates of economic inequality at the state and county levels and 

introduce new subnational inequality measures similar to those developed here for the 

nation.   
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Chapter 3. Economic Inequality Within American States 

If inequalities operate on social outcomes through interpersonal interactions, then 

it is likely that measures of inequality taken at subnational levels – states, counties, 

towns, precincts – will be better predictors of the social phenomena under investigation 

than a national measure.  For instance, if inequality relates to violent crime through 

psycho-social pathways, then inequalities measured within neighborhoods, census tracts, 

counties, and states will likely be more appropriate than national measures; most 

criminals do not travel long distances to assault their victims.  Since it is difficult to 

summon the microdata necessary to place individuals within self-defined peer groups and 

to calculate inequalities within and between such groups, a first step is to develop 

subnational inequality measures along political boundaries.  Better inequality measures at 

more appropriate levels of analysis extend the explanatory power of research relating 

economic inequality to social problems.5   

Whereas unmeasured or unmeasurable differences between nations plague cross-

national comparisons, subnational units, such as American states and counties, share 

common national institutions and laws.  Datasets used to measure inequality and relate 

inequality to other processes will likely show greater consistency with fewer errors within 

nations than between them.  Nonetheless, American states are "open economies with 

distinct histories and institutions" (Partridge, 2005:365).  This combination of 

commonality and difference makes subnational units particularly appropriate for 

investigations of the impacts of inequality.   

                                                 
5 Subramanian and Kawachi make this point forcefully in their research on inequality and health:  

"Geographic scale (e.g., US states vs. counties) matters for the relation between income inequality 

and health.  Future studies should recognize and anticipate, a priori, this level contingency 

between income inequality and health outcomes.  The theory, as well as empirical investigations 

of income distribution and health, can be usefully extended by a more systematic examination of 

the issue of what levels matter for population health and why."  (2004, 78) 
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The ideal dataset for constructing subnational inequality measures would contain 

periodic individual-level wage, income, and wealth data along with geographic identifiers 

for every person dwelling in the U.S.  The closest approximation imaginable would be 

tax microdata, but these are not widely available.  In most cases, the best individual, 

family, or household data are the Census Bureau’s Public-Use Microdata Sample 

decennially and the Current Population Survey (CPS) or American Community Survey 

(ACS) annually and the full U.S. Census decennially. 

Family and Household Income Inequality in U.S. States 

The Census Bureau produces two historical income inequality series at the state 

level (2005).  Based on the one-percent and five-percent long-form samples, Gini 

coefficients of family income inequality are available for 1969, 1979, 1989, and 1999; 

household estimates are also provided for the latter three years.  Family income 

inequality statistics for 1949 and 1959 based on similar data and produced by Census 

Bureau officials are also available (Al-Samarrie and Miller, 1967).  Starting in 2006, the 

Census Bureau began producing state inequality estimates based on data from the 

American Community Survey annually and for three-year intervals (2009b).  Figure 3.1 

shows the range of state household income inequality in 1979, 1989, 1999, and 2007 

from the decennial Census and three-year average ACS estimates.  The size of each 

marker is proportionate to state population.   
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Figure 3.1 Within-State Household Income Inequality 1979, 1989, 1999, 2007 

 

Sources: U.S. Census Bureau, 2005; U.S. Census Bureau, 2009B 
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(Mississippi) with a median of .389 (New York).  By 1999 the Gini coefficients of family 

income ranged from .372 (Wisconsin) to .472 (New York) with a median of .411 

(Colorado, Nevada).   

Over the last four census years the coefficient of variation of the state Gini 

coefficients of family income ranged from .050 to .072, with the greatest spread in 1969 

and the least in 1979.  In each of the three years both measures are available, household 

and family income inequality are strongly correlated.  Figure 3.2 displays the Census 

Bureau measures of household and family income inequality for each state along with the 

annual Gini coefficient of household income inequality for the entire United States from 

1969 to 2008.   

The most notable regional trend is the South falling into line with the rest of the 

nation.  By 1999, Southern states still had the highest average family income inequality 

of the four Census Regions (South, West, Northeast, and North Central), but from 1949 

to 1969, Southern states saw the largest inequality declines, and from 1969 the 1999 the 

South experienced the slowest inequality growth.  Out migration of African Americans is 

a likely explanation for rapidly declining Southern inequality in the early post-war years 

(Al-Samarrie and Miller, 1967).  Several states have seen wide swings in their inequality 

rankings.  California, Connecticut, Massachusetts, New Jersey, and New York have 

experienced particularly rapid rises in family income inequality, while Nebraska, North 

Dakota, and South Dakota saw their inequality rankings decline.  Utah, New Hampshire 

and Indiana have had consistently low concentrations of family income, while income 

inequality has been relatively highest in Mississippi, Louisiana, and Alabama.   
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Figure 3.2 Family and Household Income Inequality in U.S. States 

 

Data Sources: U.S. Census Bureau, 2005; Al-Samarrie and Miller, 1967; Denavas-Walt, 

Proctor, and Smith, 2009.   
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Figure 3.2 (Continued) 
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For cross sectional analysis, decennial measures are useful, but for time series and 

panel studies, annual measures of state-level inequality may be more appropriate.  Langer 

(1999) estimates state-level Gini coefficients of household income annually from 1976 to 

1995 using CPS data.  Her results show the limitations of using CPS data to measure state 

income inequality at a high level of precision.  At the state level, measures based on CPS 

statistics are subject to small sample sizes.  Furthermore, respondents report their 

incomes within ranges – as opposed to exact values – and top-codes truncate large 

reported incomes.  

As a result of the underlying data problems, Langer’s estimates show a great deal 

of volatility.  This is likely the effect of the sample survey.  State estimates will be 

sensitive to who is included in the survey, and one year’s sample could be substantially 

different from the next.  The average cross-sectional correlation between states for 

Langer’s measures from one year to the next is only .76, and much less in several years.  

According to Langer's calculations, Nevada went from being the 4th most egalitarian 

state in 1979 to the 32nd in 1980 and the 8th most equal in 1981.  Many states have 

similarly wide swings in their year-to-year rankings.   

More recently, Frank (2009) produced state income inequality measures annually 

from 1945 to 2004 based on aggregate tax statistics reported in the IRS’s annual Statistics 

of Income publication.  The primary weaknesses of tax data of this sort are systematic 

non-reporting or under-reporting at low levels of income and top-coding that masks the 

trends at the very top of the distribution.  In the most recent census year, covering 1999 

income, the correlation coefficients between Frank’s Gini coefficient of between-tax-

record income inequality and the Census Bureau’s measures of family and household 

inequality are less than .3.   
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Between-Industry Earnings Inequality in U.S. States 

Industry earnings reported across a consistent group of industries and measured 

by official tax records rather than sample surveys are available at the state level on an 

annual basis.  Earnings from work accounted for approximately 75% of personal income 

in the United States in 2008.  Earnings leave out rent, interest, and dividends that accrue 

disproportionately to higher-income Americans, and aggregating by industries ignores 

inequalities among individuals within the categories.  Nonetheless, as Chapter 2 showed 

for the nation as whole, earnings-based measures can reveal the most critical components 

of rising or declining inequality.   

In 1969, average earnings per job in the U.S. were $7,120, ranging from $4,960 in 

Mississippi to $9,580 in Alaska.  By 2007, the U.S. average was $48,900 per job, ranging 

from $34,430 in Montana to $65,850 in New York.  During this period, every state 

experienced a substantial rise in between-industry earnings inequality.   

Figures 3.3 and 3.4 plot earnings inequality measured among a maximum of 77 

SIC industries or 94 NAICS industries for each state (bold line) along with earnings 

inequality measured between national industries (thin line).  The inequality measure 

drawn here is Theil’s T statistic of between-SIC industry inequality for the years 1969 to 

2000 appended by annual differences in measured inequality between NAICS industries.6  

Figure 3.3 plots earnings inequality for the three states with especially high values – New 

York, North Dakota, and Oklahoma.   

                                                 
6 For the overlapping 11 years, 1990-2000, inequality between SIC industries and NAICS industries move 

together closely – with an average correlation coefficient of .846 in levels and .797 in first differences.  The 

average rise in between-NAICS industry inequality was slightly smaller (12%) than the average rise in 

between-SIC industry inequality.  Thus, the later years of Figures 3.3 and 3.4 might show slightly 

depressed values of earnings inequality.   
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Figure 3.3 Between-Industry Earnings Inequality in Connecticut, New York, 

Washington 1969 - 2007 

 

Increased compensation of workers in Securities, commodity contracts, 

investments explains the steep rise in earnings inequality in New York from 1990 to 

2007.  Composing approximately 3% of the New York workforce, employees in these 

businesses saw earnings grow from about twice the state average ($69,210 vs. $33,940) 

to 4.5 times the state average ($299,800 vs. $65,850) over this period.  Absent this rise in 

investment related earnings, New York still would have experienced rising earnings 

inequality, but the magnitude would have been smaller by half.   

In 1970, North Dakota farm workers averaged earnings of $5,200 per person.  

Average farm earnings shot up to $27,700 in 1973 before plummeting to $5,120 in 1977.  

Over this period, agriculture employed 15% to 20% of all North Dakota earners.  Driven 

by weather and global market conditions, farm earnings are notoriously fickle, but these 

wide earnings swings – caused in part by the grain sale to the Soviet Union – were 

enough to cause a short-lived spike in North Dakota’s earnings inequality.   

In Oklahoma, Petroleum and coal products manufacturing drives high earnings 

inequality.  With a workforce smaller than 4,000, average earnings in this industry are 
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consistently high, ranging from $245,000 to $321,000 from 1990 to 1994 before 

exploding to $1.35 million to $1.76 million from 2004 to 2007.   

Figure 3.4 displays plots for the remaining states – note the smaller upper limit on 

the y-axis.  In some states, such as California and Maryland, within-state earnings 

inequality closely maps the national series, while in others, significant deviations occur.  

The average time-series correlation coefficient between the state and national measures is 

.805, with values ranging from .12 in North Dakota to .98 in Massachusetts.     

Inequality calculated among a state’s large industries or among a state’s county-

industry cells yield very similar results to those in Figures 3.3 and 3.4.  Time-series 

correlations within states and cross-sectional correlations across states for metrics from 

these three bases are high.7  In most states, inequality among the disaggregated industries 

at the state level is greater than inequality among the county-aggregated-industry cells.8  

For instance, in 2000, inequality among 76 state-level sectors in Texas was greater than 

inequality among 3,217 county-sectors (with a maximum of 14 sectors in any one 

county).   

                                                 
7 The average within-state, time-series correlation coefficient for the 1969 – 2000 period (SIC basis) is 
approximately .9 for comparisons among any two of the three series.  Likewise, the cross-sectional 
correlations among the three series were .86 or higher.   
8 In 2000, the only exceptions were Georgia and Virginia which have large numbers of counties. 
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Figure 3.4 Between-Industry Earnings Inequality in U.S. States 1969 - 2007 
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Figure 3.4 (Continued)  
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Between-Sector Wage Inequality in U.S. States 

Wage and salary disbursements accounted for 72% of earnings by place of work 

in the United States from in 2007.  The average correlation coefficient between earnings 

inequality and wage inequality for states from 1975 to 2007 is .65, with California, 

Connecticut, Massachusetts, New Jersey, and New York having correlation coefficients 

greater than .95.  Discrepancies between the wage and earnings inequality series occur in 

states such as Kentucky and Utah, where the correlation coefficient between wage and 

earnings inequality is negative, though small.   

The figures below plot wage inequality measured among state-level SIC or 

NAICS industrial sectors (bold line) along with wage inequality measured between 

national industrial sectors (thin line), reporting Theil’s T statistic of between-SIC sector 

inequality for the years 1969 to 2000 and then appending the series with the annual 

differences in measured inequality between NAICS sectors.9  Figure 3.5 plots wage 

inequality among industrial sectors for three states with particularly high values.   

  

                                                 
9 For the overlapping 11 years, 1990 – 2000, inequality between SIC wage sectors and NAICS wage sectors 
move together – with an average correlation coefficient of .854  in levels.   The actual correlation may be 
even higher, as there are some large and uncorrected errors in the recoded NAICS data.  The average rise in 
between-NAICS sector inequality was slightly larger (12%) than the average rise in between-SIC sector 
inequality.   
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Figure 3.5 Between-Sector Wage Inequality in Connecticut, New York, Washington 

1975 - 2008 

 

Financial sectors drive between-sector wage inequality in Connecticut, 

particularly NAICS 523110 (Investment banking and securities dealing) and NAICS 

523920 (Portfolio management), where wages have been as high as $463,900 and 

$430,500, respectively.  The same two sectors explain the high level of wage inequality 

in New York in recent years, along with NAICS 523120 (Securities brokerage). In New 

York, each of these sectors had average wages greater than $380,000 in 2007 and 2008.   

The "Microsoft effect" caused a spike in wage inequality in Washington State 

around the turn of the millennium.  NAICS 511210 (Software publishers) saw average 

earnings climb from $103,100 in to 1995 to $377,800 in 1999 before falling to $104,700 

in 2004.  Employment in the sector gradually climbed from 17,900 to 39,100 over this 

period.   

Figure 3.6 displays plots for the remaining states.  The state series are strongly 

correlated with the national series over time.  Only Alaska has a correlation coefficient 
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less than .65.10  In states such as Georgia and Illinois, national between-sector wage 

inequality is almost indistinguishable from within-state between-sector wage inequality.   

  

                                                 
10 In both the earnings and wage series, construction of the Trans-Alaska Pipeline System between 1974 
and 1977 causes a short-lived peak in inequality around 1975.   
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Figure 3.6 Between-Sector Wage Inequality in U.S. States 1975 - 2008 
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Figure 3.6 (Continued) 
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Between-County Income Inequality in U.S. States 

Measuring within-state, between-county income inequality serves two purposes.  

First, between-county income inequality provides a lower bound for total within-state 

income inequality.  To be sure, large income disparities exist within counties, but county 

boundaries provide a consistent grouping structure that capture important differences.  

Second, between-county income inequality provides a basis for calculating within-state 

income segregation.   

Figures 3.7 and 3.8 plot Theil’s T statistic of between-county income inequality 

for each state (bold line) along with between-county inequality for the entire nation (thin 

line), beginning with the two states where between-county inequality consistently rates 

higher than the national series. 

Figure 3.7 Between-County Income Inequality in New York and Virginia  

1969 - 2007 

 

New York County, home to Manhattan’s financial district, is responsible for the largest 

component of between-county inequality in New York State.  New York County is large, 

with an average of 8.2% of the state’s population from 1969 to 2007, and unusually rich.  

In 1969, New York County average income was $7,850, 1.7 times greater than the state  
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Figure 3.8 Between-County Income Inequality in U.S. States 1969 - 2007 

Year

B
e

tw
e

e
n

-c
o

u
n

ty
 I
n

c
o

m
e

 I
n

e
q

u
a

li
ty

0.00

0.01

0.02

0.03

0.04

0.05

Alabama Alaska Arizona Arkansas 

0.00

0.01

0.02

0.03

0.04

0.05

California Colorado Connecticut Delaware 

0.00

0.01

0.02

0.03

0.04

0.05

Florida Georgia Hawaii Idaho 

0.00

0.01

0.02

0.03

0.04

0.05

Illinois Indiana Iowa Kansas 

0.00

0.01

0.02

0.03

0.04

0.05

Kentucky Louisiana Maine Maryland 

0.00

0.01

0.02

0.03

0.04

0.05

1970 1980 1990 2000

Massachusetts 

1970 1980 1990 2000

Michigan 

1970 1980 1990 2000

Minnesota 

1970 1980 1990 2000

Mississippi 

State Betw een-County Income Inequality
U.S. Betw een-County Income Inequality



 62 
 

Figure 3.8 (Continued)  
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average of $4,590.  By 2007, New York County average income was $120,790, 2.6 times 

greater than the state average of $46,360.  New York County accounts for at least 38% of 

statewide between-county inequality throughout the period, with a peak of 61% in 

2007.11 

A single high-flying county does not explain consistently higher than average 

between-county inequality in Virginia; rather, the state’s unique system of local 

governance is responsible.  Virginia has 10 independent cities that report income 

statistics separately from their greater counties and another 24 groups of cities that also 

report independently.  As a result, there is a finer parsing of urban-suburban, and rural 

areas.   

The Virginia example highlights the difficulty of comparing states’ between-

county income inequality directly.  The number of residents per county and the degrees to 

which county lines act as separators of economic zones help determine the level of 

between-county income inequality in a given state.  Nonetheless, carefully examining 

how the state series change relative to previous levels and to a national measure allows 

comparisons across states.  As with the within-state earnings series, states vary 

significantly in their trajectories.  Note the effects of Hurricane Katrina in Louisiana and 

the high-technology boom in California.  

Comparing State Inequality Estimates 

A few states rank consistently along the different dimensions of economic 

inequality.  In 1999, New York had the highest level of between-industry earnings 

inequality, the highest level of household income inequality (according the Census 

Bureau), and was second, to Washington, in between-sector wage inequality.  In the same 

year, Utah and Vermont rated among the more egalitarian states along all three metrics.  

However, other states send mixed signals.  The Census Bureau reports Mississippi as 

                                                 
11 The percentage of inequality accounted for used here is the difference between Theil’s T statistic of 
between-county income inequality in New York including New York County and Theil’s T statistic of 
between-county income inequality in New York excluding New York County divided by Theil’s T statistic 
of between-county income inequality in New York including New York County.   
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having the third highest level of household income inequality in 1999, while wage and 

earnings inequality ranked the third lowest.  In fact, while wage and earnings inequality 

are moderately correlated cross-sectionally over states (correlation coefficient: .62), there 

is no relationship between-industry earnings inequality and household income inequality 

(correlation coefficient: .03) and only a slight correspondence in between-sector wage 

inequality and household income inequality (correlation coefficient: .20), all measured in 

1999.12  One explanation of the discrepancies in state inequality rankings is that for some 

states (e.g. Mississippi) the key inequality is between those who have jobs and those who 

do not, for which the household income inequality measure is most salient, while in other 

states (e.g. Delaware) inequalities among those who have jobs is relatively high (proxied 

by between-sector wage and between-industry earnings inequalities), even as income 

inequality is comparably low.   

While cross-sectional correlations between family or household income inequality 

and the other metrics in a single year tend to be low, the cross-sectional correlations of 

changes in inequality tend to be higher.  States that saw comparatively large increases in 

family income inequality from 1969 to 1999 were more likely to experience high rates of 

between-county income and between-industry earnings inequality, with correlation 

coefficients of .64 and .62, respectively.  This same pattern of higher cross-sectional 

correspondence in changes than in levels applies broadly, and tends to strengthen as the 

time-span increases.13   

 

  

                                                 
12 Cross sectional correlations between the state family and household Gini coefficients reported by the 
Census Bureau and the Gini coefficients of between county income inequality hover around .5.  This is 
higher than one might expect, given that the variance in county structures makes between-county income 
inequality less consistent across states than wage or earnings inequality.   
13 For instance, changes in between-sector wage inequality and family income inequality over the 1979 to 

1999 period have a correlation coefficient of .72. 
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The Geographical Segregation of State Incomes 

Just as U.S. income can concentrate in states or counties to produce income 

segregation at the national level, economic segregation occurs at different degrees within 

states.  The primary state subdivision is the county, which serves as a first basis for 

segregation. I express the segregation of state household income by county as the Gini 

coefficient of within-state, between-county income inequality divided by the Gini 

coefficient of within-state, between-household income inequality.   

One concern with this approach is that while counties are important entities, they 

are idiosyncratic in terms of size and population across states.  Georgia has nearly three 

times as many counties as California, while California has more than three times 

Georgia's population.  The finer parsing of the Georgia population may reveal more 

segregation, making absolute cross-sectional comparisons difficult.  Indeed, the cross-

sectional correlation coefficient between the number of counties in a state and between-

county income inequality, the numerator of the segregation measure, is high, .59 in 1979.  

However, state-level between-household income inequality is also positively correlated 

with the number of counties in a state, in part because several Southern states have high 

inequality and a large number of counties.  By 2007 the correlation of between-county 

income inequality and the number of counties in a state was .37, around the same level as 

the correlation between household inequality and the number of counties, .32. 

Figure 3.9 shows the array of estimates for the segregation of state household 

incomes by county for the years 1979, 1989, 1999, and 2007.  Between-state variation in 

the segregation of state household incomes by county is much greater than variation in 

state household income inequality.  In 2007, the ratio of between-county to between-

household income inequality ranged from .103 in Nevada and .504 in New York.  From 

1979 to 2007, within-state income segregation across counties fell in Arizona, Montana, 

and West Virginia, while doubling in California. 
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Figure 3.9 Segregation of State Household Incomes by County  

1979, 1989, 1999, and 2007 

 

Decennially, the Census Bureau publishes average income estimates for Census 

block groups and Census tracts.  Compared to counties, Census tracts have fairly uniform 

size.  For the 2000 U.S. Census, there were 64,953 Census tracts with an average of 1,625 

households per tract and a standard deviation of 800 households.  Tract average 

household income ranged from $1,200 to $487,000, averaging $55,277 with a standard 

deviation of $27,460.   

The number of census tracts in a state is in close proportion to the state's 

population; for instance, California had 7,017 Census tracts with an average of 4,845 
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per tract.  In an urban environment, tracts are the roughly at the scale of neighborhoods, 

0

0.1

0.2

0.3

0.4

0.5

0.6

1974 1979 1984 1989 1994 1999 2004 2009

R
a

ti
o

 o
f 

B
e

tw
e

e
n

-C
o

u
n

ty
 I

n
e

q
u

a
lit

y 
to

 

B
e

tw
e

e
n

-H
o

u
se

h
o

ld
 In

e
q

u
a

lit
y

Circles are proportionate to county population.  



 67 
 

in rural areas tracts may spread over a larger geography.  The ratio of between-tract 

inequality to between-household inequality serves as another measure of income 

segregation.  Where the rich and poor live side-by-side, there will be less variation in 

tract average incomes, and thus lower income segregation – holding household inequality 

constant.  Conversely, where rich enclaves and poor ghettoes are geographically separate, 

tract is a more salient predictor of income and income segregation will be higher – 

holding household inequality constant.    

The segregation of state household incomes by Census tract in 1999 ranged from 

.293 in West Virginia to .536 in Connecticut. The cross-sectional correlation coefficient 

between tract segregation and county segregation was .556.  States that had much higher 

relative levels of tract segregation tend to have fewer counties (for example Arizona, 

Connecticut, Delaware, Nevada, and Rhode Island).  Calculating the segregation of state 

household incomes by Census block groups adds little new information, as inequality 

between Census tracts and Census block groups are almost perfectly correlated between 

states.   

The most relevant dimensions of within-state economic segregation may occur at 

a level larger than the Census tract and smaller than the county, at least in states with 

large populations per county.  I leave to future research the project of combining Census 

tracts into some intermediate-sized sub-state units to calculate segregation across. 

In Chapters 5 and 6 I examine links between state-level economic inequality or 

segregation and voting behavior, but first I develop county-level panels of wage and 

earnings inequality and cross-sections of economic segregation.    
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Chapter 4. Economic Inequality in American Counties 

States are relevant to inequality analysis because they provide cross-sectional 

variation and operate as key arenas for certain policy areas, such as election law.  

However, states are still quite large.  Inequality within counties begins to move towards a 

scale where individuals can observe and compare economic differences.   

In 2006, the Census Bureau began producing inequality estimates for large 

counties using data from the American Community Survey.  These are the first published 

available county-level measures provided by government officials.  The Census Bureau 

calculated county household income inequality for 1990 and 2000, but these data are only 

available by request to the Census Bureau's Income Statistics Division.  Independent 

researchers have estimated within-county income inequality datasets from Public Use 

Microdata Samples of Census records and related aggregated income data (Evans, Hout, 

and Meyer, 2004; Franzini, Ribble, and Spears, 2001; Shi et al., 2005; Nielsen and 

Alderson, 1997; Fallah and Partridge, 2007).  These measures are based on the imputed 

number of families within pre-defined income brackets in each county.  While large 

counties may provide enough coverage to produce reasonably accurate estimates, 

problems associated with the small number of available records, topcoding, and 

misreported data compound as the unit of analysis gets smaller, and Census records are 

only available decennially.   

In this chapter I apply the same tools used in previous chapters to develop within-

county measures of wage and earnings inequality and income segregation.  Counties pose 

additional challenges.  BEA limits the type of earnings data available, and there are no 

annual series of aggregated incomes within counties akin to counties within states.  

Nonetheless, given the paucity of county-level inequality measures available, even 

imperfect or incomplete historical series of within-county economic inequality warrant 

consideration.  I begin with a single county case study.   
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Wage and Earnings Inequality in Travis County, Texas 

The 1990’s were a period of dynamic economic growth in Travis County, Texas.  

Average earnings for all workers grew from 94% of the US average in 1990 to 113% of 

the US average in 2000.  While the aggregate number of US earners grew by 20% over 

this period, Travis County’s workforce increased 59%.  The strong aggregate growth in 

earnings and employment was not spread evenly across sectors; as a result, a steep rise in 

between-industry earnings inequality also occurred over this period.    Table 4.1 shows 

employment levels and average earnings for 14 SIC industries for Travis County in 1997 

and 1998.   

In a single year, Travis County added 37,412 new jobs, a 6.5% increase, and 

average earnings rose by more than 12%.  While all of the non-farm industries saw 

earnings growth, the rate of growth varied significantly, and in a way that produced 

greater earnings inequality.  Theil’s T Statistic of between-industry earnings inequality 

measured 0.053 in 1997 and 0.083 in 1998.  Indeed, 1998 marks a step change in the 

level of earnings inequality in Travis County; the three year average of Theil’s T Statistic 

of between-sector industry inequality from 1998 to 2000 was more than 50% greater than 

the three year average from 1995 to 1997.  Stacked bar graphs of the Theil elements 

(Figure 4.1) show how each industry contributes to earnings inequality.   

The largest contributors to rising inequality from above were manufacturing and 

wholesale trade, which saw large earnings growth of 30% and 43%, respectively, while 

slightly growing their shares of total employment.  The largest contributor to rising 

inequality from below was the service sector, which gained employment share and 

experienced a relative wage decline.   
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Figure 4.1 Contributions to Theil’s T Statistic of Between Industry Earnings 

Inequality; Travis County, Texas 1997 and 1998 
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Table 4.1 Employment and Average Earnings in 14 Industries; Travis County, 

Texas 1997 and 1998 

 1997 

Employment  

1998 

Employment  

1997  

Average 

Earnings  

1998  

Average 

Earnings  

Farming            1,304          1,320   $       2,346   $        715  

Agricultural Services, 

Forestry, Fishing & Other 

           4,872          4,786   $     19,304   $   21,676  

Mining            3,636          3,673   $     34,043   $   39,088  

Construction          32,624        35,880   $     32,965   $   34,646  

Manufacturing          59,163        65,814   $     57,432   $   74,579  

Transportation and 

Public Utilities 

         19,006        20,463   $     44,936   $   49,112  

Wholesale Trade          22,403        24,361   $     55,206   $   78,797  

Retail Trade          88,535        91,092   $     17,985   $   19,448  

Finance, Insurance, and 

Real Estate 

         49,672        55,002   $     31,923   $   32,862  

Services        189,109      203,362   $     32,854   $   34,352  

Federal Government 

(Civilian) 

           8,970          9,062   $     53,518   $   54,198  

Military            2,253          2,192   $     19,431   $   19,683  

State Government          57,010        56,912   $     36,554   $   40,577  

Local Government          36,796        38,846   $     34,042   $   34,348  

     

Travis County        575,353      612,765   $     34,824   $   39,276  

 

A universe of only 14 industries limits the explanatory power of this analysis; 

Manufacturing and Wholesale trade are fairly broad categories.  Those familiar with the 

Austin economy in the 1990’s would suspect that the semiconductor industry was driving 

the rise in economic growth and inequality.  Indeed, 1998 was the year that Samsung’s 

Austin fabrication plant began official production (Samsung, 2009).   
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Shifting focus from earnings in 14 large industries to wages in hundreds of 

smaller sectors confirms the impact of high technology on inequality in Travis County.  

The largest contributors to between-sector wage inequality from above the mean wage in 

Travis County in 1998 were SIC 3674 (Semiconductors and related devices 

manufacturing), SIC 5045 (Wholesale trade of Computers, peripherals and software), and 

SIC 3571 (Electronic Computers manufacturing).  From 1997 to 1998, employment 

across these three sectors increased 17.0% compared to 5.2% for the rest of the Travis 

County sectors.  Wages for these three sectors increased 48.7%, from $70,880 to 

$105,388 in nominal terms, compared to the 6.0% average wage increase for the balance 

of workers in Travis County. 

Between-Industry Earnings Inequality in U.S. Counties 

Travis County, Texas was one of many large U.S. counties that experienced 

significant wage or earnings fluctuations over the last twenty years.   

Figure 4.2 plots earnings inequality measured among a maximum of 14 SIC 

industries or 24 NAICS industries for the fifty most populous U.S. counties (bold line) 

along with earnings inequality measured across the same set of national industries (thin 

line).14  The figure reports Theil’s T statistic of between-SIC industry inequality for the 

years 1969 to 2000 and between-NAICS industry inequality for 2001 to 2007.  Four 

counties stand out with particularly high values of between-industry earnings inequality 

in recent years: Montgomery County, Maryland; Harris County, Texas; Santa Clara 

County, California; and New York County, New York. 

High earnings inequality in Montgomery County, Maryland during the 2001 to 

2007 period, results from high earnings in two areas – Utilities and Federal Government.  

The coding regime change helps explain the step up in 2001.  The new NAICS category 

of "Utilities" is defined as: "establishments engaged in the provision of the following 

utility services: electric power, natural gas, steam supply, water supply, and sewage 

removal" (BEA, 2008).  Under the SIC structure, Utilities had been combined with the 

                                                 
14 These are the fifty largest counties according to BEA’s county population measure in 2007.   
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larger and, generally, more poorly compensated Transportation industry (BEA, 2008).  In 

Montgomery County, Maryland, Utilities accounted for only .13% of employment in 

2007 but 4.07% of total earnings.  Average earnings were a staggering $2,054,600 per 

earner.  The next largest contributor to inequality from above average earnings was the 

Federal Government (Civilian).  Composing 6.63% of the Montgomery County 

workforce, average earnings were roughly twice the county average in 2007, $130,600 

vs. $65,700. 

In Harris County, Texas, Utilities and Mining were the two industries most 

responsible for high and rising between-industry earnings inequality from 2001 to 2007.  

Average earnings in Utilities increased from $368,900 to $672,200 and average earnings 

in Mining rose from $164,300 to $335,300 during this period.  Employment in Utilities 

declined from 0.72% to 0.51% of the Harris County workforce, while Mining 

employment rose from 3.22% to 3.46%.   

High between-industry earnings inequality in Santa Clara County, California is a 

vestige of robust Manufacturing earnings.  Average earnings in Manufacturing for Santa 

Clara County were $114,105 in 2001 and $168,430 in 2007, 58% and 93% higher than 

overall county average earnings, respectively.  While average earnings in Manufacturing 

experienced impressive growth during this period, the industry lost almost one-third of its 

jobs, as employment fell from 248,570 to 170,180.  Utilities and Professional and 

Technical Services were the next largest contributors to inequality from above average 

earnings in Santa Clara County.   

New York County, New York began experiencing a rise in between-industry 

earnings inequality as early as the mid 1990’s.  In recent years, Finance and Insurance 

have been most responsible for high earnings inequality.  In 2007, Finance and Insurance 

employment was 353,030 and average earnings were $337,400.  Aggregate earnings in 

Finance and Insurance in New York County were higher than the total earnings of 28 

different US states. 
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From year to year, there is a strong positive cross-sectional correlation of county 

earnings inequality.  For all counties, the average correlation coefficient from one year to 

the next is .64; for the 50 most populous counties, the average correlation coefficient is 

.96.15  These strong positive correlations provide evidence of consistent measurement.  

On the other hand, there is a much weaker relationship between county earnings 

inequality at the beginning and end of the period of available data.  The cross-sectional 

correlation coefficients of inter-industry county earnings inequality in 1969 and 2007 are 

.23 and -.08 for all counties and large counties, respectively.  Earnings inequality values 

might be sticky in the short term, but counties vary widely in their trajectories over time.   

                                                 
15 From 2000 to 2001, the years that straddle the SIC to NAICS coding change, the relationship is weaker, 
but still clearly positive, correlation coefficients of .62 for all counties and .71 for the largest counties.   
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Figure 4.2 Between-Industry Earnings Inequality in 50 Large U.S. Counties  

1969 - 2007 
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Figure 4.2 (Continued) 
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Between-Sector Wage Inequality in U.S. Counties 

Whereas BEA only reports on a handful of industries at the county level, BLS 

reports wage data for hundreds of sectors in the largest counties.  Figure 4.3 plots wage 

inequality measured among SIC or NAICS industrial sectors (bold line) along with wage 

inequality measured among national industrial sectors (thin line).  The figure reports 

Theil’s T statistic of between-SIC sector inequality for the years 1969 to 2000 and then 

appends the series with the annual differences in measured inequality between NAICS 

sectors.   

The three large counties with the highest recorded levels of between-sector wage 

inequality over the last thirty years are Santa Clara County, California; King County, 

Washington; and New York County, New York. 

In Santa Clara County and King County, the inequality series clearly show the IT 

boom and bust, with a swift run-up in between sector inequality to 1999 (King) or 2000 

(Santa Clara), before a subsequently swift decline.  In King County, Washington NAICS 

511210 (Software publishers) saw average wages climb from $66,900 in to 1990 to 

$388,900 in 1999 before regressing to $106,600 in 2004, all in nominal terms.  

Employment in the sector gradually climbed from 7,200 to 37,650 over the same period.  

In Santa Clara County, California, the key sector was NAICS 334111 (Electronic 

computer manufacturing) where average wages peaked in 2000 at $249,600 per worker, 

climbing from $67,300 in 1990 before falling to $119,600 in 2002.  Sector employment 

declined during this period from 41,260 to 31,890. 

In New York County, New York, finance-related sectors helped raise levels of 

between-sector wage inequality in the 1990’s and maintain high levels of inequality 

through 2008.  NAICS 523110 (Investment banking and securities dealing) and NAICS 

523120 (Securities brokerage) were the primary culprits.  Combined, these sectors saw 

nominal average wages grow from around $80,000 in 1990 to more than $430,000 in 

2007.  Securities brokerage employment declined during this period but was more than 
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Figure 4.3 Between-Sector Wage in Inequality in 50 Large U.S. Counties  

1975 - 2008 
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Figure 4.3 (Continued)  
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offset by employment gains in Investment banking and securities dealing.  Just as the IT-

bust resulted in falling in inequality levels in King County and Santa Clara County, the 

financial crisis may reduce between-sector wage inequality in New York County.  On the 

other hand, the apparent rebound in the fortunes of Wall Street firms many make any 

trend towards equity short-lived.   

As was the case with between-industry earnings inequality, between-sector wage 

inequality has a high degree of year-to-year stability but a great deal of longer period 

divergence.  The average cross-sectional correlation from 1976 to 2000 between a given 

year’s values and the previous year’s is .88 for all counties and .94 for the largest 

counties.  However, the correlation coefficients of county wage inequality for the 

endpoints of the SIC-basis (1975 and 2000) are only .27 and -.15.16 

Comparing County-Level Income, Earnings, and Wage Inequality 

Simultaneous wage and earnings inequality are well correlated among large 

counties (average correlation coefficient of .70 for the years 1975 to 2007), less so among 

all counties (.26).  Cross-sectional correlations are generally higher since 2001 when the 

maximum number of industries contributing to earnings inequality increased from 14 to 

24.  Likewise, time series correlations between a county’s wage and earnings inequality 

were higher in the post-2000 period.   

Neither wage nor earnings inequality were consistently related to Census-based 

measures of county family income inequality (Moller, 2009).  Cross-sectional 

correlations between income inequality and earnings inequality in all counties ranged 

from -.11 to .20 and correlations between income and wage inequality ranged from -.18 

to - .08 in the years where both metrics are available.  For large counties, the correlation 

coefficients for income and earnings inequality ranged from -.49 to .45 and the 

correlation coefficients for income and wage inequality spanned  

-.32 to .16.    

                                                 
16 Over the years 1990 to 2000 when both SIC- and NAICS-coded data are available, the correlations for 
the same year between the different series average .79 for all counties and .91 for the largest counties. 
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Given that wages make up the greatest portion of earnings and earnings the 

largest share of incomes, one might expect the various measures of county economic 

inequality to correspond more closely.  Earnings inequality is measured over a small 

number of industries; significant inequalities within a diverse category (say 

manufacturing) may be lost in this measure.  Contrarily, wage inequality covers a larger 

variety of sectors but leaves out proprietors’ earnings, which may also be a large source 

of inequality.  Income inequality measurement suffers from small sample sizes, 

especially for small counties, reporting error, and other issues detailed above.  

Furthermore, county income inequality rankings do not change as much over time.  The 

correlation coefficients for family income inequality in 1969 and 1999 were .56 for all 

counties and .83 for the largest counties.  The simplest explanation of divergence is the 

fact that wages, earnings, and incomes are simply different.  Income from capital gains, 

rental property, and interest insulate the wealthy from wage variations.  Income, and by 

extension income inequality, could be slower to evolve than wages or earnings, especially 

locally where a few businesses may employ a large share of the workforce.   
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Income Segregation in U.S. Counties 

Within counties, economic segregation can occur across communities and 

neighborhoods.  For counties with low population densities, economic segregation will be 

hard measure and might be practically insignificant.  For large, diverse counties, the 

degree of segregation helps distinguish among counties where the rich and poor live in 

closer or further proximity.   

For each decennial census, the U.S. Census Bureau divides counties into blocks, 

block groups, and tracts.  Block groups are the lowest level for which the Bureau reports 

population and aggregate income estimates.  Income inequalities between block groups 

and tracts within counties serve as lower bounds for between-household income 

inequality and inputs for county segregation measures. 

For the 2000 Census, the Census Bureau articulated 64,953 tracts and 207,423 

block groups.  30 rural counties contained a single block group, while Los Angeles 

County, California contained 2,041 tracts and 6,268 block groups.  On average, there are 

21 tracts and 66 block groups per county.  Nationally, the average number of households 

per block group was 509 with a standard deviation of 330 households.  Block group 

average household incomes ranged from less than $100 per household to more than $1 

million, with an average of $55,100 and a standard deviation of $30,300.   

The ratios of between-block group or between-tract income inequality to between-

family income inequality in a county serve as measures of county-level income 

segregation.  Here I use Moller's estimates of county family inequality as the 

denominator (2009).  For the 2000 Census the segregation of family incomes by census 

tract ranged from less than .10 to greater than .70 and the segregation of family incomes 

by census block groups spanned from .22 to .75 in counties with populations over 50,000.  

In the most economically segregated counties (Westchester, NY; Essex, NJ; Fairfield, 

CT) significant clustering occurs by neighborhood.  In counties like Sampson, NC or 

Bastrop, TX incomes spread diffusely.   
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There is less variation in economic inequality across American states than across 

countries, but the difference is "not as dramatic as one would think" (Panizza, 2002).  

Even more variation occurs across American counties.  If inequality directly relates to 

individual behavior, rather than simply reflecting the broader political, cultural, and 

economic environment, then subnational inequalities could prove important.  Moving 

forward, I examine the relationships between inequality, voting participation, and 

election outcomes.   



 84 
 

Chapter 5. Economic Inequality and Election Outcomes in Recent 

American Presidential Elections 

Among the potential consequences of the rise in subnational American economic 

inequality outlined in Chapters 3 and 4 are changes to the makeup and preferences of the 

electorate.  In this chapter, I examine the relationships among inequality and presidential 

vote outcomes at the state and county levels and individual voters' candidate preferences.  

In the next chapter, I take up links between inequality and voter turnout.   

Local economic inequalities contribute to a citizen's context, one of many factors 

that determine voters' electoral sympathies.  In September 2008, columnist and former 

George W. Bush speechwriter David Frum claimed, "As a general rule, the more unequal 

a place is, the more Democratic; the more equal, the more Republican" (Frum, 2008A).  

Frum outlines three reasons that higher inequality might associate with voting for 

Democrats in the 2008 election.  First, alongside local inequalities come social problems: 

crowded schools, clogged roads, changes in historical land use patterns, and the like.  

Voters may trust Democrats to more effectively address these concerns.  Second, the 

richest Americans are leaning further to the left.  Whereas Republican economic policy 

used to strongly favor high-income voters, the Clinton administration's record of fiscal 

discipline and centrism redefined the Democratic Party's relationship with the rich.  As 

such, wealthy voters find economic issues less salient and are more likely to vote 

according to their more moderate social values.  Third, the economic performance of the 

Bush administration left the electorate with a "pervasive economic unease," as middle-

class Americans saw flat incomes and unbalanced growth.   

Frum's conjectures may be correct, but there is a simpler connection between 

inequality and partisan politics.  Inequality driven by growth among top incomes leaves 

the median voter with an income well below the mean, and more voters will have an 

economic interest to vote for the party most likely to pursue redistribution.  While the 

Clinton years marked a rightward shift in Democratic economic policy, the perception 

may remain that Democrats are more likely to support leveling policies.  Low-income 
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voters are more likely to support Democratic candidates (Bartels, 2006).  Inequality that 

makes the poor feel poorer could compound this propensity.    

The fact that low-income voters continue to align with Democrats contradicts a 

major theme of modern punditry, that low-income voters regularly reject their economic 

self-interest in favor of voting for narrow social issues exemplified by "God, guns, and 

gays."  Thomas Frank's What's the Matter with Kansas? (2004) is one example of this 

analysis.  Frank describes the Republican Party as a coalition of social and fiscal 

conservatives, where the economic elites take advantage of right-leaning persons of faith.  

Wealthy Republicans get their tax breaks, but little real change occurs on social issues – 

abortion remains legal, official prayers stay out of public schools, and the like.  Frank's 

anecdotes are compelling but much statistical evidence points in the opposite direction.  

Bartels, in a thinly veiled criticism writes: "It is true that American voters attach 

significantly more weight to social issues than they did 20 years ago. It is also true that 

church attendance has become a stronger predictor of voting behavior. But both of those 

changes are concentrated primarily among people who are affluent and well educated, not 

among the working class" (2008B).  Nonetheless, presidential election results over the 

last forty years reveal no iron law of economic voting at the national level.  As inequality 

rose and median wages stagnated, the two major parties have oscillated control of the 

White House.   

A distinct relationship may run from economic polarization or segregation to 

Democratic support.  Despite Republican superiority among high-income voters, the 

Democratic Party is an amalgam of working-class, unionized and/or minority voters and 

economic elites who fund Party activities and run for high-office (Jacobs and Skocpol, 

2005).  This coalition may hang together more easily in communities where high-income 

voters and low-income voters are geographically isolated (Galbraith and Hale, 2008).  
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Familiarity may breed contempt.17  Open conflict that pits the rich versus the poor might 

cause the rich to coalesce, and where the rich coalesce around a party, Republicans reign.    

Method 

Given the constitutional parameters of presidential elections, where the Electoral 

College rather than the popular vote determines the outcome, individuals vote but states 

count.  As such, I examine both ecological relationships, the degree to which inequality 

correlates with election outcomes at the state and county levels, and individual 

relationships, whether the level of inequality in a state corresponds with differences in 

individual voters' candidate preferences.   

For individuals, inequality is a contextual variable, a characteristic of some larger 

aggregation such as a county, state, or country.  Acknowledging this, the simplest 

statistical models may not be appropriate.  Standard ordinary least squares regression 

assumes independent outcomes.  Information about a voter's context, such as the state she 

lives in, informs a prior assumption about how she will vote.  Furthermore, individuals in 

the same group will have common group-level characteristics.  As a class, multilevel 

models acknowledge the nested structure of such data, providing a platform for 

combining individual and group attributes into a single model.   

A classic example of the multilevel approach is the study of student test outcomes 

(Raudenbush and Bryk, 2002).  For example, an individual student's socioeconomic 

status might help predict her test performance but so might the average socioeconomic 

status of her classmates.  Model 5.1 describes a multilevel model that brings together the 

individual and school level variables into a single framework. 

  

                                                 
17 Historian and columnist Timothy Egan puts forth a similar argument with regards to race in noting the 

Obama's campaign presence in Montana deep into the election season:  "People who live in states with few 

blacks seem more open to the idea of a president who is not white. Perhaps race is more of an abstract, an 

ideal. The raw, sometimes tribal clashes of ethnic groups, where a long-ago slight can harden into a 

political attitude, seems less pronounced" (2008).   
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Model 5.1 Example of a Multilevel Model – Student Test Outcomes Predicted by 

Student and School Socioeconomic Status 

Level 1 Model 

TestOutcomeij = B0j + B1j* SocioeconomicStatusij + eij 

Level 2 Model 

B0j = G00 + G01* SocioeconomicStatusj + u0j 

B1j = G10 + G11* SocioeconomicStatusj + u1j 

i indexes students; j indexes schools 

 

In this multilevel model, both the individual student's socioeconomic status and 

the average socioeconomic level in the school predict the student's test performance.  

Schools may vary in both their average performance, B0j, and their socioeconomic-test 

outcome slopes, B1j.  Random variation occurs at both the student and school levels.  If 

G01 were positive, this would indicate that schools with higher average socioeconomic 

status were, on average, higher achieving.  Likewise, if G10 were large and positive and 

G11 smaller and negative, schools with higher average socioeconomic status would also 

be more egalitarian – individual socioeconomic status would be less predictive of 

individual achievement.   

A parallel model for voter preference might include personal characteristics at the 

voter level, and aggregated characteristics, including inequality, at the state or county 

level.  Before exploring the multilevel approach, I begin with models of aggregate 

outcomes. 

Ecological Analysis: State Inequality and Election Outcomes 

When pressed to summon evidence for his claim that high levels of local 

inequality corresponds with more Democratic support, Frum points to data from the 

Center for Budget and Policy Priorities (Bernstein, McNichol, and Nicholas, 2008).  

Frum notes, "Of the 10 states where the gap between rich and poor has increased fastest 

since the late 1980s, 7 voted for John Kerry in 2004.  Of the 10 states where the gap 
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between rich and middle has increased fastest since the late 1980s, 8 voted for John Kerry 

in 2004" (2008B).   

This analysis parallels the finding of Galbraith (2004) that, at the extremes, states 

with high income polarization in 2000 voted overwhelmingly for Gore, while states with 

lower income polarization voted solidly for Bush.  Using the standard deviation of 

contributions to Theil’s T statistic of between-county income inequality for each state as 

a rough measure of spatial economic polarization, Galbraith found that of the 14 most-

polarized states, only one – Virginia – voted clearly for George W. Bush in 2000.  Of the 

22 least-polarized states, Gore won only four (Iowa, Maine, Vermont and New Mexico). 

Table 5.1 Winner of the 2000 Presidential Election in the Least and  

Most Polarized States 

The Least Polarized States The Most Polarized States 

  Winner   Winner 

South Dakota  Bush New York Gore 

North Dakota  Bush Connecticut Gore 

Montana  Bush California Gore 

West Virginia  Bush Massachusetts Gore 

Vermont  Gore New Jersey Gore 

Iowa  Gore Washington Gore 

Kentucky  Bush Maryland Gore 

Arkansas  Bush Illinois Gore 

Mississippi  Bush Michigan Gore 

Wyoming  Bush Florida ???? 

Alaska  Bush Pennsylvania Gore 

Nebraska  Bush Virginia Bush 

 
This polarization metric does not measure income inequality or income 

segregation directly; it simply identifies the degree to which states have counties with 

homogenous income and population profiles.  States divided between large counties with 

higher incomes and large counties with lower incomes (relative to the national average) 

have high degrees of polarization. In Connecticut, wealthy Fairfield County dominates 
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the state’s income gradient.  While there are rich individuals in Hartford County and poor 

people in Fairfield, on the whole, Fairfield is a much richer place. When most county 

average incomes in a state are below the national average and few, if any, counties have 

high incomes, polarization is lower.  Thus, Mississippi with its high poverty rate is a state 

with high income inequality between individuals, but low polarization along this metric.  

The "stickiness" of the electoral map matches the inertia in the polarization 

rankings.  From 2000 to 2004 to 2007, the relative polarization measure hardly budged, 

with cross-sectional correlation coefficients greater than .99.18  Of the eighteen least 

polarized states in 2004, only Vermont voted for Kerry; of the 14 most polarized states in 

2004, only Florida and Virginia voted for Bush.  Of the 12 least polarized states in 2007, 

only Iowa and Vermont voted for Obama; of the 15 most polarized states in 2007; only 

Texas voted for McCain.   

Figure 5.1 displays a modified county polarization metric plotted against state 

election outcomes – the Democratic party's share of the two-party vote in 2000 and 

2008.19  Circles proportionate to state population size serve as markers.  In both years 

there was a clearly positive correlation between polarization and Democratic voting, 

though the relationship was weaker in 2008.   

  

                                                 
 
18 2008 County Income is not yet available  
19 The modified metric is the natural logarithm of the standard deviations of the Theil elements multiplied 
by 1,000,000.  The modified polarization metric preserves the rankings of the standard deviations of the 
Theil elements, but condenses the relative scale.   
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Figure 5.1 Within-State County Polarization vs. Election Outcomes in  

2000 and 2008 
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Moving from polarization to the Gini coefficient of household income inequality, 

Figure 5.2 displays plots of income inequality against the Democratic percentage of the 

major party vote in 2000 and 2008.  The inequality variable for 2000 is the Census 

Bureau’s estimate of the Gini coefficient between-household income inequality in 1999 

based on the 2000 Census (2005); the inequality variable for 2008 is the Census Bureau’s 

estimate of the Gini coefficient between-household income inequality using 2006 – 2008 

data from the American Community Survey (2009B). Again, the plots show a positive 

correlation between income inequality and Democratic support, with a stronger 

relationship in 2000 than 2008.   
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Figure 5.2 State Household Income Inequality vs. Election Outcomes in  

2000 and 2008 
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To what degree do these correlations depend on the inequality metric being used, 

and how have they evolved over time?  Gelman and Hill (2007) suggest a technique for 

such an investigation, time-series plots of repeated cross-sectional model coefficients, a 

method referred to as the "secret weapon" (73).20   

Model 5.2 describes an ecological model where state average income, region 

dummies (South, North Central, and West; Northeast is the excluded category), and 

inequality predict the Democratic presidential candidate's proportion of the two party 

vote.  Unless otherwise stated, state ecological models weight each state by its population 

(such that Texas and California get more consideration than North Dakota and Delaware) 

and include only the 48 continental states. 

 

Model 5.2 Cross-Sectional Model of State Election Outcomes 

DemocraticVotes = B0 + B1*AverageIncomes + B2*Inequalitys + Bk*Regionks + Errors 

 

Applying versions of Model 5.2 for each election from 1980 to 2008 and several 

different inequality metrics produces mixed results.  Figure 5.3 displays coefficient 

estimates and standard error bands for four different state measures: household income 

inequality measured by the Census Bureau, county polarization (explained above), 

between industry earnings inequality, and between sector wage inequality.  The y-axis 

scales are not comparable, the purpose of this exercise is to compare the sign and strength 

of the coefficient estimates.  The single standard error band covers a confidence interval 

of approximately 65%; those that include zero show very little evidence of statistical 

significance. 

                                                 
20 Gelman and Hill write: "The method of repeated modeling, followed by time-series plots of estimates, is 
sometimes called the "secret weapon" because it is so easy and powerful but yet is rarely used as a data-
analytic tool.  We suspect that one reason for its rarity of use is that, once one acknowledges the time-series 
structure of a dataset, it is natural to want to take the next step and model that directly.  In practice, 
however, there is a broad range of problems for which a cross-sectional analysis is informative, and for 
which a time-series display is appropriate to give a sense of trends" (2007:73).   
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Controlling for state income and region, household income inequality and county 

polarization are consistently positively associated with higher proportions of support for 

Democratic presidential candidates.  Of the last five elections, this relationship was 

strongest in 2000.  There is virtually no relationship between wage inequality and 

Democratic voting at the state level and little evidence of an association between earnings 

inequality and Democratic voting until 2004 and 2008, when a negative association 

occurs.   

State per capita income shows a consistently positive association with Democratic 

voting in each election from 1992 forward in models that include wage, earnings, and 

income inequality.  States with higher incomes have shown a higher propensity to vote 

Democratic in recent presidential elections, after controlling for inequality and region.  

This supports the ecological findings of Gelman et al. (2007, 2008).   
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Figure 5.3 Coefficient Estimates for 4 Inequality Measures in State-Level Outcome Model 1980 - 2008 
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Ecological Analysis: County Inequality and Election Outcomes 

Counties provide another potential unit of analysis for examining the relationships 

between American economic inequalities and election outcomes.  Compared to states, 

counties offer more observations per election and greater variation in inequality.   Figure 

5.4 plots county between-sector wage inequality against the Democratic proportion of the 

two-party vote in 2000 and 2008.   County vote totals come from Leip (2010).  The 

county indicators are circles whose areas are in proportion to county population.  For the 

pooled county data in 2000 and 2008, there is positive correlation between county wage 

inequality, and Democratic support.   

Related variables that may affect the inequality-county voting outcome 

relationship include county average income and county racial characteristics.  Model 5.3 

describes cross-sectional regressions that include inequality (in wages, earnings, or 

incomes), the percentage of residents who are "white alone," and average income as 

predictors of the Democratic proportion of the two-party vote for US Counties.21  U.S. 

Census Bureau (2009A) reports the percentage of white residents, Bureau of Economic 

Analysis (2010A) provides average income data.   Moller (2009) supplies county family 

income inequality for 2000; U.S. Census Bureau (2009B) gives estimates of household 

income inequality in 2008. 

  

                                                 
21 The "white alone" population is the ratio of "Resident population: White alone" to "Resident population 
total" as reported by the U.S. Census Bureau (2009A). 
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Model 5.3 Cross-Sectional Model of County Election Outcomes 

DemocraticVoteC = B0 + B1* AverageIncomeC + B2*PctWhiteC + B3*InequalityC + 

ErrorC 

 

Table 5.2 reports results for Model 5.3 in 2000 and 2008 for between-sector wage 

inequality, between-industry earnings inequality, and family or household income 

inequality, weighting counties by population size.  County average income and percent 

white are centered on the national average; inequality is centered on the average value 

across counties.  Thus, the intercept is the prediction for a county with average income 

and percentage white equivalent to the national average and average county-level 

inequality.   
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Figure 5.4 County Wage Inequality vs. Election Outcomes in 2000 and 2008 
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Table 5.2 County Election Outcome Model Results  

Outcome: Gore Vote     

 Coeff. Std. Error T-ratio P-value 

B0 - Intercept 0.4878 0.0037 133.61 < .001 

B1 - Average Income 0.0028 0.0003 10.09 < .001 

B2 - Pct. White -0.4920 0.0132 -37.38 < .001 

B3 - Wage Inequality 0.3626 0.0557 6.51 < .001 

     
B0 - Intercept 0.4946 0.0024 204.31 < .001 

B1 - Average Income 0.0038 0.0002 18.08 < .001 

B2 - Pct. White -0.4745 0.0133 -35.61 < .001 

B3 - Earnings Inequality -0.3801 0.0421 -9.03 < .001 

     
B0 - Intercept 0.8348 0.0138 60.71 < .001 

B1 - Average Income 0.0035 0.0002 16.82 < .001 

B2 - Pct. White -0.4148 0.0161 -25.69 < .001 

B3 - Income Inequality 0.6775 0.0600 11.39 < .001 

  

Outcome: Obama Vote     

 Coeff. Std. Error T-ratio P-value 

B0 - Intercept 0.5088 0.0035 144.13 < .001 

B1 - Average Income 0.0026 0.0003 9.80 < .001 

B2 - Pct. White -0.5084 0.0143 -35.45 < .001 

B3 - Wage Inequality 0.7148 0.0694 10.29 < .001 

     
B0 - Intercept 0.5410 0.0021 261.64 < .001 

B1 - Average Income 0.0049 0.0002 22.50 < .001 

B2 - Pct. White -0.5261 0.0144 -36.42 < .001 

B3 - Earnings Inequality -0.3721 0.0552 -6.75 < .001 

     
B0 - Intercept 0.5313 0.0030 179.80 < .001 

B1 - Average Income 0.0033 0.0003 11.27 < .001 

B2 - Pct. White -0.4652 0.0205 -22.70 < .001 

B3 - Income Inequality 0.6269 0.0854 7.35 < .001 
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High county average incomes are associated with more support for the 

Democratic candidate, controlling for inequality and the percentage of non-minority 

population.  Higher percentages of white residents associate with lower degrees of 

Democratic voting, controlling for average income and inequality.  For the key variable 

of interest, inequality, the results are mixed.  Wage and income inequality have clear 

positive associations with Democratic voting, controlling for county average income and 

percent white, while earnings inequality seems to have the opposite effect.   

First Multilevel Models: Counties in States 

Figure 5.4 and Model 5.3 pool all U.S. counties together, fixing the relationship 

between inequality and voting outcome to be the same across all states.  However, these 

relationships can show a great deal of variation.  For instance, the correlation between 

county measures of household income inequality and the proportion of the Gore vote is 

negative in Nebraska and strongly positive in New York.  Such differences could reflect 

actual variance in the underlying relationships or merely reflect randomness or sample 

variation.   

Multilevel modeling has the advantage of including both county and state 

attributes in a single model with national scope.  Model 5.4 includes the same county-

level predictors and outcome variable as Model 5.3.  However, instead of forcing these 

coefficients to be equivalent for every state, the intercept and slope coefficients may vary, 

with per capita state income and an indicator variable for the southern states as predictors 

of the state level coefficients.   
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Model 5.4 Multilevel Model of County Election Outcomes 

County-Level Model 

DemVoteCS= B0S + B1S*AverageIncomeCS + B2S*PctWhiteCS + B3S*InequalityCS + rCS 

State-Level Model 
 
 B0S  = G00 + G01*SouthS + G02*AverageIncomeS + u0S 

B1S  = G10 + G11*SouthS + G12*AverageIncomeS + u1S 

B2S  = G20 + G21*SouthS + G22*AverageIncomeS + u2S 

B3S  = G30 + G31*SouthS + G32*AverageIncomeS + u3S 

C indexes counties; S indexes states   

 

The results in Table 5.3 indicate that after controlling for county average income, 

county racial composition, and county wage inequality, counties in southern states were 

less likely to support Obama in 2008, controlling for state average income, and counties 

in states with higher average incomes were more likely to vote for Obama, controlling for 

region (G01 is negative, G02 is positive).  Controlling for other model inputs, county 

average income had no strong association with the level of the Obama vote in a county 

(G10 is not statistically significant), but higher state average incomes were associated with 

shallower within-state average income-Obama vote slopes (G12 is negative).  Controlling 

for other model inputs, counties with larger minority populations were more likely to 

support Obama (G20 is negative); this relationship had a similar size in the South and state 

average income had little association with the percentage white-Obama vote slope (G21 

and G22 are not statistically significant).  Controlling for other model inputs, higher 

county wage inequality was associated with higher support for Obama (G30 is positive). 

Region and state average income have little association with the strength of this 

relationship (G31 and G32 are not statistically significant).   

  



 102 
 

Table 5.3 Results for County Multilevel Model; Wage Inequality and Obama Vote 

Fixed Effect Coefficient Standard 

Error 

T-ratio Approx 

d.f. 

P-value 

For Cty-level Intercept, B0           

  State-level Intercept, G00 0.5692 0.0175 32.588 47 0.000 

  South, G01 -0.1086 0.0321 -3.379 47 0.002 

  StateAvIncome, G02 0.0048 0.0021 2.338 47 0.024 

For CtyAvIncome slope, B1           

  State-level Intercept, G10 0.0013 0.0011 1.195 47 0.239 

  South, G11 0.0028 0.0020 1.386 47 0.172 

  StateAvIncome, G12 -0.0003 0.0001 -2.754 47 0.009 

For Cty-Pct. white slope, B2           

  State-level Intercept, G20 -0.6381 0.0590 -10.814 47 0.000 

  South, G21 -0.1139 0.0767 -1.484 47 0.144 

  StateAvIncome, G22 -0.0100 0.0066 -1.507 47 0.138 

For Cty-WageInequality slope, 

B3 

          

  State-level Intercept, G30 0.4007 0.1343 2.984 47 0.005 

  South, G31 -0.2892 0.2491 -1.161 47 0.252 

  StateAvIncome, G32 0.0184 0.0162 1.138 47 0.261 

 
Appendix 5.1 reports results of Model 5.4 for other year-inequality type 

combinations.  In both 2000 and 2008, there is no significant association between 

earnings inequality and Democratic voting, while counties with higher wage or income 

inequality tend support the Democratic candidate at higher levels.  Unexplained variance 

remains among all of the state-specific slopes and intercepts.   

Candidate Preference Among Individual Voters 

The multilevel model of counties in states stands as prelude to analysis of 

individual voters placed in their state context.  A number of individual characteristics 

associate with voter preference, including income.  As discussed in Chapter 1, Gelman et 

al. attempt to resolve the paradox of income and voter choice, finding that different 

relationships occur among individuals (where more income correlates with greater 
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propensity to support Republican presidential candidates) and among states (where high 

average incomes correlate with greater support for Democrats) in recent elections. 

Mississippi has a particularly steep income-Republican voting slope; Connecticut has a 

shallow income-Republican voting slope.  Left unresolved is why Mississippians are so 

much more likely to vote for their economic interests than voters in Connecticut. 

Galbraith and Hale (2008) suggest that spatial polarization may contribute to state 

differences in voting patterns.  Mississippi and Connecticut both have high between-

household income inequality, but in Connecticut more of the inequality comes as a 

consequence of economic segregation across counties or neighborhoods.  Where the rich 

and poor live in distinct communities, it might be easier to maintain the type of coalition 

of divergent interests that make up Democratic voters. Galbraith and Hale (2008) find 

income polarization measures correspond well with the state income-Republican voting 

slopes of Gelman et al. (2007).  Here, I explicitly model state-level between-county 

income polarization as a predictor of voter preference. 

Over the last three election cycles, the Annenberg School for Communication and 

the Annenberg Public Policy Center conducted National Annenberg Election Studies 

(NAES).  For the 2000 election, the national rolling cross sectional study includes 

interviews with 58,373 subjects between December 1999 and January 2001.  The 2000 

NAES includes respondents from the lower 48 states and the District of Columbia, in 

rough proportion to state population, ranging from 117 responses from Washington D.C. 

to 5784 from California.  (Annenberg Public Policy Center, 2008) 

In the multilevel models described below, the outcome measure is support for 

Bush among likely voters, citizens who voted for Bush in the November 2000 election or 

intended to vote and preferred Bush over Gore at the time of the survey.  I exclude from 

the analysis persons who supported other candidates or were not citizens.  As the 

outcome variable takes on values of 0 or 1, all models discussed below include a logistic 

link function.   
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An initial model with no individual or state predictors confirms that significant 

variation occurs among state intercepts.  Following Gelman et al. (2007) and including an 

income variable scaled from -2 to 2 indicates that higher income voters are more likely to 

support Bush and that significant variation also occurs among the state income-Bush-

support slopes.  Introducing between county polarization as a predictor of state-level 

intercepts and slopes produces the predicted response.  States with high levels of 

polarization have lower levels of Bush support (the polarization coefficient for the 

intercept is negative and statistically significant) and shallower income-Bush-support 

slopes (the polarization coefficient for the slope is negative and statistically significant).  

Replacing polarization with household income inequality per se produces coefficients of 

the same sign, negative for state intercepts and positive for income-Bush-support slopes, 

but the income inequality coefficients fail to surpass conventional levels of statistical 

significance (p-values > .1).  Replacing income polarization or inequality with average 

state income reproduces the Gelman et al. finding, lower intercepts and flatter income-

Bush-support slopes in states with higher incomes.  In each of these specifications, 

variation across states remains.   

An alternative to considering individual income as a continuous variable – which 

is itself an abstraction, as respondents report income within bands which are then 

transformed to a five-point scale – is to include separate indicator variables for certain 

income categories.  Given that income is self-reported, reporting error could also occur.  

Including a pair of dummy variables, for incomes less than $25,000 and greater than 

$100,000, divides the population into distinct categories, low-income voters, high-income 

voters, and everyone else.  An advantage of such a construction is that state-level 

variables can associate with the extreme income groups in different ways.   

Model 5.5 predicts Bush support with an intercept and indicator variables for 

high- and low-income individuals.  The intercepts and income-slopes are allowed to vary 

by state, and income polarization predicts these state-level parameters. A preliminary 
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model without any state-level predictors indicates that there is significant variance in all 

three of the state-level intercepts and slopes.   

 

Model 5.5 Multilevel Model of Bush Preference Among Likely Voters for the 2000 

Presidential Election  

Individual-Level Model 

Bush Support (log odds)is = B0S + B1s* LowIncia + B2s* HiInc is + ri 

State-Level Model 

B0s  = G00 + G01* Polarizations + u0s 

B1s  = G10 + G11* Polarizations + u1s 

B2s  = G20 + G21* Polarizations + u2s 

i indexes individuals; s indexes states 

 

The Model 5.5 results, shown in Table 5.4, replicate the findings from above.  

States with high levels of polarization have lower levels of Bush support (G01 is 

negative), controlling for individual income.  Low-income voters are less likely to 

support Bush and high-income voters are more likely to support Bush (G11 is negative 

and G21 is positive), but polarization mitigates this response (G12 is positive and G22 is 

negative).  On the whole, economic polarization works against Bush in Model 5.5.  For 

low-income voters, the negative coefficient on the state-level intercept (-2.22) has greater 

magnitude than the positive coefficient on the low-income-Bush-support slope (1.32).  

For high-income voters, both coefficients point to lower Bush support.  After including 

state-level county income polarization, significant variance remains in state-level 

intercepts and low-income-Bush-support slopes but not for high-income-Bush-support 

slopes.  Fixing all the state-level variances, which is equivalent to appending state 

measures of polarization to individual records and pooling them in a single analysis, 

preserves all of the above findings – all of the coefficients are similar in size and with the 

same level of statistical significance.   
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Table 5.4 Final Estimation of Fixed Effects for Model 5.5 

(Population-average Model with Robust Standard Errors) 

Fixed Effect Coefficient Standard 

Error 

T-ratio Deg. 

Free. 

P-value 

For State-level Intercept, B0      

  State-level Intercept, G00 0.193 0.041 4.671 47 0.000 

  StateIncomePolarization, G01 -0.152 0.025 -6.168 47 0.000 

For LowIncome slope, B1      

  State-level Intercept, G10 -0.471 0.039 -12.173 47 0.000 

  StateIncomePolarization, G11 0.062 0.024 2.651 47 0.011 

For HighIncome slope, B2      

  State-level Intercept, G20 0.278 0.036 7.668 47 0.000 

  StateIncomePolarization G21 -0.103 0.025 -4.056 47 0.000 

 

Appendix 5.2 reports on an expanded version of Model 5.5 including additional 

individual characteristics.  Accounting for other model inputs, older voters are more 

likely to support Gore; men are more likely to support Bush; persons of color (Black 

and/or Hispanic) are more likely to support Gore; voters in urban areas are more likely to 

support Gore; persons who have not completed high school and persons who hold 

graduate or professional degrees are more likely to support Gore than persons with 

terminal high school or undergraduate degrees; married couples and persons who have 

lived at the same address for five or more years are more likely to support Bush; 

individuals that self-identify as "born again" are more likely to support Bush; people in 

union households are more likely to support Gore; persons in military households are 

more likely to support Bush.  After including the additional individual characteristics, 

there remains a negative association between income polarization and state Bush-support 

intercepts.  Polarization continues to have a positive association with Bush support 

among low-income voters and a negative association with Bush support among high-

income voters.   
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Considering average income and income polarization simultaneously as state-

level predictors confounds the association between each of the contextual variables and 

Bush support.  Average state income and county income polarization are highly 

correlated (correlation coefficient of .81).  As such, their associations with candidate 

preference are difficult to tease apart within a single model.  After adding average 

household income, income polarization no longer has a statistically significant negative 

association with state-level intercepts or a significant positive association with low-

income-Bush-support slopes; the negative association between high segregation and 

high-income-Bush-support slopes remains after adding state-level income.  Controlling 

for polarization, average income does not significantly associate with state-level 

intercepts or income-category slopes.   

Replacing the outcome variable with ideology – identifies as conservative – yields 

similar results.  States with high levels of income polarization have lower levels of 

conservative identification, with the highest income voters less likely to identify as 

conservative and lower income voters more likely to identify as conservative.   

A measure of polarization or income segregation might also be salient at the 

county level.  Returning to Model 5.4, the multilevel model for county election results 

with counties nested in states, a model with within-county between-Census tract income 

segregation as the county-level inequality variable shows that county tract segregation 

has a strong positive association with the county-level Gore vote.  (Appendix 5.1 contains 

the model results.) This ecological relationship does not suggest a commensurate 

relationship for individual voters, but considering a multilevel model nesting individuals 

in counties would be a natural extension when data become available.  County identifiers 

would also enable a three-level analysis nesting individuals in counties in states.   

Discussion 

The results presented in this chapter introduce several themes.  First, different 

inequalities cut in different directions.  Inequalities across wage sectors and across 

earnings industries have opposite associations with voting outcomes in counties.  Chapter 
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4 indicated that the two sometimes move against each other, the surprise comes in that 

both types of inequality can reach levels of statistical significance in opposite directions 

posing the possibility that they serve as proxies on a common scale of some lurking 

variable.   

The level of analysis matters.  Income inequality has a strong positive association 

with Democratic voting in 2000 across states.  The effect remains statistically significant 

but decreases in magnitude for counties nested in states.  Once individuals are the 

primary unit of analysis, the effect is contingent on the presence or absence of other 

variables – particularly average income.  There remains a possibility that ecological 

associations between inequality and voting behavior are the results of composition effects 

rather than causal effects operating on individuals.  

The multilevel modeling approach has clear advantages over models operating 

only at individual or aggregate levels.  The results reported here are modest, but point 

towards a possible association among economic segregation or polarization, rather than 

economic inequality, and voter behavior.  Different forces seem to be at work among the 

highest income voters, an important subset of voters with money to invest in the political 

system.   

Gelman et al. (2007, 2008) find that in states with high average incomes, high-

income voters are less likely to identify with Republican presidential candidates.  They 

give cursory consideration to inequality as an explanation of the red state – blue state 

phenomenon, but dismiss the link between inequality and voting: "It is in the rich states, 

but not consistently the unequal states, that Democrats are doing best" (Gelman et al. 

2008, 62).  In fact, the rich states are the polarized states, the places where the relatively 

rich and poor are more likely to segregate.  This spatial separation may enable the diverse 

coalition extant within the Democratic Party to hang together more easily.   

As Frum (2008A) predicts, various inequalities do correspond with Democratic 

voting at ecological levels.  As a political point, whether this relationship is causal may 

not even matter.  Pundits from both sides of the political spectrum mischaracterized the 
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income-voting relationship based on ecological analysis, but the rhetorical power of the 

misanalysis remains.  The attack on "elites" integral to the Tea Party movement's 

attempts to transform the Republican Party seems to grow from a belief that Democrats 

support the interests of the powerful.  In deference to their preferred story, they ignore the 

fact that, on a national scale, economic elites are overwhelmingly Republican.  Likewise, 

an ecological association between inequality and Democratic voting has potential 

rhetorical consequences.  If Democrats are more successful in areas with high inequality, 

observers may conflate this with a Democratic preference for redistribution.   

A natural extension of this research is to look beyond presidential elections 

towards gubernatorial campaigns.  As Leal notes, "New programs or policy innovations 

are increasingly likely to come from state capitals instead of Washington, D.C" (2006:5).  

Gubernatorial elections are also executive elections, and there are a lot more of them.
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Chapter 6. Economic Inequality and Turnout in Recent American 

Presidential Elections 

In the 2008 presidential election, 131 million Americans cast ballots; at least 80 

million eligible voters did not participate.  Press accounts described the turnout rate of 

less than two-thirds as "encouraging news for those who have warned about voter 

apathy" as "turnout increased for the third straight presidential election" (CBS News, 

2008).  

The recent rise in voting stands in contrast to Rosenstone and Hansen's 1993 

lament that low participation was "the most important, most familiar, most analyzed, and 

most conjectured trend in recent American political history" (57).  Likewise, Freeman 

expresses concern that voter turnout in presidential elections decreased from an average 

of 61.9% in the 1960-1968 period to an average of 51.8% from 1992 to 2000 "despite 

diverse policy and regulatory changes that have made it easier for citizens to vote" 

(Freeman, 2004:705-706).  McDonald and Popkin take another view of participation 

rates, arguing that researchers misrepresent a rise in voting-ineligible residents as reduced 

turnout (2001).  Studies that define turnout as the ratio of votes to voting age population 

include non-citizens and felons that are not eligible to vote in the denominator.  When 

only considering eligible voters, McDonald finds that turnout declined substantially from 

1960 to 1972 but that turnout in the 1990's was on par with the levels in the 1970's and 

1980's.  Turnout among eligible voters in 2004 and 2008 was as high as any point since 

1968. (McDonald, 2010)   

The same trends that contribute to a pulling apart of the voting age and voting 

eligible populations, immigration and high incarceration rates, may contribute to higher 

economic inequality.  My focus here is whether local inequalities relate to higher or 

lower turnout among states, counties, and individuals. 

Garand and Nguyen (2008) present two scenarios by which inequality could 

contribute to lower turnout.  In the first, inequality depresses turnout only among groups 

at the bottom of the economic spectrum "by creating a sense of higher political alienation, 
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lower political trust, and a lower sense of political empowerment among these groups" 

(Garand and Nguyen, 2008:4).  Alternatively, inequality may produce a "general political 

malaise" characterized as "a global increase in political alienation and distrust…[that] 

may translate into a general decline in turnout that affects all economic classes" (Garand 

and Nguyen, 2008:5).   

Class bias in turnout is a related but separate concern.  Income bias in voter 

turnout occurs when the income distribution of voters differs from the income 

distribution of the underlying population.  As persons with higher incomes are more 

likely to vote, the bias generally skews in this direction (Leighley and Nagler, 1992).  If 

low and high-income voters prefer different candidates or take different positions, income 

bias in voting could affect policy.  For instance, states where lower-income voters vote in 

relatively higher proportions may be less likely to restrict welfare eligibility (Avery and 

Peffley, 2005).   

In the remainder of this chapter, I examine ecological relationships between 

inequality and aggregate turnout, trends in the income bias in turnout over the last several 

presidential elections, and individual self-reported turnout. 

Data and Methods 

For ecological analyses of inequality and voter turnout, I use the state and county 

inequality measures documented previously and McDonald's estimates of voter eligible 

turnout in each state (2010).  At the county level, I use vote counts from Leip (2010) and 

Census Bureau data on the voting age and voting age citizen populations (2004).   

Individual data on voting come from the November supplement to the Current 

Population Survey (CPS).  The CPS is a joint venture of the U.S. Bureau of Labor 

Statistics and the U.S. Census Bureau.  The survey grew out of efforts to measure 

unemployment during the Great Depression and has evolved into one of the most 

important sources of American labor force statistics.  The CPS sample contains as many 

as 60,000 households in a given month, with coverage of every state.  In addition to the 

core labor questions, the CPS includes various supplements including, in even numbered 
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years, questions on voting and registration, with responses cross-linked to the regular 

CPS demographic and earning data.  (U.S. Bureau of Labor Statistics and U.S. Census 

Bureau, 2006) 

The biennial voting supplement began in 1964 with historical roots in 

understanding regional variation in low turnout among African-Americans (Jennings, 

1990A).  Data from 1994 forward are publicly available via the Census Bureau's 

DataFerrett interface (U.S. Census Bureau, 2010).  The CPS voting records include self-

reports of voter registration and turnout, tenure at current address, method and timing of 

voting, and reasons for failing to register or vote.  These data link to the standard CPS 

data including demographic characteristics such as age, gender, ethnicity, education, and 

family income.   

Historically, the CPS data has suffered from overreporting of voting (Jennings, 

1990B; Freeman, 2004).  From 1984 to 1996 voting rates from the CPS extrapolated to 

more than 8 million additional votes than were actually recorded in each presidential 

election.  In 2000, a trend of less overreporting began, and by 2008 reported voting and 

actual voting were closely aligned.  Potential inconsistencies in overreporting across 

income classes or other reporting errors reduce the precision of the analysis.  For 

instance, if high-income voters are more likely to overreport voting than low-income 

voters, income bias in voting will be artificially high.  If states vary in overreporting, 

comparisons will be inaccurate.  Despite these concerns, each CPS voter supplement 

contains hundreds of data points for each state, making this survey the largest, most 

consistent of its kind.   

Ecological Analysis: State Inequality and Voter Turnout 

States differ substantially in their turnout rates.  In both 2000 and 2008, Hawaii 

had the lowest voting eligible population turnout, 44.2% and 50.5%, respectively, while 

Minnesota led the country in each year with turnout rates of 69.6% and 78.2%.  Figure 

6.1 plots voter eligible turnout against state household income inequality in 2000 and 

2008.  A negative association exists in both years.  The purely cross-sectional 
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relationship was stronger in 2000, while the population weighted relationship was 

stronger in 2008.     

Figure 6.1 State Household Income Inequality vs. Turnout in 2000 and 2008 
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Model 6.1 predicts state-level voter eligible turnout with state average income, 

inequality, and the margin of victory in the presidential race.  Entering the analysis, I 

predict that high inequality and margin of victory will associate with lower turnout while 

high average income will correlate with greater turnout. 

 

Model 6.1 

VoterTurnouts = B0 + B1*AverageIncomes + B2*Inequalitys + B3*Margins + Errors 

 

As in the previous chapter, I apply versions of Model 6.1 to each election from 

1980 to 2008 with different inequality metrics: household income inequality measured by 

the Census Bureau, county polarization, between-industry earnings inequality, and 

between-sector wage inequality. Figure 6.2 displays coefficient estimates and standard 

error bands for the four different state measures. Controlling for state income and victory 

margin, household income inequality and county polarization consistently correlate with 

lower levels of turnout among eligible voters.  In the 2008 election there was a negative 

association between wage inequality and turnout and earnings inequality and turnout; 

previously these associations were positive or near zero.   

High per capita income correlates with higher turnout, although in some years this 

relationship is not very strong.  For the last three elections, states where the presidential 

race was tighter had greater voter participation.  In 1992 and 1996, states that were less 

competitive between the two major parties had greater turnout, but these elections were 

unique in that a third-party candidate (Ross Perot) competed strongly in many states.   
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Figure 6.2 Coefficient Estimates for 4 Inequality Measures in State-Level Turnout Model 1980 - 2008 
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Income Bias in Turnout at the State and National Levels 

In the November 2000 CPS sample, 62% of voting-age citizens reported voting in 

the presidential election.  Citizens with family incomes in the bottom fifth of the sample 

reported voting at a rate of 46%, while 74% of eligible citizens with family incomes in 

the top fifth of the sample reported casting ballots.  In the November 2008 survey, total 

reported voting climbed to 68%, ranging from 54% of low-income respondents to 79% of 

high-income respondents.  Based on the ratio of voting propensities of high-income 

voters to low-income voters, income bias in voting declined from 2000 to 2008 at the 

national level, from 1.60 to 1.47.  Such a reduction reflects an important shift in the 

electorate.  When the distribution of incomes among voters is closer to the distribution of 

incomes in the population, the electorate is more representative of the governed.  The 

more the electorate tilts towards the upper class, the less incentive elected officials have 

to focus on the concerns of low-income citizens (Devroye, 2001).  In this section, I 

examine trends in the income bias in turnout over the last several elections nationally and 

across states, after first discussing measurement approaches. 

Measuring Income Bias in Voter Turnout 

A "class bias in voting" occurs whenever the class-distribution of the electorate 

differs from the class-distribution of the pool of eligible voters, or, arguably, the 

population.  Avery and Peffley (2005) define class bias in turnout generally as "the 

turnout of the lower class relative to that of the upper class" (48).  Leighley and Nagler 

(2006) define class bias as "the overrepresentation of the wealthy in the electorate relative 

to their representation in the population" (2).  "Class" could refer to education, 

occupational status, or other attributes, but in developing metrics of class bias, most 

researchers concentrate on income (Devroye, 2001; Klarner, 2005; Holbrook and 

Heidbreder, 2008).   

Measures of income biased voting based on the CPS rely on self-reported incomes 

within ranges linked to self-reported registration and turnout reports.  For instance, in 

2000, respondents placed themselves within 14 family income categories ranging from 
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less than $5,000 to more than $75,000.  The categories change over time, with the most 

recent update occurring in 2004 when the top income range was replaced with three new 

categories ($75,000 - $100,000; $100,000 - $150,000; $150,000 and up).   

Most measures of income bias are ratios of voting rates from voters in certain 

income categories to others, sometimes adjusted for the relative population sizes.  Hill 

and Leighley's (1992) treatment is typical: 

The measure of class bias… reflects the relative turnout of upper- and lower-
income citizens, controlling for their respective proportions in the potential 
electorate.  Specifically, it is a measure of the representation of the wealthy in the 
electorate (those from families with incomes of $50,000 or more) relative to the 
representation of the poor (those from families with annual incomes of $12,500 or 
less)…class bias is obtained by dividing the representation of the wealthy by the 
representation of the poor (354). 

Above, I describe income bias in turnout for the nation in 2000 and 2008 in terms 

of the number of votes from eligible voters in the top income quintile divided by the 

number of votes from eligible voters in the bottom income quintile.  Following Rigby and 

Springer (forthcoming) I code non-responses and refusals as non-voters but exclude non-

citizens from the example.  For the bottom quintile, I begin with the lowest income 

category and simply move up the income scale until exactly 20% of the sample is 

accounted for.  In practice, this often involves adding a portion of one income category to 

the categories below.  I determine the top quintile in an analogous manner.  This measure 

of the income bias in voting compares the two extremes of the relative income scale 

while ignoring data from the three middle quintiles.   

A comparison between voting propensities of the highest income voters and the 

lowest income voters is the most commonly used measure of class bias in turnout 

(Leighley and Nagler, 1992; Hill and Leighley, 1992; Shields and Goidel, 1997; Avery 

and Peffley, 2005; Rigby and Springer, forthcoming).  To determine whether the bias 

metric is critical to the analysis, I also calculate two additional measures of income bias: 

a pseudo-Gini coefficient and top-half/bottom-half bias.   
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Chapter 2 identifies the Gini coefficient as the most popular measure of income 

inequality.  Geometrically, the Gini coefficient is twice the area between the Lorenz 

curve – which plots cumulative population versus cumulative income – and the 

counterfactual equality diagonal. Applying the same logic, one could calculate the Gini 

coefficient of housing square footage, pets, televisions, or any other quantity – simply 

arrange the primary units in terms of who has the least resources to who has the most and 

compare the resulting Lorenz curve to equality. 

Leighley and Nagler (1992) calculate Gini coefficients of turnout in U.S. 

presidential elections from 1964 to 1988.  They construct Lorenz curves by first sorting 

the groups by income category, and then plotting the fraction of cumulative eligible 

voters against the fraction of cumulative votes.  The benefit of this approach is that a Gini 

coefficient uses information on all of the voters, not just those in the extreme income 

categories without having to impute incomes, which is especially difficult for the top, 

unbounded income category.  The challenge is that the Lorenz curve requires convexity 

(Gastwirth and Glauberman, 1976).  To construct a true Lorenz curve, each ascending 

income category must have a voting propensity higher than all of the categories that came 

before.  For example, voters reporting incomes between $5,000 and $7,500 must have a 

higher reported voting rate than voters reporting incomes less than $5,000, voters 

reporting incomes between $7,500 and $10,000 must have higher reported voting rates 

than the two previous categories, and so on.   

As Figure 6.3 shows for the U.S., this requirement is met in 2000 but not in 2008.  

For states, where sample sizes are smaller, many other inconsistencies occur.  Leighley 

and Nagler (1992) do not address whether they encountered any cases of non-convexity 

in the years they examined.   
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Figure 6.3 U.S. Reported Voting Propensity by Income Category in 2000 and 2008 
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Below I compare "pseudo-Gini" coefficients – values calculated in the manner of 

Gini coefficients without requiring convexity – to other bias measures.  Despite the 

theoretical concerns, in practice, the pseudo-Gini correlates quite closely with top-

quintile-bottom-quintile or above-median-below-median bias.      

A third bias measure is top-half-to-bottom-half bias, a comparison of the number 

of votes cast by voters above the median income to the number of votes cast by voters 

below the median income.  As with the pseudo-Gini, top-half-bottom-half bias uses all 

the available data and does not require imputing incomes.  A disadvantage of a 

comparison of voters above and below the median is that it ignores differences in voting 

patterns within the two halves.   For instance, this measure will not detect large 

disparities in voting propensities for incomes slightly above the median and at the very 

upper end of the income scale.   

U.S. Income Bias in Voter Turnout 1972 - 2008 

Leighley and Nagler (1992) claim that there was "remarkable stability in the 

"relative turnout rates of different demographic groups from 1964 through 1988" (725).  

Freeman (2004) re-analyzes their results, concluding that "inequality in voting among 

social groups has increased" (724).  Upon reconsideration, Leighley and Nagler (2006) 

amend their finding to contend that "up through 1988, the voters 'essentially remain the 

same,' while analyses of post-1988 elections suggest…that class bias has increased 

substantially" (17).   

Leighley and Nagler's findings are predicated on their inclusion of non-citizens in 

their voting propensity calculations.  Much as McDonald and Popkin (2001) find that 

turnout rates are higher when excluding ineligible voters, I find that income bias in 

turnout is less stark when restricting consideration to voting-age citizens.  Figure 6.4 

reports three measures of income bias in voter turnout for U.S. presidential elections from 

1972 to 2008.    
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Figure 6.4 Three Measures of Income Bias in U.S. Voter Turnout in Presidential 

Elections 1972 - 2008 
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the underlying population of eligible voters.  I find no evidence that the rising economic 

inequality from the early 1970's forward coincided with a distinctly increased degree of 

income-biased voting.  In fact, it appears that some combination of candidates' 

mobilization efforts and liberalized voting rules (early voting, mail voting, election day 

registration, and the like) have produced both higher and more egalitarian turnout in the 

two most recent national elections.  If these trends continue, perhaps the U.S. will 

improve its dismal standing in the international rankings of voter turnout (Freeman, 

2004).   

State Income Bias in Voter Turnout 1972 - 2008 

The modest reduction in income-biased voting from 1996 to 2008 is also visible 

within states.   Figure 6.5 shows the spread in the top-quintile-bottom-quintile income 

bias in voting for states from 1996 to 2008.  Average within-state income bias in turnout 

declined in each of the last three elections.  In each election, there was significant 

variance in income bias across states.  In 2008, income bias in reported turnout ranged 

from 1.05 in Mississippi to 2.05 in West Virginia.   
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Figure 6.5 State Income Bias in Turnout 1996 - 2008 
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voter eligible turnout ranged from -.40 in 2004 to -.56 in 2004; cross-sectional correlation 

coefficients between income bias in turnout and the two-party proportion of the 

Democratic vote ranged from -.39 in 2000 to -.45 in 2004.  While these relationships 

largely follow prior assumptions, there is a great deal of election-to-election shifting in 

relative income bias in voting across states.  Certainly there are cycle-to-cycle factors that 

affect both aggregate voter turnout and bias, but the lack of stability in the state bias 

rankings also likely reflects sampling variation across measurements.   

Ecological Analysis: County Inequality and Voter Turnout 

In 2008 voting rates at the county level ranged from less than 40% in Cameron 

County, Texas to greater than 80% in Washington County, Minnesota.  Figure 6.6 plots 

family or household income inequality at the county level against voting age citizen 

turnout in 2000 and 2008.   

For the pooled county data in 2000, there is negative correlation between county 

income inequality and voter turnout.  In 2008, this relationship is flatter.  Model 6.2 

describes cross-sectional regressions that include inequality (in wages, earnings, or 

incomes), the percentage of residents who are white, and average income as predictors of 

voter turnout for U.S. counties.  

 

Model 6.2 

VoterTurnoutC = B0 + B1*AverageIncomeC + B2*PctWhiteC  + B3*InequalityC + ErrorC 

 

Table 6.1 reports results for Model 6.2 in 2000 and 2008. 
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Figure 6.6 County Family Income Inequality vs. Turnout in 2000 and  

County Household Income Inequality vs. Turnout 2008 
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Table 6.1 County Turnout Results  

Outcome: Turnout 2000     

 Coeff. Std. Error T-ratio P-value 

B0 - Intercept 0.5453 0.0021 259.53 < .001 

B1 - Average Income 0.0042 0.0002 26.45 < .001 

B2 - Pct. White 0.1863 0.0076 24.60 < .001 

B3 - Wage Inequality -0.0337 0.0321 -1.05 0.294 

     
B0 - Intercept 0.5436 0.0014 387.73 < .001 

B1 - Average Income 0.0041 0.0001 33.59 < .001 

B2 - Pct. White 0.1866 0.0077 24.19 < .001 

B3 - Earnings Inequality 0.0057 0.0244 0.23 0.816 

     
B0 - Intercept 0.5526 0.0011 480.67 < .001 

B1 - Average Income 0.0044 0.0001 38.28 < .001 

B2 - Pct. White 0.0879 0.0089 9.84 < .001 

B3 - Income Inequality -0.6501 0.0329 -19.76 < .001 

  

Outcome: Turnout 2008     

 Coeff. Std. Error T-ratio P-value 

B0 - Intercept 0.6162 0.0022 273.96 < .001 

B1 - Average Income 0.0037 0.0002 21.59 < .001 

B2 - Pct. White 0.0657 0.0091 7.20 < .001 

B3 - Wage Inequality -0.0123 0.0443 -0.28 0.781 

     
B0 - Intercept 0.6171 0.0013 475.84 < .001 

B1 - Average Income 0.0039 0.0001 28.68 < .001 

B2 - Pct. White 0.0631 0.0091 6.97 < .001 

B3 - Earnings Inequality -0.2097 0.0346 -6.06 < .001 

     
B0 - Intercept 0.6242 0.0018 341.94 < .001 

B1 - Average Income 0.0044 0.0002 24.68 < .001 

B2 - Pct. White 0.0166 0.0127 1.31 0.189 

B3 - Income Inequality -0.5567 0.0527 -10.56 < .001 

 

High county average incomes are consistently associated with greater voter 

turnout, controlling for inequality and the percentage of non-minority population.  Higher 

percentages of white residents associate with greater voter turnout, controlling for 

average income and inequality, but this relationship was much weaker in 2008 than in 
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2000 and fails to surpass conventional standards of statistical significance in 2008 when 

paired with household income inequality.  Family or household income inequality 

correlates with lower turnout in both years, as does earnings inequality in 2008, 

controlling for county average income and percent white.  County wage inequality 

appears to have no significant relationship with turnout after controlling for the other 

factors.    

Turnout Among Individual Voters 

In this section, I shift the focus to individual citizens, concentrating on multilevel 

models of self-reported turnout that nest voters within their state contexts.  The goals are 

to examine whether inequality has a negative association with turnout generally and 

whether inequality has different associations with high- and low-income voters, the 

hypotheses suggested by Garand and Ngyuen (2008).   

Bass and Casper (2001) and Crissey and File (2008) use the CPS voting 

supplement to examine demographic factors related to self-reported voter turnout, with a 

specific focus on the differences among native and naturalized citizens.  Table 6.2 reports 

results from a modified version of their pooled logistic models of self-reported turnout in 

2000 and replicates the model for 2008.  I use CPS-provided individual weights and 

restrict the analysis to voters who responded to the voting question.22  

In both years, controlling for other model inputs, women report higher voting 

rates than men; older Americans are more likely to report voting than younger 

Americans; citizens with graduate degrees report voting in greater numbers, as do those 

who are married, military veterans, persons who own their own home, individuals who 

have lived at the same address for more than five years, and persons with higher incomes 

are more likely to report voting; naturalized citizens are less likely to report voting than 

native citizens; black citizens report voting at higher rates than white citizens; and 

                                                 
22 This approach is consistent with Leighley and Nagler (1992), Bass and Casper (2002), and Crissey and 
File (2008).  An alternative option is to treat non-responders as non-voters, which is McDonald's approach 
(2008). 
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Hispanic citizens and citizens of other ethnicities report voting at lower rates than non-

Hispanic white citizens.   

The biggest differences between 2000 and 2008 are the weaker association 

between age and reported voting and stronger associations between gender and reported 

voting and ethnicity (black) and reported voting.23  Candidate Obama's inspiration of 

young voters and mobilization of African-Americans to participate were major themes in 

the 2008 campaign; this analysis supports these themes.   

Table 6.2 Odds Ratios from Pooled Logistic Models of Self-Reported Turnout*  

 2000 2008 

High-income 1.67 1.76 

Low-income 0.65 0.67 

   
Did not complete high school 0.31 0.29 

Masters degree or more 3.00 3.10 

   
Black, non-Hispanic 1.56 2.30 

Hispanic 0.82 0.85 

Other, non-Hispanic 0.57 0.65 

   
Naturalized citizen 0.76 0.68 

   
Female 1.20 1.36 

   
Married 1.54 1.43 

Home owner 1.31 1.28 

At current address more than 5 years 1.49 1.42 

   
Age (centered at 50) 1.03 1.02 

   
Military veteran 1.16 1.18 

 

*All regression coefficients have p-values < .01, with the exception of Hispanic ethnicity 

in 2008 whose p-value is > .10. 

 

                                                 
23 The difference in the odds ratios for the age variable seems minor, but this is the only variable that is not 
a dummy.   
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To understand the association between inequality and reported turnout, one 

modeling approach is to enter aggregate variables as individual characteristics, to simply 

append inequality, average income, or other contextual measures to personal records.  

McDonald (2008) takes this strategy and finds a significantly negative association 

between state-level income inequality and self-reported turnout in 2004.  Appending state 

victory margin, household income inequality, and average income to CPS records in 2000 

and including the other individual variables above, I find the association between income 

inequality and reported turnout to be negative but not reaching standard levels of 

statistical significance.  For the 2008 election, the association between income inequality 

and reported turnout in a pooled model is negative with a much larger magnitude than 

2000 (coefficient estimate -3.41 with a p-value = .087 in 2008 vs. coefficient estimate of -

2.02 in 2000).  An alternative approach is to develop multilevel models that take the 

underlying hierarchy in the data directly into account.   

An initial multilevel model of individual reported turnout for the 2000 election 

with no individual or state predictors confirms that significant variation occurs among 

state intercepts; states vary in average reported turnout.  Adding indicator variables for 

low income (less than $20,000) and high income (greater than $75,000), groups that 

represent 19.5% and 23.9% of voting eligible citizens who report income, respectively, 

show that low-income citizens are less likely to report voting and higher-income citizens 

are more likely to report voting than middle-income citizens.  This result supports the 

link between income and voting at the individual level and the income bias in reported 

turnout.  After adding income indicators, significant variation remains among the state 

intercepts and the state income-turnout slopes.   

Entering household income inequality, between-sector wage inequality, between-

industry earnings inequality, or average income as single second level covariates yields 

no coefficient estimate that approaches statistical significance.24 Measures of state-level 

                                                 
24 With regards to household income inequality, the outcome variable makes a difference.  Considering 
survey non-responses as non-voters, household income inequality has a negative association with state-
level intercepts.   
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inequality do not directly correlate with reported turnout intercepts and income-turnout 

slopes.  State-level income segregation proves more promising.   

Model 6.3 predicts self-reported voter turnout with an intercept and indicators for 

high- and low-income voting eligible citizens.  State-level average income, income 

segregation across Census tracts, and the presidential margin of victory predict the state-

level intercepts and income slopes which are allowed to vary. 

 

Model 6.3 

Individual-Level Model 

Self-reported Voter Turnout (log odds)is = B0s + B1s* LowIncis + B2s*HiIncis + ris 

State-Level Model 

  B0s  = G00 + G01*AverageIncomes + G02*TractSegregations + G03*VictoryMargins + u0s 

  B1s  = G10 + G11*AverageIncomes + G12*TractSegregations + G03*VictoryMargins + u1s 

  B2s  = G20 + G21*AverageIncomes + G22*TractSegregations + G03*VictoryMargins + u2s 

 

The Model 6.3 results indicate that the level of voting is higher in states with 

lower levels of economic segregation, controlling for individual and average income and 

the presidential victory margin; G02 is negative. Among the highest-income citizens, 

higher economic segregation at the state level associates with greater voter turnout, 

controlling for state average income; G52 is positive.  Average state income has a positive 

but not quite statistically significant association with state-level intercepts, G01 is 

positive, and a negative association with reported voting among high-income voters, G21 

is negative.  None of the coefficients for victory margin approach statistical significance.   
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Table 6.3 Results for Model 6.3; Final Estimation of Fixed Effects  

(Population-Average Model with Robust Standard Errors) 

Fixed Effect Coefficient Standard 

Error 

T-ratio Deg. 

Free. 

P-value 

For State-level Intercept, B0      

  State-level Intercept, G00 0.812 0.065 12.495 47 0.000 

  StateAvIncome, G01 0.121 0.075 1.606 47 0.115 

  StateIncomeSegregation, G02 -2.304 1.007 -2.287 47 0.027 

  VictoryMargin, G03 -0.478 0.632 -0.757 47 0.453 

For LowIncome slope, B1      

  State-level Intercept, G20 -0.731 0.048 -15.299 47 0.000 

  StateAvIncome, G21 -0.016 0.061 -0.264 47 0.911 

  StateIncomeSegregation, G22 0.115 0.696 0.166 47 0.788 

  VictoryMargin, G13 0.371 0.548 0.678 47 0.501 

For HighIncome slope, B2      

  State-level Intercept, G20 0.638 0.063 10.215 47 0.000 

  StateAvIncome, G21 -0.126 0.071 -1.772 47 0.082 

  StateIncomeSegregation G22 2.067 1.112 1.858 47 0.069 

  VictoryMargin, G23 0.174 0.631 0.276 47 0.784 

 

In the presence of additional individual attributes from the pooled model, income 

segregation is no longer associated with greater high-income-reported-turnout slopes in 

2000.  However, income segregation continues to have a negative association with state-

level-reported-turnout intercepts.25  Appendix 6.1 presents these results.   

Census tract average income data is only available decennially, so it is not 

possible to compute between tract income segregation for 2008.  Including the 2000 

values in Model 6.3 indicates that lagged segregation has a negative and marginally 

significant association with state self-reported turnout intercepts in 2008 (G02 = -1.677; p-

value = .10).  Victory margin has a strong negative association and state average income 

                                                 
25 Fixing the level-2 variances, that is returning to the McDonald pooled approach, also results in a negative 
association between income segregation and state-level intercepts, as well as a positive association between 
income segregation and high-income – voter turnout slopes.    
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has a strong positive association with state self-reported turnout intercepts in 2008.  

These results confirm prior expectations, unlike the results for 2000.  Lagged segregation 

does not correlate with high-income-reported-turnout slopes or state-level-reported-

turnout intercepts in the expanded model for 2008.  Curiously, there is a strongly positive 

association between lagged income segregation and low-income-reported-turnout slopes 

in 2008.  In the last election, lower income voters were more likely to turn out in state 

with higher degrees of lagged economic segregation, with a commensurate reduction in 

income biased voting. 

Discussion 

As was the case with inequality and presidential voting outcomes, this chapter 

reveals mixed evidence for a relationship between economic inequality and voter turnout.  

Aggregate voter turnout has been lower in states with higher levels of income inequality 

for the last several elections, but this relationship does not seem to have strengthened as 

inequality levels rose.  Pooled county results also show a link between income inequality 

and reduced aggregate turnout in both 2000 and 2008.  Multilevel models that nest voters 

in states do not indicate a strong relationship among inequality per se and individual 

behavior in 2000.  Limited evidence shows that income segregation may have more 

resonance.  Future research into whether an association occurs between county-level 

income segregation and individual turnout may help clarify the connection.   

The finding of reduced state-level income bias in turnout over the last four 

presidential elections stands in sharp contrast to evidence of rising class bias (Freeman, 

2004; Leighley and Nagler, 2006).  Whether lower bias in 2008 was the result of an 

historic presidential election or the harbinger of sustained interest by young or poor 

voters remains to be seen.  Participation in the November 2010 mid-term elections should 

provide new clues.   
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Ceteris paribus, higher participation levels reflect positively on civic engagement 

in a democratic society.  While low turnout may denote tacit approval of the status quo, 

diminished participation could also reflect frustration with politics and a sense of 

impotence in bringing about significant social change.  Efforts to promote turnout must 

overcome the perception that participation is a partisan concern.  "Democrats…like 

proposals that increase registration and turnout…Republicans tend to be suspicious, 

viewing the desire for higher turnout largely as a scheme to increase the Democratic 

vote" (Kaufmann, Petrocik, and Shaw, 2008:146).   

In fact, aggregate turnout and Democratic voting are unrelated at the national 

level, "There is no aggregate relationship between turnout and the size of the Democratic 

vote because there is usually no large difference between the preferences of voters and 

nonvoters" (Kaufmann, Petrocik, and Shaw, 2008:150).  The relationship between 

turnout and Democratic voting is also weak across states.  In 2000, the cross-sectional 

correlation between voter eligible turnout and Gore's share of the two-party vote was only 

.08.  As opposed to general turnout increases, targeted turnout efforts could have partisan 

effects.  Low-income voters are least likely to vote and more likely to vote Democratic, 

which may explain the Republican predilection to "pray for rain" (Gomez, Hansford, and 

Krause, 2007).   

A final observation presents another potential pathway between inequality and 

electoral participation.  States have broad discretion over election procedure and vary in 

their offering of early voting, the ease of absentee voting, same day registration and the 

like.  For the 2008 election, nine states offered election day registration: New Hampshire, 

Idaho, Iowa, Wisconsin, Wyoming, Maine, Minnesota, Montana, and North Carolina 

(Carbo and Eaton, 2010).  On average, these states had higher turnout than states with 

more restrictive registration policies.  Other than North Carolina, the rest of the same-day 

registration states are overwhelmingly white with below median income inequality, 

including four of the six most income egalitarian states.  States with low inequality might 

be more likely to have liberal voting regimes that promote turnout.  In homogenous 
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states, there might be less fear that a groundswell of turnout will swing elections, 

presumably in a populist direction.  As improved data on the flexibility of state voting 

systems becomes available (for instance Gerken's Democracy Index project) it will 

become easier to gauge whether states with greater inequality are more restrictive in their 

voting rules.   
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Chapter 7. Inequality in the New Century  

The ratio of chief executive officer compensation to average worker pay is a 

frequently cited inequality statistic in the popular press.  From 1965 to 2004, this figure 

rose dramatically, from 24:1 to 431:1 (Wallis, 2010).  For some, this is evidence enough 

that the American economy has become dangerously out of balance.  But provocative 

comparisons of specific individuals are not the only ways to conceive of inequality.  Any 

single measure of inequality in isolation will be an inadequate metric of social welfare. 

When occurring in concert with higher unemployment and lower working hours at the 

bottom of the pay scale, inequality reflects a major economic problem. But inequality in 

earnings and incomes can also rise in response to growing employment or innovation.  

Put simply, whether a short term movement in the level of inequality is "good" or "bad" 

depends on both the underlying causes of the change and the resulting consequences.   

As Chapters 5 and 6 demonstrate, the consequences of high or rising inequality 

are difficult to discern.  Controversy and inconclusive results characterize the broad 

inequality literature.  Inequality could help drive economic growth (Fallah and Partridge, 

2007).  Or, inequality could depress economic growth (Panizza, 2002).  Inequality could 

contribute to ill health (Wilkinson and Pickett, 2009).  Or, inequality could have no 

impact on health at all (Deaton, 2003).  Improved data quality may tighten results, but 

these questions are far from being resolved.   

Econometrics aside, many policymakers and public intellectuals believe that there 

is some limit to how much growth in economic inequality a society can absorb before 

major disruptions occur.  None other than Alan Greenspan stated that "You cannot have a 

market capitalist system if there is a significant mood in the population that its rewards 

are unjustly distributed" (2007).   

On a theoretical level, Federal Reserve Chairman Bernanke strikes a reasonable 

tone: 

Thus, these three principles seem to be broadly accepted in our society: that 
economic opportunity should be as widely distributed and as equal as possible; 
that economic outcomes need not be equal but should be linked to the 
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contributions each person makes to the economy; and that people should receive 
some insurance against the most adverse economic outcomes, especially those 
arising from events largely outside the person's control (2007). 

Debates continue to rage at the policy level.  Is affirmative action a reasonable means to 

ensure that "economic opportunity" is "as widely distributed and as equal as possible"?  

What form should "insurance against the most adverse economic outcomes" take?  On 

these questions and many others, reasonable people of good faith may disagree.   

In practice, there is no degree of inequality that fulfills all objectives 

simultaneously.  A level of inequality that maximizes innovation or entrepreneurial 

activity may be quite different than a degree of inequality that promotes community 

stability.   

Chapters 2 through 4 show that, given the right kind of data, it is possible to 

isolate the causes of inequality.  A few industries and regions can exact a great deal of 

leverage on broad inequality measures.  Periods of inequality growth tend to occur when 

some sectors experience sharp increases in earnings.  For example, rising economic 

inequality from 1994 to 2000 was largely a result of the information technology bubble. 

Measures to dampen the bubble as it was occurring would have been wise, but, on 

balance, the leap in technological innovation may well have been worth the increase in 

inequality.   As Robert Shapiro, former Under Secretary for Economic Affairs in the 

Department of Commerce, writes:  

The American bubble represented an excess of something that in itself has real 
value for the economy -- information technologies. The bubble began in 
overinvestment in IT and spread to much of the stock market; but at its core, 
much of the IT was economically sound and efficient. Further, these dynamics 
also played a role in the capital spending boom of the 1990s, and much of that 
capital spending translated into permanently higher productivity. The result is that 
the American bubble should not do lasting damage to the American economy 
(2002). 

Likewise, even as inequality increased during the 1990's, living standards rose, 

inflation remained low, and the economy achieved full employment.  Here again, popular 

conceptions of inequality can fail to capture reality.  The ratio of average-CEO-to-
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average-worker pay was 525 to 1 in 2000 before dropping to 281 to 1 in 2002 (Anderson, 

et al., 2005).  No underlying movement toward socialism caused this precipitous decline; 

it was merely the effect of the information technology bust on the earnings of people like 

Bill Gates.   

Inequality growth from 2003 to 2007 had a much different flavor.  The region 

around the national capitol thrived from vast growth in spending by the federal 

government.  Much of this spending reflected the growth of military and intelligence 

activities.  Growth in Southern California and other areas related to the construction 

boom, which led, in turn, to the financial crisis.  Sector data shows how much of workers' 

fortunes are attributable to luck.  Students who studied information technology in the 

early 1990’s were met with stellar job prospects upon graduation. Students completing 

similar degrees a decade later faced unemployment.  Not only did job growth in these 

sectors slow dramatically, many new jobs were out-sourced to low-wage centers 

overseas.  Likewise, the growth of the public sector under President Bush would have 

been difficult to predict, and the renewed emphasis on deficit reduction will likely quash 

a prolonged strengthening of the public sector.  Whereas the inequality growth of the 

1990's emerged from something of real value, information technology, the inequality 

growth of the 2000's stemmed, in part, from two intractable wars and a housing bubble 

that destroyed the fortunes of millions of middle-class Americans.  Because the top of the 

distribution drives the dispersion of American wages, earnings, and incomes, recession 

and economic stagnation may reduce some measures of inequality.  Such a trend to 

equity does not indicate that the well being of poor, or even average, Americans is 

improving.   

The accumulated evidence here shows that greater economic equality rarely 

occurs as the result of strong earnings growth among the poor.  As a candidate, President 

Obama remarked: "The project of the next president is figuring out how do you create 

bottom-up economic growth" (Leonhardt, 2008).  This is certainly a noble, if difficult, 

goal, and one that would de facto reduce inequality.  Perhaps an even more important 
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goal is to privilege "good" growth over "bad" growth, to encourage growth in activities 

that have inherent underlying merit rather than seeking to prop up the next economic 

bubble. 
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Appendix 2.1. SIC Industries (BEA Earnings Categories) 

Farming 

Agricultural services, forestry, fishing & other 

  Agricultural services 
  Forestry 
  Fishing 
  Other 
Mining 

  Metal mining 
  Coal mining 
  Oil and gas extraction 
  Nonmetallic minerals, except fuels 
Construction 
  General building contractors 
  Heavy construction contractors 
  Special trade contractors 
Manufacturing 

  Lumber and wood products 
  Furniture and fixtures 
  Stone, clay, and glass products 
  Primary metal industries 
  Fabricated metal products 
  Industrial machinery and equipment 
  Electronic and other electric equipment 
  Motor vehicles and equipment 
  Other transportation equipment 
  Instruments and related products 
  Miscellaneous manufacturing industries 
  Ordnance 
  Food and kindred products 
  Tobacco products 
  Textile mill products 
  Apparel and other textile products 
  Paper and allied products 
  Printing and publishing 
  Chemicals and allied products 
  Petroleum and coal products 
  Rubber and miscellaneous plastics products 
  Leather and leather products 
Transportation and public utilities 

  Railroad transportation 
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  Trucking and warehousing 
  Water transportation 
  Local and interurban passenger transit 
  Transportation by air 
  Pipelines, except natural gas 
  Transportation services 
  Communications 
  Electric, gas, and sanitary services 
Wholesale trade 

Retail trade 

  Building materials and garden equipment 
  General merchandise stores 
  Food stores 
  Automotive dealers and service stations 
  Apparel and accessory stores 
  Home furniture and furnishings stores 
  Eating and drinking places 
  Miscellaneous retail 
Finance, insurance, and real estate 

  Depository and nondepository institutions 
  Security and commodity brokers 
  Insurance carriers 
  Insurance agents, brokers, and services 
  Real estate 
  Combined real estate, insurance, etc.  
  Holding and other investment offices 
Services 

  Hotels and other lodging places 
  Personal services 
  Private households 
  Business services 
  Automotive repair, services, and parking 
  Miscellaneous repair services 
  Amusement and recreation services 
  Motion pictures 
  Health services 
  Legal services 
  Educational services 
  Social services 
  Museums, botanical, zoological gardens 
  Membership organizations 
  Engineering and management services  
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  Miscellaneous services 
Government and government enterprises 
  Federal, civilian 

  Military 

  State government 

  Local government 
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Appendix 2.2. NAICS Industries (BEA Earnings Categories) 

Farming 

Forestry, fishing, related activities, and other 

    Forestry and logging 
    Fishing, hunting, and trapping 
    Agriculture and forestry support activities 
    Other 
Mining 

    Oil and gas extraction 
    Mining (except oil and gas) 
    Support activities for mining 
Utilities 

Construction 
    Construction of buildings 
    Heavy and civil engineering construction 
    Specialty trade contractors 
Manufacturing 

    Wood product manufacturing 
    Nonmetallic mineral product manufacturing 
    Primary metal manufacturing 
    Fabricated metal product manufacturing 
    Machinery manufacturing 
    Computer and electronic product manufacturing 
    Electrical equipment and appliance manufacturing 
    Motor vehicles, bodies and trailers, and parts manufacturing 
    Other transportation equipment manufacturing 
    Furniture and related product manufacturing 
    Miscellaneous manufacturing 
    Food manufacturing 
    Beverage and tobacco product manufacturing 
    Textile mills 
    Textile product mills 
    Apparel manufacturing 
    Leather and allied product manufacturing 
    Paper manufacturing 
    Printing and related support activities 
    Petroleum and coal products manufacturing 
    Chemical manufacturing 
    Plastics and rubber products manufacturing 
Wholesale trade 

Retail trade 
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    Motor vehicle and parts dealers 
    Furniture and home furnishings stores 
    Electronics and appliance stores 
    Building material and garden supply stores 
    Food and beverage stores 
    Health and personal care stores 
    Gasoline stations 
    Clothing and clothing accessories stores 
    Sporting goods, hobby, book and music stores 
    General merchandise stores 
    Miscellaneous store retailers 
    Nonstore retailers 
Transportation and warehousing 

    Air transportation 
    Rail transportation 
    Water transportation 
    Truck transportation 
    Transit and ground passenger transportation 
    Pipeline transportation 
    Scenic and sightseeing transportation 
    Support activities for transportation 
    Couriers and messengers 
    Warehousing and storage 
Information 

    Publishing industries, except Internet 
    Motion picture and sound recording industries 
    Broadcasting, except Internet 
    Internet publishing and broadcasting 
    Telecommunications 
    ISPs, search portals, and data processing 
    Other information services 
Finance and insurance 

    Monetary authorities - central bank 
    Credit intermediation and related activities 
    Securities, commodity contracts, investments 
    Insurance carriers and related activities 
    Funds, trusts, and other financial vehicles 
Real estate and rental and leasing 

    Real estate 
    Rental and leasing services 
    Lessors of nonfinancial intangible assets 
Professional and technical services 
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Management of companies and enterprises 

Administrative and waste services 

    Administrative and support services 
    Waste management and remediation services 
Educational services 

Health care and social assistance 

    Ambulatory health care services 
    Hospitals 
    Nursing and residential care facilities 
    Social assistance 
Arts, entertainment, and recreation 

    Performing arts and spectator sports 
    Museums, historical sites, zoos, and parks 
    Amusement, gambling, and recreation 
Accommodation and food services 

    Accommodation 
    Food services and drinking places 
Other services, except public administration 

    Repair and maintenance 
    Personal and laundry services 
    Membership associations and organizations 
    Private households 
Government and government enterprises 
    Federal, civilian 

    Military 

    State government 

    Local government 
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Appendix 5.1. Additional Model 5.4 Results 

Outcome: Gore Share of the Two-Party Vote; Inequality: Wage Inequality 

Fixed Effect Coefficient 

Standard 

Error T-ratio 

Deg. 

Free. P-value 

For Cty-level Intercept, B0           

  State-level Intercept, G00 0.5332 0.0148 35.990 47 0.000 

  South, G01 -0.0726 0.0294 -2.466 47 0.018 

  StateAvIncome, G02 0.0096 0.0021 4.650 47 0.000 

For CtyAvIncome slope, B1           

  State-level Intercept, G10 -0.0008 0.0013 -0.628 47 0.533 

  South, G11 0.0025 0.0024 1.038 47 0.305 

  StateAvIncome, G12 -0.0001 0.0002 -0.555 47 0.581 

For Cty-Pct. white slope, B2           

  State-level Intercept, G20 -0.5979 0.0875 -6.830 47 0.000 

  South, G21 -0.0038 0.1077 -0.035 47 0.972 

  StateAvIncome, G22 -0.0103 0.0097 -1.058 47 0.296 

For Cty-WageInequality slope, B3           

  State-level Intercept, G30 0.3032 0.1124 2.697 47 0.010 

  South, G31 -0.3496 0.1960 -1.783 47 0.081 

  StateAvIncome, G32 -0.0037 0.0164 -0.227 47 0.821 
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Outcome: Gore Share of the Two-Party Vote; Inequality: Earnings Inequality 

Fixed Effect Coefficient 

Standard 

Error T-ratio 

Deg. 

Free. P-value 

For Cty-level Intercept, B0           

  State-level Intercept, G00 0.5346 0.0180 29.713 47 0.000 

  South, G01 -0.0881 0.0239 -3.691 47 0.001 

  StateAvIncome, G02 0.0096 0.0019 4.999 47 0.000 

For CtyAvIncome slope, B1           

  State-level Intercept, G10 0.0001 0.0011 0.119 47 0.906 

  South, G11 0.0014 0.0019 0.705 47 0.484 

  StateAvIncome, G12 -0.0001 0.0001 -0.563 47 0.576 

For Cty-Pct. white slope, B2           

  State-level Intercept, G20 -0.5978 0.0792 -7.553 47 0.000 

  South, G21 -0.0042 0.1036 -0.040 47 0.968 

  StateAvIncome, G22 -0.0089 0.0094 -0.948 47 0.348 

For Cty-EarnInequality slope, B3           

  State-level Intercept, G30 -0.2096 0.1406 -1.491 47 0.143 

  South, G31 -0.0832 0.2622 -0.317 47 0.752 

  StateAvIncome, G32 -0.0016 0.0156 -0.101 47 0.921 
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Outcome: Gore Share of the Two-Party Vote; Inequality: Income Inequality 

Fixed Effect Coefficient 

Standard 

Error T-ratio 

Deg. 

Free. P-value 

For Cty-level Intercept, B0           

  State-level Intercept, G00 0.5363 0.0180 29.749 45 0.000 

  South, G01 -0.0829 0.0265 -3.126 45 0.004 

  StateAvIncome, G02 0.0108 0.0020 5.355 45 0.000 

For CtyAvIncome slope, B1           

  State-level Intercept, G10 0.0011 0.0010 1.176 45 0.246 

  South, G11 0.0001 0.0019 0.054 45 0.958 

  StateAvIncome, G12 -0.0002 0.0001 -1.252 45 0.217 

For Cty-Pct. white slope, B2           

  State-level Intercept, G20 -0.5696 0.0558 -10.208 45 0.000 

  South, G21 0.0429 0.0861 0.498 45 0.621 

  StateAvIncome, G22 -0.0142 0.0104 -1.372 45 0.177 

For Cty-IncInequality slope, B3           

  State-level Intercept, G30 0.8690 0.2431 3.575 45 0.001 

  South, G31 -0.3521 0.3508 -1.004 45 0.321 

  StateAvIncome, G32 -0.0606 0.0289 -2.095 45 0.042 
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Outcome: Gore Share of the Two-Party Vote; Inequality: Between-Tract Income 

Segregation 

Fixed Effect Coefficient 

Standard 

Error T-ratio 

Deg. 

Free. P-value 

For Cty-level Intercept, B0           

  State-level Intercept, G00 0.4995 0.0228 21.870 45 0.000 

  South, G01 -0.0876 0.0302 -2.900 45 0.006 

  StateAvIncome, G02 0.0482 0.0150 3.206 45 0.003 

For CtyAvIncome slope, B1           

  State-level Intercept, G10 -0.0010 0.0015 -0.700 45 0.487 

  South, G11 0.0018 0.0021 0.881 45 0.383 

  StateAvIncome, G12 0.0003 0.0009 0.366 45 0.716 

For Cty-Pct. white slope, B2           

  State-level Intercept, G20 -0.5941 0.0757 -7.854 45 0.000 

  South, G21 0.0735 0.0766 0.960 45 0.343 

  StateAvIncome, G22 -0.0698 0.0430 -1.623 45 0.111 

For Cty-TractSegregation slope, B3           

  State-level Intercept, G30 0.1511 0.0468 3.231 45 0.003 

  South, G31 -0.0733 0.0809 -0.906 45 0.370 

  StateAvIncome, G32 -0.0276 0.0346 -0.796 45 0.431 
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Outcome: Obama Share of the Two-Party Vote; Inequality: Earnings Inequality 

Fixed Effect Coefficient 

Standard 

Error T-ratio 

Deg. 

Free. P-value 

For Cty-level Intercept, B0           

  State-level Intercept, G00 0.5875 0.0140 42.109 47 0.000 

  South, G01 -0.1220 0.0268 -4.551 47 0.000 

  StateAvIncome, G02 0.0051 0.0017 2.945 47 0.005 

For CtyAvIncome slope, B1           

  State-level Intercept, G10 0.0022 0.0010 2.219 47 0.031 

  South, G11 0.0021 0.0016 1.290 47 0.204 

  StateAvIncome, G12 -0.0003 0.0001 -2.715 47 0.010 

For Cty-Pct. white slope, B2           

  State-level Intercept, G20 -0.6631 0.0640 -10.364 47 0.000 

  South, G21 -0.1008 0.0820 -1.229 47 0.226 

  StateAvIncome, G22 -0.0091 0.0066 -1.375 47 0.176 

For Cty-EarnInequality slope, B3           

  State-level Intercept, G30 -0.0649 0.0730 -0.889 47 0.379 

  South, G31 0.0312 0.1355 0.230 47 0.819 

  StateAvIncome, G32 0.0226 0.0118 1.906 47 0.062 
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Outcome: Obama Share of the Two-Party Vote; Inequality: Income Inequality 

Fixed Effect Coefficient 

Standard 

Error T-ratio 

Deg. 

Free. P-value 

For Cty-level Intercept, B0           

  State-level Intercept, G00 0.5720 0.0127 45.121 47 0.000 

  South, G01 -0.1246 0.0248 -5.023 47 0.000 

  StateAvIncome, G02 0.0059 0.0017 3.559 47 0.001 

For CtyAvIncome slope, B1           

  State-level Intercept, G10 0.0013 0.0010 1.281 47 0.207 

  South, G11 0.0010 0.0019 0.539 47 0.592 

  StateAvIncome, G12 -0.0003 0.0001 -2.743 47 0.009 

For Cty-Pct. white slope, B2           

  State-level Intercept, G20 -0.5625 0.0451 -12.486 47 0.000 

  South, G21 -0.1141 0.0810 -1.409 47 0.165 

  StateAvIncome, G22 -0.0088 0.0069 -1.275 47 0.209 

For Cty-IncInequality slope, B3           

  State-level Intercept, G30 1.2016 0.1812 6.633 47 0.000 

  South, G31 -0.4699 0.3327 -1.413 47 0.164 

  StateAvIncome, G32 -0.0242 0.0258 -0.936 47 0.355 
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Appendix 5.2. Model 5.5 Extended 

Individual-Level Model 
 
Bush Support (log odds)i = B0s + B1*Ageis + B2*Femaleis + B3*Blackis + B4*Hispanicis +  

B5*NoHighSchoolis + B6*GradSchoolis + B7*Marriedis+ 
B8*BornAgainis +  B9*AtAddress5YearPlusis + B10*Urbanis+ B11s* 
LowIncis + B12s* HiIncis + B13*Unionis+ B14*Veteranis+ri 

State-Level Model 
 
 B0s = G00 + G01*IncomePolarizations + u0s 

 B1  = G10  
 B2   = G20  
 B3    = G30  
 B4     = G40  
 B5     = G50  
 B6    = G60  
 B7  = G70  
 B  = G80  
 B9  = G90  

B10   = G10  

B11s   = G110 + G111*IncomePolarizations + u11s 

B12s   = G120 + G121*IncomePolarizations  
B13  = G130  

B14  = G140  

 B15  = G150  
 B16  = G160 

 
i indexes individuals; s indexes states 
 
Model 5.5 Extended Results 

Fixed Effect Coefficient Standard 

Error 

T-ratio Deg. 

Free. 

P-

value 

For State-level Intercept, B0           

  State-level Intercept, G00 0.548 0.146 3.743 47 0.001 

  StateIncomePolarization, G01 -0.076 0.026 -2.885 47 0.006 

For   Age slope, B1           

Intercept, G10 -0.007 0.001 -5.458 44822 0.000 

For   Female slope, B2           
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(continued) 

Intercept, G20 -0.461 0.022 -21.201 44822 0.000 

For    Black slope, B3           

Intercept, G30 -2.291 0.074 -30.988 44822 0.000 

For     Hispanic slope, B4           

Intercept, G40 -0.405 0.092 -4.408 44822 0.000 

For  NoHighSchool slope, B5           

Intercept, G50 -0.233 0.061 -3.828 44822 0.000 

For  GradSchool slope, B6           

Intercept, G60 -0.388 0.031 -12.541 44822 0.000 

For      Married slope, B7           

Intercept, G70 0.326 0.020 16.395 44822 0.000 

For BornAgain slope, B8           

Intercept, G80 0.756 0.048 15.699 44822 0.000 

For  AtAddress5YearPlus slope, 

B9 

          

Intercept, G90 0.043 0.019 2.273 44822 0.023 

For      Urban slope, B10           

Intercept, G100 -0.256 0.034 -7.590 44822 0.000 

For   LowInc slope, B11           

  Intercept, G110 -0.502 0.106 -4.720 47 0.000 

  StateIncomePolarization, G111 0.049 0.019 2.626 47 0.012 

For    HiInc slope, B12           

  Intercept, G120 0.849 0.142 5.993 44822 0.000 

  StateIncomePolarization, G121 -0.124 0.024 -5.098 44822 0.000 

For    Union slope, B13           

Intercept, G130 -0.504 0.048 -10.522 44822 0.000 

For    Veteran slope, B14           

Intercept, G140 0.160 0.027 5.992 44822 0.000 
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Appendix 6.1. Model 6.3 Extended 

Individual-Level Model 
 
Self-reported Turnout (log odds)is = B0s + B1*Veteranis + B2*Hispanicis + B3*Femaleis + 

B4*Naturalizedis + B5*Blackis + B6*OtherEthnicityis+ B7*Ageis +  
   B8s* LowIncis + B9s*HighIncis + B10* NoHighSchoolis +  

B11*GradSchoolis + B12*Marriedis + B13*HomeOwneri s+  
B14*Yrs5orMorei s + ris 

State-Level Model 
 

B0s = G00 + G01*AvIncomes + G02*VictoryMargins + G03*TractSegregations + 
u0s 

 B1  = G10  
 B2   = G20  
 B3    = G30  
 B4     = G40  
 B5     = G50  
 B6    = G60  
 B7  = G70  

B8s  = G80 + G81*AvIncomes + G82*VictoryMargins + G83*TractSegregation + 
u8s 

B9s  = G90 + G91*AvIncomes + G92*VictoryMargins + G93*TractSegregations + 
u9s 

B10   = G100  

B11  = G110  

B12   = G120  
B13   = G130  

B14  = G140   

 
i indexes individuals; s indexes states 
 
Model 6.3 Extended Results 

Fixed Effect Coefficient Std 

Error 

T-ratio Deg. 

Free. 

P-value 

For Intercept, B0      

  Intercept, G00 0.304 0.077 3.934 47 0.000 

  Average Income, G01 0.031 0.011 2.856 47 0.007 

  Victory Margin, G02 -0.597 0.574 -1.040 47 0.304 

  Income Segregation, G03 -2.407 0.732 -3.288 47 0.002 
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(continued) 

For Veteran slope, B1      

  Intercept, G10 0.146 0.038 3.838 74150 0.000 

For Hispanic slope, B2      

  Intercept, G20 -0.176 0.056 -3.133 74150 0.002 

For Female slope, B3      

  Intercept, G30 0.183 0.021 8.749 74150 0.000 

For Naturalized slope, B4      

  Intercept, G40 -0.315 0.065 -4.846 74150 0.000 

For Black slope, B5      

  Intercept, G50 0.477 0.070 6.796 74150 0.000 

For Other Ethnicity slope, B6      

  Intercept, G60 -0.559 0.066 -8.511 74150 0.000 

For Age slope, B7      

  Intercept, G70 0.026 0.001 27.456 74150 0.000 

For Low Income slope, B8      

  Intercept, G80 -0.532 0.061 -8.777 47 0.000 

  Average Income, G81 -0.008 0.012 -0.668 47 0.507 

  Victory Margin, G82 0.889 0.625 1.423 47 0.161 

  Income Segregation, G83 0.649 0.740 0.877 47 0.385 

For High Income slope, B9      

  Intercept, G90 0.458 0.071 6.433 47 0.000 

  Average Income, G91 -0.011 0.013 -0.860 47 0.395 

  Victory Margin, G92 -0.147 0.666 -0.220 47 0.827 

  Income Segregation, G93 1.142 1.056 1.082 47 0.285 

For No HS degree slope, B10      

  Intercept, G100 -1.139 0.033 -34.112 74150 0.000 

For Graduate degree slope, 

B11 

     

  Intercept, G110 1.104 0.047 23.707 74150 0.000 

For Married slope, B12      

  Intercept, G120 0.437 0.019 22.407 74150 0.000 

For Home owner slope, B13      

  Intercept, G130 0.293 0.036 8.158 74150 0.000 

For Yrs 5 or more slope, B14      

  Intercept, G140 0.391 0.026 14.817 74150 0.000 
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Glossary 

Between-County Income Inequality – Variation, measured by Theil's T Statistic or the 

Gini coefficient of inequality, in county incomes for a state or for the nation.  County 

income inequality serves as a lower bound for inequality across individuals or households 

and an input for segregation measures.  

Between-Industry Earnings Inequality – Variation, measured by Theil's T Statistic, in 

earnings across as many as 94 SIC or NAICS industrial classifications, with further 

decomposition by geography (counties, states).  Earnings are more expansive than wages, 

including salary supplements and proprietors' incomes.   

Between-Sector Wage Inequality – Variation, measured by Theil's T Statistic, in wages 

across as many as 1200 SIC or NAICS industrial classifications, with further 

decomposition by geography (counties, states) or ownership-type (local, state, or federal 

government; private). 

Class/Income Bias in Turnout - Whenever the class-distribution of the electorate differs 

from the class-distribution of the pool of eligible voters, or, arguably, the population, 

there is some degree of class bias.  "Class" could refer to education, occupational status, 

or other attributes, but in developing metrics of class bias, most researchers concentrate 

on income.  In practice, bias almost always occurs in the direction of higher income 

voters, who consistently show a greater propensity to vote.   

Gini Coefficient of Inequality – A widely used statistic to express economic inequality 

based on the Lorenz curve, which plots the cumulative proportion of the population 

against the cumulative proportion of the variable of interest after first ranking the 

observations from lowest to highest on that dimension.   Graphically, the Gini coefficient 

is double the area between a hypothetical distribution of perfect equality and the actual 

Lorenz curve.  The Gini coefficient is not easily decomposable, nor does it satisfy 

Cowell's Strong Principle of Transfers.   

Income Polarization – A measure of the homogeneity of a state's counties' income and 

population profiles.  States divided between large counties with higher incomes and large 

counties with lower incomes (relative to the national average) have high degrees of 

polarization.  When most county average incomes in a state are below the national 

average and few, if any, counties have high incomes, polarization is lower.  Polarization 

is calculated as either the standard deviation of contributions to Theil’s T Statistic of 

between-county income inequality for each state or the natural logarithm of the standard 
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deviations of the Theil elements multiplied by 1,000,000.  The second measure, a 

transformation of the first, preserves the state rankings but condenses the relative scale. 

Income Segregation – The degree to which incomes concentrate geographically within 

neighborhoods, counties, or states.  Following Kim and Jargowsky (2005), ratios of 

income inequality among aggregated units (Census Block Groups, Census Tracts, or 

Counties) to income inequality among less aggregated units (households) serve as 

segregation measures. 

Inequality – Simply, variation.  The degree to which the flow or accumulation of some 

resource, such as income or wealth, varies over individuals or groups.   

NAICS - The North American Industry Classification System (NAICS).  A replacement 

for SIC created by statistical committees of Canada, Mexico, and U.S. and officially 

adopted by the U.S. Office of Management and Budget in 1997.  U.S. Bureau of Labor 

Statistics and Bureau of Economic Affairs sector and industry data have been reported on 

a SIC basis since 1990 or 2000, depending on the dataset.   

SIC - The Standard Industrial Classification System.  A taxonomy of business and 

industry first developed by the U.S. Central Statistical Board in 1937 and 1938 and 

updated frequently until the development of NAICS.  U.S. Bureau of Labor Statistics and 

Bureau of Economic Affairs sector and industry data were reported on a SIC basis until 

1990 or 2000, depending on the dataset.  

Theil's T Statistic – One of generalized entropy indexes or, equivalently, modified 

information statistics, used to measure inequality.  Theil's T Statistic lacks the Gini 

coefficient's visual appeal, but is much more flexible with regards to decomposition and 

the use of group data. 
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