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ABSTRACT 

 

This paper uses data aggregated from a multitude of publicly available sources, including the U.S. 

Census Bureau, the Bureaus of Labor Statistics and Economic Analysis; as well as the accessible 

repositories of economists Thomas Piketty, Emmanuel Saez and Mark Frank to evaluate what 

relationship exists, if any, between income inequality and Presidential election results, at the state 

level, from 1972 to 2016. Isolating inequality by holding constant electorally predictive and 

sociological variables including unemployment and poverty rates, median household income, state 

GDP per capita change, population density and urban population, race, education and religiosity; 

as well as year and state fixed effects, I found that a statistically and substantively significant 

relationship exists between the Gini coefficient and partisan electoral preference, using both an 

ordinary least squares regression and more tellingly, a fixed effects regression. My analysis 

suggests that a 1% increase in a state’s Gini coefficient is associated with an increase in the 

Democratic two-party vote share of 0.119%, holding all other factors in the regression constant. 

Based on my empirical results and again controlling for fixed effects, I project a 2020 Electoral 

College Map in which Democrats take back control of the Executive Branch, winning 369 of 538 

electoral votes. 
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INTRODUCTION 

The existing literature is virtually unanimous that income inequality, succinctly defined as 

the economic division between “haves” and “have nots,” is increasing, and increasing nearly 

everywhere in the United States (albeit at differing rates). Consider that income inequality has 

grown in every state since the 1970s and with alacrity in many especially since the Great 

Recession. During that time, low and middle-income homeowners were hit particularly hard by 

the implosion of the housing market, when households in the bottom 80 percent of the wealth 

distribution experienced a 39.1 percent decline in net worth between 2007 and 2010 versus a 14 

percent decline for the top 20 percent (Landy, 2013). The recovery was unequal too. In the five 

years after, the top one percent captured half or more of all income growth in nine states 

(Sommeiller and Price, 2018).  The graphic on the following page  is a visual representation of this 

phenomenon. 
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Figure 1: Insidious Inequality: United States 1965-2015 

The United States has gotten significantly more unequal in the last 50 years. In 1965, the Gini coefficient was low across the board. Interestingly, it 

started to rise initially in the Midwest and Mountain regions. In between 1975 and 1985, inequality skyrocketed as top tax rates were slashed and 

deregulation was pursued with vigor. In the last 30 years, that inequality has diffused across the country, pooling at the coasts. Graphic by the author, 

data courtesy of Mark W. Frank, Ph.D., Sam Houston State University.
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Income inequality can be measured by a multitude of metrics, such as the ratio of income 

at the 80th percentile of the distribution to that at the 20th, another being the share of total pre-tax 

income going to the top percentiles of taxpaying units. Both show sharp increases beginning in the 

1970s or 1980s. (Gelman, et al., 2010). The Gini coefficient (sometimes called the Gini index), 

measures the relative income distribution among a population, with zero indicating perfect 

equality, or everyone with the same income; and one representing perfect inequality, or one person 

hoarding all the income. For the United States, this value peaked during the “Gilded Age” in 1929 

at 0.489, according to the Chartbook of Economic Inequality, the pre-Great Depression epoch 

defined by magnates amassing huge amounts of wealth, lax regulation, minimal workers’ rights 

and low levels of taxation. From 1945 to 1974, the coefficient oscillated between 0.363 and 0.388, 

its (recorded) historic nadir, buoyed by a booming post-WWII economy that shared wealth 

broadly, paid high wages to blue-collar employees, had an abundance of first-generation college 

students thanks to the G.I. Bill and built a sturdy social safety net courtesy of (relatively) high 

marginal tax rates. Since the mid-1970s the Gini coefficient has seen an inexorable rise, recently 

spiking at 0.482, approaching the all-time high. 

Notable for the current politically contentious climate, the perception of income inequality 

transcends partisan division. A 2014 Pew Research survey found that 68 percent of Democrats, 67 

percent of Independents and 61 percent of Republicans believed that the gap between rich and 

poor has increased in the last decade (Galston, 2014). While politicians of all persuasions tend to 

agree on the diagnosis, they are predictably split on the treatment. Republicans are more likely to 

talk about increasing social mobility, lowering taxes, loosening regulations and promoting policies 

like school choice (Pethokoukis, 2015), whereas Democrats are more likely to favor redistributive 

policies like raising the minimum wage, increasing the tax rate for high income individuals, 
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expanding Medicare, promoting universal Pre-K and free or low-cost college educations (Luhby, 

2015). 

Inequality has serious repercussions: studies have shown that societies with high levels of 

income inequality have lower levels of social cohesion, exemplified by higher crime and mortality 

rates, poorer health outcomes, more educational inequalities, lower social trust and lower political 

involvement (Wilkinson and Pickett, 2009). Developed countries with most equal distribution of 

income, Sweden, Finland and the Netherlands, are routinely atop “happiness index” polls. 

This divergence of policy prescriptions shouldn’t be surprising given the state of our 

politics, which according to many experts, polls and analyses are more polarized than ever. 

Republicans and Democrats hold opposing views on the state of the economy, which tend to 

correlate with whether their party occupies the White House (Dunn and Oliphant, 2018), they hold 

drastically different views of whether President Trump handled the Mueller probe appropriately 

(Tyson, 2018) and they have disparate opinions on the broad gamut of challenges facing the 

country: climate change, gun violence, immigration and racism to name a few (Pew Research 

Center, 2018; Doherty, 2017). Ironically, they do agree that they can’t agree on basic facts with 

those across the aisle (Laloggia, 2018).  

McCarty et al. (2006) show that polarization has neatly traced income inequality trends 

over time, decreasing in tandem during the post WW-II era until the 1970s, and rising together 

since. The widely differing outlooks between Democrats and Republicans, red state voters and 

blue state voters, the religious and the secular have become accepted pablum in American 

discourse; unconfined to the political fringe and accepted by a large segment of the public 

(Abramowitz and Sanders, 2008). This view has been disputed, however. Some eminent political 

scientists believe that most Americans hold moderate views on most issues, that a large share of 



5 

 

the electorate does not self-identify with a strong political ideology, and that the distribution of 

views on issues and self-reported ideology have been largely stable over time (Fiorina, et al., 

2011). Others have labeled the “ever-growing division trope” as one of the biggest myths in 

American politics (Glaeser and Ward, 2006) and that the alleged chasm between red and blue 

states is mostly imaginary (Ansolabehere, et al., 2006). Indeed, Bafumi and Herron (2007) 

calculated the ideological position of voters and their Congressional representatives on a common 

scale and found that the vast majority of voters to fall between the centers of the two parties’ 

delegations. 

In truth, the level of partisanship in the electorate is an abstract concept and thus difficult 

to measure. Even if it is true that neither the Democrats nor the Republicans in Washington D.C. 

represent the “true” centers of political gravity across the United States, they do represent the polity 

with increasingly polarized postures in the Capitol. Beyond conjecture and punditry, DW-

NOMINATE,1 found that Congress is now more polarized than any time since the end of 

Reconstruction (Hare et al., 2014). In the 93rd Congress (1973-1974), 240 representatives scored 

in between the most conservative Democrat and the most liberal Republican, and 29 senators did 

the same, a rough estimate of a “moderate” (Desilver, 2014). Fast forward to the 108th Congress 

(2003-2004), no Democrat (typically) voted to the right of any Republican, and no Republican 

(typically) voted to the left of any Democrat (Fiorina, 2011). Both parties have retreated towards 

the poles, meaning the mythical liberal Republican and conservative Democrat went extinct long 

ago. In the last five Presidential elections, 37 out of 50 states, or 74 percent, have voted for the 

same party each time – signifying the calcification of the partisan “red/blue divide.” 

                                                 
1  DW-NOMINATE is an award-winning political methodology software developed 

by Keith Poole and Howard Rosenthal that quantifies and creates visualizations of legislators’ 

liberal, moderate or conservative positions relative to each other using their roll call voting records. 
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Weighing the evidence in its entirety, Gentzkow (2016) concludes that polarization is a 

real and serious phenomenon. He concedes ambiguity whether Americans are any further apart on 

the issues than they used to be; but finds that what divides them politically is increasingly personal. 

He continues, “we don’t just disagree politely about what is the best way to reform the health care 

system. We believe that those on the other side are trying to destroy America, and that we should 

spare nothing in trying to stop them.” 

RESEARCH QUESTION 

 Holding constant known or suspected electorally predictive characteristics such as race, 

population density, religiosity, education level, income, as well as year and state fixed effects; I 

examined state-level Presidential election results from 1972 through 2016 to see if a statistically 

significant relationship exists between income inequality, as measured by the top one percent’s 

income share and the Gini coefficient, and the Democratic two-party vote share, and if so, its 

magnitude. 

HYPOTHESIS 

After exhausting the existing literature, there is no clear answer. I hypothesize that 

whatever relationship exists may vary - large metropolitan areas are liberal, multicultural, affluent 

and teeming with professionals; but also have scores with little to no income, making them 

incredibly unequal. On the other side of the spectrum, suburbs, exurbs and rural areas are quite 

conservative, homogeneous and religious. I predict these areas to be less unequal, though the gaps 

between the “haves” and the “have nots” exist here as well, accelerated by the evaporation of well-

paying, blue-collar careers. On balance and extrapolating the overarching trend towards 

urbanization, I predict that increasing income inequality will benefit Democrats politically and 

contribute to future Electoral College maps turning blue.   
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LITERATURE REVIEW 

 How the twin phenomena of income inequality and polarization interact and their potential 

effect on the current and future American electoral landscape is the focus of this analysis. The 

body of research in this field, and surrounding it, is rather extensive. Gelman, et al. (2010), did not 

challenge the widely-held and statistically-corroborated belief that income level is correlated with 

one’s propensity to vote for either Democrats or Republicans. Indeed, there are sharp differences 

in partisan voting by income. In national elections, Democrats have been viewed as the “party of 

the poor,” with the Republicans representing the rich, a trend that has held steady at the ballot box 

with few exceptions since the New Deal era (Gelman, et al., 2007). Acknowledging this, Gelman 

was however unable to prove that the relationship between income inequality and class-based 

voting was intensifying despite income inequality increasing, citing contraindicating factors like 

religion and education that could have clouded latent correlations. Anyone consulting Electoral 

College maps for the last few election cycles would no doubt recognize a different trend – 

Republican candidates are doing better in “poor” states (measured by median household income) 

in the heartland and in the South and Democrats are prevailing in the “rich” states on the coasts. 

There hasn’t been a reversal of party preference on class lines, nor are the parties themselves 

reversing orientations, but there is a nuanced dichotomy. In poor states such as Mississippi, richer 

people are much more likely than poor people to vote Republican, whereas in rich states such as 

Connecticut, there is very little partisan difference in vote choice between the rich and the poor 

(Gelman, 2007).  

 Inequality between states’ median household income has decreased over the past half-

century - average citizens’ income in poor states have gotten closer to average citizens’ income in 

rich states - but their relative rank has not changed much. States that were poorer in the 1940s are 
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most likely the poorer states now. If income inequality were directly correlated with partisanship, 

we might expect a reduction in between-state differences in partisan voting in the period leading 

up to 1980 (when the difference between relative income shrunk) and then little or no change after 

1980 (since the income differences have been gone into stasis). However, there was little 

systematic pattern prior to 1990, and afterwards, rich states have slowly crept away from 

Republicans (Gelman, 2010).  

Other analyses have focused on the effect of income inequality on a more granular level. 

In 1960, political scientist Elmer Schattschneider proposed his eponymous hypothesis: 

The battlefield, however, has changed dramatically: the fight is no longer over the 

right to vote. Instead, it is the value of the vote that is at stake. For many, many 

Americans, the vote has been simply rendered meaningless. Abstention reflects the 

suppression of the options and alternatives that reflect the needs of the 

nonparticipants. 

 

(Schattschneider, 1960). He claimed that the source of the electoral suppression was economic 

inequality and that economic resources are used to set the political agenda. This means that the 

issues the well-off are divided on form the basis of politics, issues on which they generally agree 

are resolved in accordance with their consensus and all of this is done removed from and regardless 

of the views of poorer citizens. He frames politics as the wealthy jockeying for power and 

influence, wherein vast sums are spent to amplify their own positions on certain issues, and to 

drown out the clamor of poorer citizens on the issues or positions that matter most to them. 

Predicted nearly sixty years ago, Schattschneider’s words seem prophetic now. A tiny élite, 0.34 

percent of the American population, provided 69.5 percent of the funding for the 2018 Midterm 

Elections (OpenSecrets, 2018). By mid-October 2015, 158 families had provided nearly half of 

the money in the nascent 2016 Presidential campaign (Confessore, et al., 2015), and in 2012, the 
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top 0.07 percent of donors exerted greater [financial] influence than the bottom 86 percent (Mayer, 

2012). 

 Schattschneider’s hypothesis, if true, would mean that poorer citizens in states with greater 

income inequality are less likely to vote, and that income inequality exacerbates income bias in 

the electorate. This has been shown indirectly – two characteristics are well-known to mark 

electoral participation in the United States: high rates of abstention and large differences between 

the rates of participation of richer versus poorer Americans (Solt, 2010). The former fluctuates 

between roughly 50 and 60 percent of the eligible population for Presidential elections and 40 to 

50 percent for Midterms. Abstention reached a post-WWII peak of 63.6 percent for the 2014 

Midterms (DelReal, 2014). On the latter, as the level of income marginally increases from about 

$15,000, so does the likelihood of voting, up to about $150,000 (Demos, 2018). On average, each 

bracket turns out to vote at a rate 3.7 percentage points higher than the bracket below it. Looking 

at the big picture, in the 2012 election, 80.2 percent of those making $150,000 or more voted, 

while only 46.9 percent of those making $10,000 or less did (McElwee, 2015). Solt, testing 

Schattschneider’s hypothesis, examined twenty years of gubernatorial results and found the 

estimated effect of income inequality on individual decisions to cast a vote was negative and 

statistically significant, the probability of voting decreasing approximately 20 percentage points 

(+/- 9 points) as inequality increases from its minimum to its maximum observed value. This drop 

off is analogous to the likelihood that a college graduate votes to that of a high school dropout, 

alluding to another well-known predictor of turnout, education level (id.). Such widespread 

abstention creates a self-reinforcing feedback loop - electorates that exhibit a bias favoring the rich 

yield governments that reward wealthy citizens with less redistributive policies. Policy therefore 

ensures that existing levels of income inequality are maintained, if not increased, and the process 
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continues (Solt, 2010). Finseraas (2008) quantified this relationship, calculating class bias (higher 

voting levels among high-income voters) and anti-redistribution bias (voters being more opposed 

to redistribution than nonvoters) across 13 countries. He concluded that the United States tops the 

charts in both measures and that, across all countries studied, those who prefer redistribution are 

less likely to vote than those who do not. 

Where does this leave us? Fundamentally, if the trend of income inequality continues to 

rise, where fewer and fewer individuals are hoarding more and more of the resources, leaving less 

and less for a growing majority, we can expect fewer and fewer people to vote. Some believe this 

would disproportionately hurt the Democratic Party. In 1986, the economist John Kenneth 

Galbraith declared, “If everybody in this country voted, the Democrats would be in [office] for the 

next 100 years” (McElwee, 2015). While others think that the status quo - two parties, roughly 

equal in size and intensity, jostling and frequently passing power back and forth – would persist 

unperturbed. The political scientists Raymond Wolfinger and Steven Rosenstone argued that 

“voters are virtually a carbon copy of the citizen population” (id.). However, surveys show that 

voters tend to be more economically conservative; whereas nonvoters favor more robust unions 

and more government spending on things like health insurance and public schools (Leighley and 

Nagler, 2007). Along the same lines, a 2012 Pew survey found that among likely voters, 

preferences for Obama and Romney were split evenly at 47 percent, but that Obama was preferred 

by non-voters 59 percent to 24 percent (McElwee, 2015). 

Examining the realpolitik of increasing income inequality isn’t nearly so straightforward. 

A sizable portion of the low-income cohort can be characterized as the “white working class,” a 

group that has seen a profound transformation, from the bedrock of Franklin Roosevelt’s New 

Deal coalition that kept Congress controlled by Democrats for generations to the jacobins of the 
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Reagan Revolution and lately, the backbone of Donald Trump’s support (Abramowitz and 

Teixeira, 2008; Cohn, 2016). An ambiguous term, here the white working-class are defined by 

their education (less than a four-year college degree), their jobs (not professional nor managerial) 

or their income (less than $60,000 annually) (Abramowitz and Teixeira, 2008). Over the last 

century, this group largely assimilated into the first mass middle class in the world, a level of 

comfort and success that was reasonable to aspire to and frequently attained (id.), and now 

becoming more like a pipe dream for this cohort. Going forward, even if their capricious partisan 

identifications have hardened, the white working-class is likely to see diminishing returns as an 

electoral bloc. Their numbers have been slowly yet persistently diminishing for half a century. By 

2020, Census Bureau projections indicate that non-Hispanic whites will dwindle to around 61 

percent of the population, by 2050, to almost half. Right now, the GOP are dependent on a super-

majority of them to cobble together their majority coalition and will need to win increasingly larger 

margins to maintain power (id.). 

As the “true” middle class hollows out, there is a growing upper middle class - a nascent 

cleavage that is helping to drive America’s overall income inequality. On the face of it, this might 

seem a straightforward benefit for the GOP, since more affluent voters tend to lean Republican. 

But as this group has gotten larger, the traditionally conservative-leaning managers, small business 

owners and midlevel white-collar workers have been augmented by more heterogeneous and 

liberal-leaning professionals (id.). Abramowitz and Teixeira (2008) argue that this divergence is 

one of the big stories of American politics in the last several decades. Galbraith and Hale (2008) 

describe the lay of the land thus: 
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“Within the [Democratic] party of Roosevelt, Kennedy, and Clinton there 

is an uneasy ... alliance between rich urban professionals, racial and ethnic 

minorities, and the urban poor. Meanwhile, there is a third America, composed of 

more homogeneous suburban and rural areas, which are predominantly white and 

solidly Republican. If this stylized description is correct, then states with higher 

inequality should lean towards the Democrats, as high inequality indicates the 

presence of both legs of the Democratic base. Conversely, states that have more 

homogeneous income profiles should lean Republican.” 

 

 In the following section, I will detail the data, sources and methodology 

underpinning the empirical research in this analysis that was designed to test Galbraith and 

Hale’s hypothesis that inequality should favor the Democratic Party. 

DATA AND METHODS 

Methodology 

 

 My analysis uses data extracted from the American Community Survey (ACS), an annual 

questionnaire of roughly 3.5 million households (about 300,000 per month), who are randomly 

selected but with required to participate if chosen, conducted by the U.S. Census Bureau (USCB). 

Starting in 2000, the ACS replaced the decennial “long form” census to fill in the dearth of 

information at sub-national levels in the ten-year interregnum between censuses. The ACS collects 

the same information the decennial census did - data on social, economic, housing and 

demographic characteristics - from granular level census tracts, roughly equivalent to a 

neighborhood. The USCB then organizes, aggregates and scales these discrete data to state, 

regional and national size, using a statistically significant and representative subset of the 

population by targeting addresses instead of people (USCB, 2017). The “rolling” sample design, 

developed by the eminent statistician Leslie Kish, provides a continuous stream information which 

is useful for tracking small changes as well as change over time (Alexander, 2001). 

The population, population density, white population, urban population and educational 

attainment are all gleaned from the decennial census, in which the vast majority of households 
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receive their survey in the mail. The census, since 2000, has been a “short form” questionnaire 

asking for the age, sex, race, and ethnicity of each household resident, his or her relationship to 

the person filling out the form, and whether the housing unit was rented or owned (Williams, 

2012). The goal of the census, which is Constitutionally required, is to simply count every person 

living, and the USCB spends considerable time and money attempting to do so efficiently and 

precisely. 

 My analysis also uses data from the United States Department of Agriculture’s Economic 

Research Service (ERS), whose mission is to anticipate trends and emerging issues in agriculture, 

food, the environment, and provide information to influence public policy for decision makers 

(USDA, 2018). The ERS collates information from a multitude of USCB units, including the Small 

Area Income and Poverty Estimate (SAIPE) program, the decennial census and their current 

County Population Estimates, as well as the Bureau of Labor Statistics (BLS) Local Area 

Unemployment Statistics (LAUS) program. 

 The SAIPE provides annual estimates of income and poverty statistics for all school 

districts, counties, and states using data from the ACS (SAIPE, 2017).  

The LAUS is a federal-state cooperative effort in which monthly estimates of total 

employment and unemployment are prepared for approximately 7,000 areas from small towns to 

states and census regions, providing key indicators of economic conditions. Their methodology 

combines the monthly employment and unemployment measures tabulated from the Current 

Population Survey, payroll employment estimates from the Current Employment Statistics survey 

of establishments and unemployment insurance claims counts from the state workforce agencies 

(BLS, 2018). 

https://www.bls.gov/cps/home.htm
https://www.bls.gov/cps/home.htm
https://www.bls.gov/sae/home.htm
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Data for the pretax income share for the top one percent of the income distribution was 

taken from The World Inequality Database, maintained by a global consortium of economists 

headlined by the distinguished Thomas Piketty and Emmanuel Saez. The duo analyzed historical 

Internal Revenue Service (IRS) records to generate a simple yet effective measure of income 

inequality that is free from the potential bias and measurement error inherent to survey response 

(Gelman, et al., 2010 and Saez, 2016). I utilize this metric because it reaches back to my starting 

point (in fact, Piketty and Saez calculated income statistics dating back to 1913), making the data 

more robust with the hope of elucidating any electoral trends since the most recent income 

inequality spike, which began in the mid-1970s, a similar reasoning that motivated their initial 

long-term data collection (Stone, et al., 2018). While illuminating, Saez admits that the measure 

has its shortcomings, including omitting non-filers and for undercounting income of the wealthiest 

individuals, because tax returns ignore income on pension funds, corporate retained earnings, 

corporate taxes, and imputed rents that makes their actual take of the national income higher. 

Historical data for state-level Gini coefficients are taken from a comprehensive panel 

constructed from individual tax filing data available from the IRS compiled by Mark W. Frank, 

Ph.D., Sam Houston State University Professor of Economics and International Business (Frank, 

2016), which covers my entire timeline (and back to 1917). The Gini coefficient is a calculation, 

so perhaps it is unsurprising that these data do differ from the state-level ACS estimates for the 

few years the latter are available (2006-2016), but I used Frank’s set in its entirety to maintain 

continuity and build a more robust data set, adopting Saez’ logic favoring long range perspectives. 

Religiosity, measured by the percentage of state population that adheres to a religion, is 

compiled by the Association of Statisticians of American Religious Bodies for the U.S. Religion 
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Census. It is collated from survey data from participating congregations and supplemented by 

certified statistical estimation techniques (U.S. Religion Census, 2018).  

State-level GDP per capita is collated by the U.S. Bureau of Economic Analysis. There are 

myriad metrics to show GDP, but I chose per capita to control for differing levels of population 

across states. The unit of measure, percent change from the preceding year, seeks to control for 

the relative condition of each state’s economy and deliver a more granular picture residents’ 

economic outlook, which has historically been strongly linked to electoral choice. 

Lastly, the electoral measure, Democratic and Republican two-party vote share in 

Presidential elections from 1972 to 2016, was adapted from Dave Leip’s authoritative Atlas of 

U.S. Presidential Elections and aggregated neatly by Stephen Wolf at the Daily Kos. 

Interpolation and Extrapolation 

Due to the nature of my data and the generally difficult nature of both finding and procuring 

such (public) data, both interpolation and extrapolation techniques were required to fill in the gaps 

of missing data. For instance, data points for population, population density, urban population, 

white population, educational attainment and religiosity at the state level were only collected every 

ten years. To atone for this, a linear interpolation code was written in SAS to create data points for 

the missing election years between the decennial census years. This process went as follows: The 

percentage difference between the most recent and the base decennial estimate (say, 2000 and 

2010) was computed. Since I was dealing with a ten-year time span, to get a rough estimate of the 

annual percentage change between census years, the difference between the two data points was 

divided by ten. Next, I multiplied these one-year estimates by the number of years in the time-

span, for instance I multiplied the percentage change between 2000 and 2010 by four to reach a 

point estimate for 2004.  
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Of course, for the past two elections in 2012 and 2016, there is not two decennial estimates 

to triangulate between, so here I extrapolated the trends to create data points. Here, the percentage 

change was estimated as the average of the earlier estimated percentage changes between the two 

most recent decennial estimates (for my purposes, 2000 and 2010). Similar to the interpolation 

process, the percentage change was multiplied by the amount of years (two for 2012 and six for 

2016) times the base year (2010) to create point estimates for 2012 and 2016. Undoubtedly, this 

process sacrifices a certain level of concision, but the full, robust data set could not have been 

completed without these techniques. While linear interpolation and extrapolation can never offer 

complete accuracy, it is a reasonable, Occam’s razor approach to filling in gaps in my panel, or 

time series data where the nature of the trend would be generally linear, not exponential or exhibit 

extreme volatility in two- or four-years’ time. 
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Empirical Model 

 

 

𝐷𝑉𝑖𝑗 =  𝛼0  +  𝛽1𝐼𝐼𝑖𝑗 +  𝛽2𝑋1𝑖𝑗 + . . . + 𝛽𝐾𝑋𝐾𝑖𝑗 +  𝐹𝐸𝑦𝑒𝑎𝑟  +  𝐹𝐸𝑠𝑡𝑎𝑡𝑒  +  𝜖𝑖𝑗 

Where: 

 DVij is the Democratic two-party vote share of state i in year j, 

 α0 is the constant term, 

 IIij is the income inequality of state i in year j, 

X1ij – XKij is the set of explanatory or independent variables for each state and each 

election year, 

 FEyear measures election year-specific effects, 

 FEstate measures state-specific effects, and 

 ϵij is the error term. 

 The dependent variable is Democratic two-party vote share of state i in year j. The time 

frame for j is every Presidential election year from 1972 through 2016. The key independent 

variable is the level of income inequality, measured by two variables: the top one percent’s share 

of total income and the Gini coefficient, in state i in year j. The explanatory set of variables are 

each state’s unemployment rate, median household income, poverty rate, GDP per capita, 

population, population density, urban population, white population, educational attainment, 

religiosity and GDP per capita change in year j. Table 2 (pages 23-24) defines the independent 

variables and provides their accompanying descriptive statistics. 
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Theoretical Explanation 

 Income inequality, by any metric, has been increasing inexorably for the past thirty-plus 

years in every state (albeit some more than others). It is my key variable because I am particularly 

interested in if and how this inequality is affecting voting behavior in America. Findings so far 

have been mixed: Gelman, et. al (2010) did not find a clear relationship between income inequality 

and class-based voting, conversely Galbraith and Hale (2008) believed that states with higher 

inequality should lean towards Democrats. Solt (2010) and Schattschneider’s (1960) work 

suggests that inequality has such deleterious effects on electoral participation that it may hurt 

Democrats to lose votes from a reliably liberal-voting cohort.  

 Attempting to adequately isolate and measure the effect of income inequality, I held 

germane sociological factors constant, and controlled for year and state fixed effects. I ran a series 

of ordinary least squares (OLS) and fixed effects (FE) regressions, which essentially predict the 

value of the dependent variable (the Democratic vote) from the pool of independent variables. The 

benefit of a regression as a statistical tool is the ability to look at the relationship between one 

independent variable and the dependent variable in a vacuum, when in fact that independent 

variable may be correlated (or related to) one or more other independent variables. In my analysis, 

for example, a regression can separate the relationships that state population and state population 

density may have with the Democratic vote. Here, my principal goal is to cleave the top one percent 

income share and the Gini coefficient from tangentially related variables to find whether a 

relationship between income inequality and electoral choice exists, and its magnitude if so. In 

Table 1 on the following page, I explain the rationale behind including these explanatory variables. 

  



19 

 

Table 1: Hypothesized Relationships Between Dependent and Independent Variables 

Dependent Variable: Democratic two-party vote share 

Independent 

Variable 
Hypothesized Relationship with Dep. Variable 

Predicted 

Correlation 

Coefficient* 

Population 

Density 

Population density plays a key role in what Florida (2013) calls 

the metro vote. The average Obama metro was more than twice 

as dense as the average Romney metro, 412 versus 193 people 

per square mile (density is found to have a correlation of 0.50). 

This implies that states with higher population density may 

have higher Democratic vote share. 

Positive 

Educational 

Attainment 

Economists have long noted how the clustering of highly-

skilled, highly-educated people fill the jobs that power the 

economic growth of cities. And as with density, as a metro gets 

increasingly populated by the highly educated, it is more likely 

to vote Democratic. Looking at the 2012 election again, 

Obama took the top quartile of metros by share of college 

graduates, 54.2 percent to 44 percent, while the other three 

went for Romney (Florida, 2013). In the 2018 Midterms, 

Democrats flipped 15 of the 25 GOP-held districts with the 

highest share of college-educated residents (Bland and 

Schneider, 2018). Based on this, I hypothesize that there will 

be a positive correlation between states with higher 

educational attainment and Democratic vote share. 

Positive 

White 

Population 

Although whites in richer states are more likely to vote 

Democratic than whites in poorer ones, on the whole, white 

voters tend to favor Republicans, aided in large part by the 

transformation of the white working-class’ political orientation 

from sturdy, New Deal-supporting Democrats to staunch 

conservatives that elected Ronald Reagan (Abramowitz and 

Teixeira, 2008). The electoral results in the past twenty years 

follows a consistent trajectory: Bill Clinton won 49 percent of 

the white two-party vote in 1996, Al Gore 43 percent in 2000, 

John Kerry 41 percent in 2004, Obama won a slightly larger 

share in 2008, but then dropped to 39 percent in 2012, the same 

percentage as Hillary Clinton (Zingher, 2018). Connecting 

these dots, I predict that states with higher white populations 

will be less likely, on average, to vote Democratic. 

Negative 
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Table 1 (cont.) 

Independent 

Variable 
Hypothesized Relationship with Dep. Variable 

Predicted 

Correlation 

Coefficient* 

Urban 

Population 

Along similar lines as population and population density 

above, if a state has a high percentage of its people living in 

urban areas, they are more likely to vote Democratic, because 

urban areas tend to be Democratic strongholds, a trend that is 

only becoming stronger. In 2016, urban counties like Austin, 

Tex.; Chicago; Los Angeles; Oakland, Calif.; Portland, Ore.; 

Seattle; Denver; and Newark voted for Donald Trump in 

record-low numbers (Badger, et al. 2016).  Therefore, the 

correlation here would be direct and positive. 

Positive 

Top 1% 

Income Share 

Metropolitan areas drive economic growth, but also drive 

inequality, because they cluster high skill and highly paid jobs 

as well as the largest companies in “agglomeration economies” 

(Berman, 2017). On the other end of the spectrum, urban areas 

have concentrated levels of low-income populations due to 

factors like public transportation, availability of jobs, high 

levels of minority populations and the potential to improve 

one’s economic condition over time (Glaeser and Rappaport, 

2006). Glancing at any county-level electoral map and it’s 

evident how these areas vote overwhelmingly Democratic. In 

2012, Mitt Romney won 214 metros to Barack Obama’s 150, 

but the size of the latter averaged over a million people versus 

the former’s 400,000 (Florida, 2013). In 2016, Donald Trump 

grew that advantage to 259 to 122, but lost metros over one 

million people 55 percent to 40 percent to Hillary Clinton 

(Florida, 2016). In summary, big cities are driving economic 

growth, income inequality and are home to the core of the 

Democratic coalition. Extrapolating this trend to the state 

level, I hypothesize that increasing income inequality will 

benefit Democrats electorally, especially in the most heavily 

populated states which carry the largest prizes in Electoral 

votes. 

Positive 

Gini 

Coefficient 
Positive 

Median 

Household 

Income 

Gelman, et. al (2010) stated that in national elections, richer 

individuals are more likely to vote Republican, a trend that has 

persisted since the New Deal era. However, at the state level, 

rich states have steadily moved away from the Republicans, 

while they have locked up the poorer states. In poor states, like 

Mississippi, richer people are much more likely than poor 

people to vote Republican, whereas in rich states such as 

Connecticut, there is very little difference in vote choice 

between the rich and the poor (Gelman, 2007). Since this data 

set is at the state level, I predict that a higher median income 

will be associated with a higher Democratic vote share. 

Positive 



21 

 

Table 1 (cont.) 

Independent 

Variable 
Hypothesized Relationship with Dep. Variable 

Predicted 

Correlation 

Coefficient* 

Population 

Florida (2013) found that the correlation between population 

and Obama vote share was 0.34, smaller than that of density 

but still significant and suggesting that bigger cities will, in 

general, prefer Democrats. Examining this at the state level, in 

2016, Clinton won only seven of the fifteen most populated 

states, compared to Obama’s efforts of 12 and 11. However, in 

those same three elections, Republicans have won the 11, 11 

and 12 of the smallest twenty states. I predict that high 

population states will be lean slightly towards Democrats. 

Slight 

Positive 

Unemployment 

Rate 

Wright (2012) disputed the notion that incumbent parties are 

rewarded when unemployment is low and punished when it is 

high by finding that Democratic vote share and the 

unemployment rate move together. He argues that 

unemployment is a “partisan” issue instead of a “valence” 

issue, meaning that voters tend to trust Democrats to fix 

unemployment over Republicans. 

Positive 

Religiosity 

While followers of different religions have different partisan 

preferences, a Pew poll taken in the aftermath of the 2016 

election found that among people that attended worship 

services once per week, 56 percent supported Trump, versus 

40 percent for Clinton (Smith and Martinez, 2016). 

Evangelical Christians are a plurality in America, and as a 

group they tend to be staunch Republican voters. Mainline 

Protestants and Catholics are the next two biggest groups, and 

both have much closer to an even ideological split, in effect 

canceling each other’s marginal preference out (Pew, 2014). 

Taken together, I predict that the more religious a state is, the 

less likely they will be to vote Democratic. 

Negative 

Poverty Rate 

A vast body of literature suggests that economic adversity 

reduces voter turnout (Rosenstone, 1982 and Weeks, 2004), 

and since 43 percent of those that make less than $30,000 per 

year identify as Democrats versus 20 percent as Republicans 

(Pew, 2016), it can be inferred that depressing the turnout of 

this cohort is hurting Democrats, therefore I predict that a 

higher poverty rate hurts the Democratic vote share. 

Negative 
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Table 1 (cont.) 

Independent 

Variable 
Hypothesized Relationship with Dep. Variable 

Predicted 

Correlation 

Coefficient* 

GDP Per 

Capita Change 

Muro and Liu (2016) describe a massive economic/political 

split that has been growing since 2000. In that election, Al 

Gore won just 21.6 percent of counties across the country, but 

those accounted for 54 percent of the national aggregate GDP. 

In 2016, Clinton managed just 15.4 percent of counties, but an 

astounding 64 percent of GDP. What this suggests, along the 

same lines of those outlined in the median household income 

section, is that richer states, which house the economic 

powerhouse counties, tend to prefer Democrats. However, 

GDP growth could confound this prediction because it seeks 

to control for the overall size of the state economy and measure 

its fluctuations instead, hoping to quantify the political science 

maxim that voters reward incumbents in good times and punish 

them in bad times (Wright, 2012).  

Unknown 

Time fixed 

effects 

When doing a regression, we seek to control as many variables 

as possible to isolate the relationship between the dependent 

variable (Democratic two-party vote share) and the key 

independent variable (income inequality) – so we can say, to 

the best of our ability, that we’re “holding all else constant.” 

Of course, it is impossible to hold all else constant. This is 

where fixed effects come in. It is very likely that unobservable 

factors are simultaneously affecting both the dependent and 

independent variables. Time fixed effects will, in theory, 

control for the tenor of the election year, which is to say 

comparing the Democratic vote share in 1984 (when Ronald 

Reagan won by a landslide margin) is not an “apples-to-

apples” comparison of the 2008 election (when Obama did the 

same by a “modern” landslide). Similarly, state fixed effects 

will help control for intrinsic partisan makeup, making the 

divergent disparity between states like Alabama and Vermont 

more comparable. 

Unknown 

State fixed 

effects 

 

*Note: The correlation is interpreted as follows: If an increase in the independent variable is 

correlated with an increase in the dependent variable, a positive correlation is implied. If an 

increase in the independent variable is correlated with a decrease in the dependent variable, a 

negative correlation is implied. 
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EMPIRICAL FINDINGS 

 

This section provides discussion and analysis of the empirical findings regarding the 

validation of the main hypothesis of this research, which is that increasing income inequality will 

benefit the Democratic Party electorally. The next section will provide an overview of my data set, 

starting with descriptive statistics of the dependent and independent variables followed by a 

correlation matrix and a brief discussion to contextualize the results. Next are the results from a 

series of ordinary least squares (“OLS”) and fixed effects (“FE”) regressions, followed by an 

analysis and discussion about the validation of my hypothesis, or lack thereof. Finally, I include a 

table comparing my predicted correlation coefficients against the results and opine on the results. 

Table 2: Descriptive Statistics of Dependent and Independent Variables 

Variable Definition Obs. Mean Std. Dev. Min. Max. 

Democratic 

Vote 
Democratic two-party vote share 612 47.33 11.05 20.10 95.70 

Population 

Density 

Total state population per square 

mile 
612 368.27 1,410 0.54 12,004 

Education 

Percentage of state population 

completing at least a four-year 

college degree 

612 21.59 8.10 7.52 63.07 

White 

Population 

Percentage of state population 

that identifies as non-Hispanic 

white 

612 77.60 16.24 21.73 99.06 

Urban 

Population 

Percentage of state population 

that lives in urban areas 
612 70.33 15.21 32.52 100.00 

Top 1% 

Income Share 

The share of total pretax income 

going to the top one percent of 

taxpaying units in each state 

612 14.53 5.46 4.32 37.76 

Gini 

Coefficient 

(scale of 0-1) 

Relative income distribution 

among a population, with zero 

indicating perfect equality and 

one representing perfect 

inequality 

612 0.55 0.06 0.42 0.80 

Median 

Household 

Income 

(in thousands) 

Income level in the middle of a 

list of a state’s ranked household 

incomes 

612 $54.72 $9.17 $34.80 $79.61 

Population 

(in hundred 

thousands) 

The total population in each state 612 51.85 58.06 3.34 392.96 
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Table 2 (cont.) 

Variable Definition Obs. Mean Std. Dev. Min. Max. 

Unemployment 

Rate 

The percentage of unemployed 

individuals seeking work in the 

labor force in a state 

612 6.09 1.96 2.30 15.70 

Religiosity 

The percentage of state 

population that adheres to a 

religion, defined as affiliated to a 

congregation 

612 51.02 11.43 25.85 84.28 

Poverty Rate 

The percentage of state 

population whose income falls 

below the Federal poverty line 

612 13.02 3.92 4.00 27.20 

GDP Per 

Capita Change 

State GDP divided by population, 

measured in percent change from 

the previous year 

612 2.15 8.56 -129.70 119.40 

Table 2 summarizes the variables germane to this research and included in my analysis. 

They represent quadrennial state-level estimates from each Presidential election year from 1972 

through 2016. Overall, there are twelve years of data of each variable in all 50 states and the 

District of Columbia, totaling 612 observations overall (as previously acknowledged on pages 15-

16, due in part to interpolation and extrapolation techniques). 

 This data attests to all aspects of the diversity within and throughout the country, from 

ethnicity to socioeconomic status to education and electoral trends. The vote, which does not 

control for state population, indicates that Republicans have enjoyed the electoral support of the 

majority of states. Population (measured in hundreds of thousands) and population density show 

the conglomeration of the small and dense and the vast and sparse within the union. Education 

level shows collective striving towards diplomas; urban population the mixture of cosmopolitan, 

suburban and rural; religiosity the divide between the secular and the reverent; and unemployment 

and poverty rates and GDP changes show the vicissitudes of the economy over 44 years and 

numerous cycles of boom and bust. Lastly, the wide ranges in the income inequality measures 

show the inexorable concentration of wealth, that, like heat, is collecting at the top rungs of the 
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distribution like never before seen. Taken holistically, the median data point is a state that is over 

three-quarters white, leans slightly Republican a majority that lacks a college degree. This median 

state’s population is concentrated in relatively urban areas, about half are religious but only an 

unlucky cohort are either unemployed or impoverished. 

On the next page, a correlation matrix details the bivariate correlations between Democratic 

vote share each of the independent variables included in my analysis. 
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Table 3: Correlation Matrix of Variables of Interest 

 Dep. Variables Independent Variables 

 Dem 

Vote 

Rep 

Vote 

Pop. 

Density 
Educ 

White 

Pop. 

Urban 

Pop. 

1% 

Share 
Gini 

Median 

Income 
Pop. 

Unemp. 

Rate 
Relig. 

Pov. 

Rate 

GDP 

Δ 

Dem Vote 1.000              

Rep Vote -1.000 1.000             

Pop. 

Density 
0.5728 -0.5728 1.000            

Education 0.4606 -0.4606 0.2994 1.000           

White Pop. -0.3983 0.3983 -0.4376 -0.3825 1.000          

Urban Pop. 0.3611 -0.3611 0.3521 0.4388 -0.5485 1.000         

1% Share 0.2975 -0.2975 0.1456 0.6777 -0.3369 0.4062 1.000        

Gini 0.2723 -0.2723 0.0713 0.7168 -0.3685 0.2843 0.8268 1.000       

Median 

Income 
0.2529 -0.2529 0.1124 0.4988 -0.1532 0.5165 0.2352 0.1694 1.000      

Pop. 0.1422 -0.1422 -0.076 0.1218 -0.2977 0.4092 0.323 0.2246 0.1011 1.000     

Unemploy. 

Rate 
0.0679 -0.0679 0.131 -0.2722 -0.1108 0.0459 -0.2637 -0.2758 -0.2781 0.1334 1.000    

Religiosity 0.0214 -0.0214 0.073 -0.0547 0.1159 0.0095 0.0269 0.0493 -0.1839 0.0143 -0.1341 1.000   

Poverty 

Rate 
0.0129 -0.0129 0.1387 -0.2426 -0.3269 -0.208 -0.0622 0.0059 -0.7423 0.0786 0.4264 0.1281 1.000  

GDP Δ 0.0028 -0.0028 -0.0039 -0.0399 0.0338 -0.0356 -0.0571 -0.0664 0.0265 -0.0218 -0.0121 -0.0219 -0.0183 1.000 
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There is a mild, positive correlation between my key independent variables, the Gini 

coefficient and the top one percent’s income share, and the dependent variable, Democratic vote 

share. Very notably for my analysis, this means that increasing income inequality is associated 

with voters favoring Democrats over Republicans. The top one percent income share is more 

highly correlated than the Gini coefficient, but only marginally (0.2975 to 0.2723). Unsurprisingly, 

the two income inequality metrics are very highly and positively correlated (0.8268). The larger 

share of the income pie that is going to the top one percent means there is less to go around to the 

other 99 percent, and that relative disparity is represented by the Gini coefficient. For the sake of 

comparison, I added Republican vote share as a “test” dependent variable to compare its 

correlation to the independent variables versus that of the Democratic vote share. As you can see, 

they have “mirrored” values, with one being positive and the other negative. This is to be expected, 

because I used the two-party vote share and disregarded any third-party voting for my data set, so 

in each year and each state, the Democratic and Republican vote sums to 100%.  

Table 3 also shows the level of correlation between the Democratic vote share and every 

other independent variable included in the regression, ranked by descending strength of 

correlation. My income inequality metrics are ranked fifth and sixth, respectively, out of twelve 

(potentially) electorally-predictive variables, indicating that they are fairly strong predictors of 

whether voters prefer a Democrat or Republican for the Oval Office. Interestingly, population 

density has, by far, the strongest correlation with Democratic vote share, at 0.5728. The next two 

strongest positive correlations are with education (as measured by percent of a state’s total 

population that have college degrees) and urban population level, confirming the commonly held 

perception that the strength of the Democratic coalition lies in the highly educated cohort and 

within cities. The third strongest and the only negative correlation was white population. The 



28 

 

higher a state’s proportion of white population the more likely they are to vote Republican, except 

for the outliers in New England - Vermont, New Hampshire and Maine. Connecting the dots 

between this and the relative dearth of Republican support from those with secondary degrees, in 

January the Republican Senate Majority Leader Mitch McConnell commented that “the party has 

to be bigger than white men who didn’t graduate from college” (Homans, 2019). Unemployment 

rate, religiosity, poverty rate and GDP change have correlation levels so low as to surmise that 

there is virtually no link between them and partisanship. 

Another important correlation is that between education level and Gini coefficient, at 

0.7168, it has the highest correlation of any two indirectly-related variables (the Gini coefficient 

and the top one percent income share are directly related, and essentially designed to capture the 

same phenomenon). If this is true, it means that as more of a state’s population are acquiring 

degrees, the state’s level of inequality is rising, as measured by the Gini coefficient. I will discuss 

the ramifications of this close association on the regression in the proceeding section. 
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Table 4: Regression Series With Both Income Inequality Measures 

 Dependent variable: Democratic two-party vote share 

Predictor / Model (1) (2) (3) (4) (5) 

Gini coefficient 
0.142 

(0.116) 

0.0554 

(0.111) 

0.717*** 

(0.0883) 

0.220*** 

(0.0762) 

0.119** 

(0.0525) 

1% Share 
0.463*** 

(0.155) 

-0.0324 

(0.134) 

-0.636*** 

(0.162) 

-0.137 

(0.192) 

-0.124 

(0.146) 

Pop. Density  
0.00370*** 

(0.000269) 

-0.000879 

(0.00162) 

-0.00308* 

(0.00173) 

-0.000314 

(0.00163) 

Education  
0.377*** 

(0.0786) 

0.0819 

(0.112) 
 

0.650*** 

(0.220) 

White Pop.  
-0.0370 

(0.0404) 

-0.325** 

(0.158) 

-0.565** 

(0.211) 

-0.501*** 

(0.165) 

Urban Pop.  
-0.0568 

(0.0401) 

-0.227 

(0.184) 

-0.104 

(0.184) 

-0.0672 

(0.162) 

Median Income  
0.150* 

(0.0794) 

-0.0273 

(0.0775) 

-0.0627 

(0.114) 

-0.182** 

(0.0863) 

Population  
0.0249*** 

(0.00660) 

-0.00415 

(0.0277) 

-0.0287 

(0.0300) 

-0.0178 

(0.0274) 

Unemployment Rate  
0.569*** 

(0.200) 

-0.415* 

(0.217) 

-0.00719 

(0.227) 

-0.0217 

(0.206) 

Religiosity  
0.0397 

(0.0323) 

0.0932* 

(0.0467) 

0.0373 

(0.0506) 

0.0535 

(0.0418) 

Poverty Rate  
0.0370 

(0.194) 

0.376** 

(0.156) 

0.190 

(0.151) 

0.0362 

(0.143) 

GDP Change  
0.0231 

(0.0442) 

0.0338 

(0.0233) 

0.0296 

(0.0276) 

0.0222 

(0.0279) 

Constant 
32.748*** 

(4.864) 

26.61** 

(10.37) 

51.04** 

(25.28) 

83.55*** 

(29.89) 

78.93*** 

(23.31) 

State fixed effects? No No Yes Yes Yes 

Time fixed effects? No No No Yes Yes 

Observations 612 612 612 612 612 

R-squared 0.0907 0.453 0.293 0.600 0.630 

***p<0.01; **p<0.05; *p<0.10. Robust standard errors in parenthesis. 
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Looking at Model 1 in Table 4, the barebones regression with only the income inequality 

metrics and Democratic vote share, the top one percent’s income share was a statistically 

significant predictor at a 99% confidence interval, which would be interpreted that a 1% increase 

in the top one percent’s income share is associated with a 0.463% gain for the Democratic 

candidate, holding all the Gini coefficient constant. Predictably, the barebones model has a very 

low R-squared (9.07%), suggesting that the model accounts for very little of the variance in the 

electoral vote. Due to the perfect collinearity with the Democratic vote, I omitted the Republican 

vote share from all regressions reported. However, like in the correlation matrix, swapping in the 

Republican vote share as the dependent variable results in all the coefficients remaining the same, 

with opposite signs. Similarly, I debated omitting the top one percent share as an independent 

variable because that and the Gini coefficient are so highly correlated that they can distort 

regression results. Multicollinearity is a major concern in a regression - Ideally, a regression 

changes one independent variable (say, Gini coefficient) and not the others (like top one percent 

income share or education). It is possible that with two highly correlated variables, changes in one 

will be associated with shifts in another. The stronger the correlation, the more difficult it is to 

change one variable without changing the other. My fear was that my model would not be able 

to estimate the relationship between the Gini coefficient or the top one percent’s income share and 

the Democratic vote share independently because the former would or could change in unison 

(Frost, 2019). After running the regression series with both the income inequality measures and 

then individually with one or the other and seeing that the corresponding correlation coefficients 

in each table show a fairly high level of consistency, I decided to keep both income inequality 

variables in. These supplementary regression series can be found in Tables 5 and 6 on the 

subsequent pages.   
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Table 5: Regression Series With Only Gini Coefficient 
 Dependent variable: Democratic two-party vote share 

Predictor / Model (1) (2) (3) (4) (5) 

Gini coefficient 
0.142 

(0.116) 

0.0368 

(0.0885) 

0.479*** 

(0.0771) 

0.167* 

(0.0946) 

0.0707 

(0.0744) 

1% Share 
0.463*** 

(0.155) 
    

Pop. Density  
0.0037*** 

(0.0003) 

0.00129 

(0.00179) 

-0.00269 

(0.00166) 

4.84e-05 

(0.00163) 

Education  
0.374*** 

(0.0767) 

0.0560 

(0.922) 
 

0.652*** 

(0.220) 

White Pop.  
-0.0387 

(0.0409) 

-0.137 

(0.154) 

-0.535** 

(0.203) 

-0.474*** 

(0.158) 

Urban Pop.  
-0.0590 

(0.0389) 

-0.235* 

(0.122 

-0.101 

(0.184) 

-0.0638 

(0.161) 

Median Income  
0.150* 

(0.0788) 

0.0560 

(0.110) 

-0.0682 

(0.116) 

-0.187** 

(0.0894) 

Population  
0.0245*** 

(0.0064) 

-0.0058 

(0.0272) 

-0.0297 

(0.0295) 

-0.0187 

(0.0269) 

Unemployment Rate  
0.579*** 

(0.201) 

-0.187 

(0.196) 

0.0318 

(0.198) 

0.0134 

(0.184) 

Religiosity  
0.0406 

(0.0322) 

0.111** 

(0.0487) 

0.0395 

(0.0506) 

0.0555 

(0.0418) 

Poverty Rate  
0.0349 

(0.195) 

0.349** 

(0.156) 

0.173 

(0.158) 

0.0198 

(0.149) 

GDP Change  
0.0232 

(0.0441) 

0.0241 

(0.0233) 

0.0281 

(0.0270) 

0.0208 

(0.0275) 

Constant 
32.748*** 

(4.864) 

27.410*** 

(10.28) 

40.89* 

(24.20) 

82.04*** 

(29.17) 

77.56*** 

(22.66) 

State fixed effects? No No Yes Yes Yes 

Time fixed effects? No No No Yes Yes 

Observations 612 612 612 612 612 

R-squared 0.0907 0.4529 0.2624 0.5987 0.6288 

***p<0.01; **p<0.05; *p<0.10. Robust standard errors in parenthesis. 
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Table 6: Regression Series With Only Top One Percent Income Share 

 Dependent variable: Democratic two-party vote share 

Predictor / Model (1) (2) (3) (4) (5) 

Gini coefficient 
0.142 

(0.116) 
    

1% Share 
0.463*** 

(0.155) 

0.00601 

(0.107) 

-0.127 

(0.166) 

-0.0154 

(0.201) 

-0.0595 

(0.151) 

Pop. Density  
0.00366*** 

(0.000250) 

0.000990 

(0.00180) 

-0.00302* 

(0.00179) 

-0.000184 

(0.00164) 

Education  
0.395*** 

(0.0719) 

0.358*** 

(0.113) 
 

0.674*** 

(0.223) 

White Pop.  
-0.0410 

(0.0394) 

-0.255* 

(0.151) 

-0.572** 

(0.219) 

-0.503*** 

(0.167) 

Urban Pop.  
-0.0591 

(0.0399) 

-0.189 

(0.177) 

-0.101 

(0.183) 

-0.0640 

(0.160) 

Median Income  
0.145* 

(0.0778) 

-0.0327 

(0.0782) 

-0.0535 

(0.119) 

-0.181** 

(0.0871) 

Population  
0.0248*** 

(0.00660) 

0.0140 

(0.0298) 

-0.0265 

(0.0316) 

-0.0163 

(0.0282) 

Unemployment Rate  
0.564*** 

(0.198) 

-0.378* 

(0.212) 

0.0619 

(0.219) 

0.0139 

(0.203) 

Religiosity  
0.0418 

(0.0322) 

0.151*** 

(0.0503) 

0.0436 

(0.0517) 

0.0574 

(0.0418) 

Poverty Rate  
0.0370 

(0.194) 

0.344** 

(0.164) 

0.178 

(0.152) 

0.0241 

(0.146) 

GDP Change  
0.0227 

(0.0440) 

0.0205 

(0.0222) 

0.0260 

(0.0262) 

0.0200 

(0.0274) 

Constant 
32.748*** 

(4.864) 

29.42*** 

(8.422) 

65.33*** 

(23.85) 

91.72*** 

(30.27) 

83.04*** 

(23.61) 

State fixed effects? No No Yes Yes Yes 

Time fixed effects? No No No Yes Yes 

Observations 612 612 612 612 612 

R-squared 0.0907 0.453 0.219 0.595 0.629 

***p<0.01; **p<0.05; *p<0.10. Robust standard errors in parenthesis. 
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Table 4 Analysis 

Model 2 is a pooled OLS regression, which includes the complete set of independent 

variables. Here, the R-squared shot up to 45.3%, suggesting that the model does a far better job 

than the barebones model did in explaining the variance in voting outcomes. This was to be 

expected, because the variables included had all been hypothesized to have an interaction with 

electoral outcomes of varying (and certainly debatable) significance. While the Gini coefficient is 

not statistically significant in this model, population density, education level, unemployment rate 

and population are all significant at a 99% confidence interval (CI) and median household income 

is significant at a 90% CI. In what will become a motif, educational attainment has one of the 

largest (and therefore consequential) coefficients, but the largest coefficient in Model 2 is actually 

unemployment rate, which can be interpreted as a 1% increase in a state’s unemployment rate is 

associated with a 0.569% increase in the Democratic vote share. Interpreting the coefficient on 

education, every 1% increase in a state’s population with a diploma on their wall, the Democrat’s 

vote share would be predicted to increase by 0.374%, ceteris paribus (c.p.).  

Model 3 uses state fixed effects. This analytical approach is designed to control for the 

many invisible, unquantifiable factors which aggregate into the internal political dynamics of each 

state, making a straightforward comparison between, say, Mississippi and Michigan much more 

valid. Here, both the Gini coefficient and the top one percent share are statistically significant, at 

99% CIs, as are poverty rate, white population level, unemployment rate and religiosity; at 95% 

and 90% CIs, respectively. The Gini coefficient could be interpreted such that a 1% increase in 

inequality is correlated with an increase of 0.717% in the Democratic vote. The coefficient on the 

top one percent’s income share could be interpreted such that a 1% increase in income coming in 

to the top one percent is correlated with a 0.636% decrease in the Democratic vote. This result 
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raises eyebrows because it has the opposite relationship with Democratic vote share than does the 

Gini coefficient. Although this is the only statistically significant result for the top one percent’s 

income share in Models 2-4, the coefficient is negative in each model. We can reasonably infer 

that the top one percent income share has an inverse relationship with the Democratic vote, 

although the strength of the association is questionable. This is also the most notable example of 

regression coefficients in my model exhibiting Simpson’s Paradox (also known as the Yule-

Simpson effect), where the magnitude of the coefficient might increase, decrease, or even change 

direction depending on the set of variables being controlled (Carlson, 2016). Simpson’s Paradox 

occurs when the marginal association between two variables (e.g. between top one percent income 

share and Democratic vote share in the barebones model) is qualitatively different from the partial 

association between the same two variables after controlling for one or more other variables (the 

same two variables in Models 2-5) (id.). Essentially, the regression coefficient for the top one 

percent income share in the barebones model included effects of other correlated factors, which 

were “partialed out” in the multiple regression, which in turn flipped the sign on the regression 

coefficient. A theoretical justification for the negative association between top one percent share 

and Democratic vote share can be found later on page 44.  

Also noteworthy and at odds with my initial prediction, unemployment rate is negatively 

associated with the Democratic vote share, a 1% increase in a state’s unemployment rate (as 

defined by the Bureau of Labor Statistics, meaning people who are out of work and currently 

looking for employment) is associated with a 0.415% decrease in the Democratic vote.  

Model 4 is a fixed effects regression that controls for state and year effects and includes all 

variables except education (more on this later). Controlling for the election year attempts to make 

a more even comparison between strongly Republican elections years (like 1984) and strongly 
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Democratic years (like 2008). In this regression, the Gini coefficient is still statistically significant 

at a 99% CI, white population level is significant at a 95% CI and population density is significant 

at a 90% CI. Here, a 1% increase in inequality is associated with a 0.220% increase in the 

Democratic vote, a 1% increase in a state’s white population level associated with a 0.565% 

decrease in the Democratic vote and a 1% increase in a state’s population density associated with 

a 0.00308% decrease in the Democratic vote. Lastly, Model 5 contains the complete model with 

both state and year fixed effects. The Gini coefficient remains statistically significant at a 95% CI, 

education and white population are significant (99% CI) and so is median household income (95% 

CI). The level of education of the electorate is the most salient aspect, with a 1% increase of a 

state’s population with a degree associated with increasing the Democrat’s vote share by 0.650%, 

holding all other variables constant. White population was nearly as consequential (in the opposite 

direction), a 1% increase in a state’s white population level predicts a 0.501% decrease in the 

Democratic vote, ceteris paribus (c.p.).2 Importantly for my analysis in particular, Model 5 predicts 

that a 1% increase in inequality is associated with a 0.119% increase in the Democratic vote. 

Lastly, a $1,000 increase to a state’s median household income is associated with a 0.182% 

decrease in the Democratic vote share. 

The strong correlations between the Gini coefficient/top one percent income share and 

educational attainment (0.7168 and 0.6777) deserve similar scrutiny and discussion as the 

relationship between the Gini coefficient and the top one percent income share (0.8268). I 

intentionally omitted education from Model 4 to see what effect this would have on the regression 

results, especially the coefficients on the income inequality metrics. While the top one percent 

                                                 
2  Ceteris paribus (c.p.) is commonly used when interpreting regression results, it 

means “all other variables [in the regression] unchanged” or more colloquially, “holding all else 

constant.”  
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income share is not statistically significant in either, Gini coefficient decreases from 0.220 to 0.119 

and the significance decreases from 99% CI to 95%. Multicollinearity can cause coefficient 

estimates to oscillate based on which other independent variables are in the model and become 

sensitive to small changes in the model (Frost, 2019). While the coefficient estimates changed 

between Models 4 and 5, suggesting that Gini coefficient and education level are linked to a degree, 

the effect wasn’t drastic.  

Judged by goodness-of-fit, Model 5 is the most accurate in the series, with an R-squared 

value of 0.630, meaning that 63% of the variation in Democratic vote share could be explained by 

the model. This is an increase of 3% over Model 4, which omitted education. Model 3, which did 

not account for the vagaries of year fixed effects, had an R-squared of 0.293. Model 2, the pooled 

OLS regression, had a middle-ground R-squared of 0.453. 

Table 7: Predicted Correlation Coefficients Versus Actual Correlation Coefficients 

Independent 

Variable 

Predicted 

Regression 

Coefficient 

Model 5  

Regression 

Coefficient  

Statistically 

Significant? 

Gini coefficient Positive Positive Yes, ** 

Top 1% Share Positive Negative No 

Pop. Density Positive Negative No 

Education Positive Positive Yes, *** 

White Population Negative Negative Yes, *** 

Urban Population Positive Negative No 

Median Income Positive Negative Yes, ** 

Population Slight Positive Negative No 

Unemployment Rate Positive Negative No 
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Table 7 (cont.) 

Independent 

Variable 

Predicted 

Regression 

Coefficient 

Model 5 

Regression 

Coefficient 

Statistically 

Significant? 

Religiosity Negative Positive No 

Poverty Rate Negative Positive No 

GDP Change Unknown Positive No 

***p<0.01; **p<0.05; *p<0.10. Incorrect predictions are in bold. 

  

Yogi Berra once said, “It’s tough to make predictions, especially about the future.” 

Comparing the direction of the coefficients in Model 5 to my initial predictions shows mixed 

results and confirms the former Yankees catcher’s unorthodox aphorism.  

My hypothesis, that increasing income inequality would benefit Democrats electorally, 

seems only half-right: the Gini coefficient is indeed positively associated with the Democratic 

vote, but the top one percent income share is not, although only the former is statistically 

significant, which bolsters my prediction. That the Gini coefficient and the top one percent income 

share had opposite correlation coefficients registered as a shocking result, after all, they were both 

meant to measure inequality so logic suggests they would have the same sign. However, that was 

not the case.  

Looking only at Model 5, the coefficient for population density is virtually nonexistent 

(though it is negative), which is surprising because it was the most highly correlated variable with 

Democratic vote in the correlation matrix (0.5728), was highly significant in the pooled OLS 

model and one of the most consistent predictors of Democratic vote share when you consider the 

party’s strength in big cities. A theory explaining this result is that the relatively high bivariate 

correlation between population density and the Democratic vote may be a product of omitted 

variable bias, which “hides” the true relationship between the independent and dependent 
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variables. The fixed effects regression attempts to account for this omission, and suggests that the 

magnitude of the “true” relationship, as represented in the regression coefficient, is actually quite 

small, ceteris paribus. As predicted, the regression coefficient for education level was positive, and 

it turned out to be both statistically significant at the highest level and of the greatest magnitude of 

all those included in the set. White population level was statistically significant and the most 

meaningful negative coefficient, meaning it is one of the strongest predictors of Republican vote 

share, as I predicted. Median household income had a negative, statistically significant coefficient, 

contrasting with my prediction. Increasing income level is associated with increasing the 

Republican vote, contradicting the negative correlation between the two (-0.2529) in Table 3. A 

surprisingly low correlation between the Gini coefficient and median income (0.1694) helps to 

dispel collinearity-related concerns. Urban population, unemployment rate and population all had 

negative coefficients, at odds with my predictions, which pegged them to be positive, although 

none were statistically significant. On the other hand, I had predicted that religiosity and poverty 

rate would be negatively associated with Democratic vote, but both had positive correlation 

coefficients in Model 5, although neither were statistically significant. Lastly, I included GDP per 

capita change to try and account for the oscillation in state-level economies that are said to be so 

fundamental to electoral outcomes, but this was not statistically significant, although GDP growth 

is positively associated with growing the Democratic vote. 

 One explanation of the scarcity of statistically significant regression coefficients is that the 

unseen, unobserved state and year effects account for so much of the variation in any given year’s 

election, including an imperfect control for the quality of the major candidates (or at least their 

perceptions), the organizational strength of the Democratic and Republican Parties in each state 
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and the political-cultural zeitgeist of each state potentially being wildly different from state to state, 

even those that share borders.  

Controlling for state effects likely cancelled out the significance of both population and 

population density, which were both highly significant (99% CI) in the pooled OLS model. 

Arizona and Massachusetts, for instance, have roughly 7 million inhabitants, but the former is 

solidly conservative while the latter is a liberal bastion. Similarly, Washington and Louisiana have 

nearly identical population density, but couldn’t represent a wider political spectrum. Clearly, there 

are factors beyond raw population count or density that help to explain partisan preferences. 

Further, state effects will help control for the polarized nature of many states that have grown 

predictably partisan in recent Presidential elections. This reasoning is bolstered by the goodness-

of-fit scores for each model. Controlling for state fixed effects yielded an R-squared of only 0.293, 

meaning that just 29.3% of the variance within the vote could be explained by the model. However, 

when both state and year fixed effects are taken into account, the model predicts 63% of that 

variance. In comparison, the pooled OLS model explains 45.3%. The unquantifiable aspects that 

are better controlled in fixed effects regressions clearly have a large role in shaping one’s electoral 

preference. Certainly, more analysis is necessary to understand the full complexity of the 

relationships between these variables and partisan preference. 

Comparing Tables 5 & 6 With Table 4 

 When comparing Table 4 to Table 5, the most striking contrast (for my purposes) is how 

the Gini coefficient is much more significant in Table 4, both statistically (with a lower p-value) 

and substantively (with larger regression coefficients) than it is in Table 5. Keep in mind, the 

regression series in Table 4 uses the complete set on independent variables, whereas Table 5 

excludes top one percent share for fear of multicollinearity with Gini coefficient. This suggests 
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that although both measures attempt to gauge the phenomenon of income inequality, using both in 

the regression actually better elucidates the relationship between Gini coefficient and the 

Democratic vote share rather than obscure it. Other than that notable difference, the regression 

coefficients of all other independent variables, and their respective levels of statistical significance, 

are remarkably similar in Tables 4 and 5.  

 Much of the same can be said for Table 6. When omitting Gini coefficient, the regression 

coefficient for top one percent share in Model 5 is less than half the size than when the former is 

included in Table 4, although neither coefficients are statistically significant. So, the same 

relationship, only reversed, can be hypothesized: the Gini coefficient helps to explicate the (likely 

inverse) relationship between top one percent income share and Democratic vote share. Again, the 

regression coefficients for all other independent variables are analogous in Tables 4 and 6. 

Generally speaking, this indicates that both income inequality metrics are fairly uncorrelated to 

the other independent variables, because their inclusion or omission fails to noticeably alter their 

regression coefficients (with the possible exception of education, previously discussed on pages 

35-36). 

The R-squared values of all three tables are virtually the same (Table 4: 0.630, Table 5: 

0.6288, Table 6: 0.629), although the complete model explains the most variation in the 

Democratic vote share. One caveat, adding a regressor unavoidably increases unadjusted R-

squared (if only weakly), regardless of whether the model with more regressors more accurately 

predicts the outcome. So, we would expect Table 4 to have a higher R-squared value than Tables 

5 and 6 because it has the additional variable. 
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DISCUSSION AND CONCLUSIONS 

Overview 

This thesis set out to discover whether a statistically significant relationship exists between 

income inequality and electoral results, holding constant germane variables and controlling for 

year and state effects. Attempting to isolate income inequality (as measured by the Gini coefficient 

and the top one percent’s income share) as much as possible, I gathered state-level data from 

Presidential election years 1972 through 2016 in twelve categories: population, population density, 

urban population, white population, educational attainment, median household income, 

unemployment and poverty rate, religiosity and GDP per capita change; and measured electoral 

outcomes by the Democratic two-party vote share, for a data universe replete with 612 

observations. Utilizing both ordinary least squares and fixed effects regressions with STATA 

software, I found a meaningful, positive relationship between the Gini coefficient and the 

Democratic vote holding other variables constant. 

Implications of Empirical Findings 

The relationship between my variables of interest, the Gini coefficient and the top one 

percent’s income share, with electoral preference was inconsistent. Weighing the existing 

scholarship, I predicted that increasing income inequality will benefit Democrats electorally. 

Indeed, increasing the Gini coefficient was associated with increasing the Democratic vote share, 

and at a 95% confidence interval. However, the top one percent’s income share had a negative 

relationship with the Democratic vote, although it was not statistically significant, so we should 

be cautious before drawing any conclusion from results that lack significance. Due to this, the 

relationship between the Gini coefficient and the electoral vote is conspicuous. The Model 4 

regression coefficient for the Gini coefficient was 0.220 and was highly statistically significant 
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with a 99% confidence interval, meaning that a 1% increase in inequality is associated with a 

0.220% increase in the Democratic vote share, c.p. However, Model 4 purposefully excluded 

education, which introduced multicollinearity concerns with the Gini coefficient. As discussed 

previously (see pages 30 and 36), highly correlated variables may distort regression results. 

However, when education is re-introduced into the same regression in Model 5, the regression 

coefficient is nearly halved to 0.119, but meaningfully, retains its statistical significance at a 95% 

CI. This means that a 1% increase in inequality is associated with a 0.119% increase in the 

Democratic vote share, holding all other variables in the regression constant. There is a relationship 

between the Gini coefficient and the Democratic vote, of significant magnitude, even when 

accounting for educational attainment, which is both correlated with the Gini coefficient and may 

actually be the most powerful, electorally-predictive variable. 

Model 5 results, the most robust in my series, featuring the full complement of independent 

variables and the highest R-squared value, also found that median household income, white 

population level and educational attainment were all statistically significant predictors of partisan 

preference (at 95%, 99% and 99% CIs, respectively), when controlling for state and year fixed 

effects. This means that these variables - along with the Gini coefficient - are most salient in 

predicting electoral outcomes across states and elections.  

None of the other independent variables (population density, population, unemployment 

and poverty rates, religiosity, GDP per capita change or urban population) were statistically 

significant in Model 5, although all but the latter two were significant in at least one model in the 

series, meaning it would be inappropriate to interpret their coefficients here. 
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Table 8: Purple States’ 2016 Presidential Election Winning Margins and Electoral Votes 

 

 
 

    

Florida Pennsylvania Michigan Minnesota Wisconsin N. Hampshire 

EVs 29 20 16 10 10 4 

2016 

Margin 
1.2% 0.72% 0.23% 1.52% 0.77% 0.37% 

Winning 

Party 
Republican Republican Republican Democratic Republican Democratic 

 

To give Model 5’s statistically significant regression coefficients a little bit more context, 

Table 8 above shows the five states that had the smallest winning margins in the 2016 elections. 

There were 89 electoral votes decided by 1.52% or less. Since a 1% increase in inequality is 

associated with a 0.119% increase in the Democratic vote share, an increase in the Gini coefficient 

of about 6.5% could have flipped Wisconsin, Michigan and Pennsylvania and elected Hillary 

Clinton. Inequality is more of a macroeconomic trend that changes slowly, still, an increase of this 

scale occurred at the countrywide-level in just seventeen years between 1995 and 2012 (Frank, 

2016). Considering the consistently increasing Gini coefficient over the past 35 years, it is certainly 

conceivable that Democrats may benefit from this phenomenon at the ballot box in the near to 

moderate-term future, should this statistically significant regression coefficient prove accurate and 

replicable over time.  

Examining the other significant variable, a 1% increase of a state’s population with a 

bachelor’s degree or more is associated with increasing the Democrat’s vote share by 0.650%, c.p., 

so a 1.25% increase in college graduates could have flipped the White House-swinging trio of 

Wisconsin, Michigan and Pennsylvania as well. Increases of this magnitude were fairly common 

throughout states in four-year time spans. As the debate over immigration roils a nation that’s 

increasingly diverse, a 1.55% decrease in a state’s white population could have reversed the same 
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three. Alternatively, a 0.75% increase could have switched New Hampshire to the Republican 

column. An economic downturn lowering median household incomes could have sizable political 

repercussions. A sizable decrease of a little more than $4,000 to household incomes – for 

perspective, the Great Recession from 2007-2009 resulted in an approximately $5,000 decrease 

nationwide - could flip this White House-winning triumvirate as well. 

Revisiting the Literature Review and Correlation Hypotheses 

 At the crux of this thesis is the belief of Galbraith and Hale (2008) that “…states with 

higher inequality should lean towards the Democrats, as high inequality indicates the presence of 

both legs [rich urban professionals, racial and ethnic minorities and the urban poor] of the 

Democratic base.” My findings here largely support this thought. As states’ inequality (as 

measured by the Gini coefficient) increases, their vote tends to favor Democrats, with all the 

necessary caveats expressed hitherto. 

 I was puzzled at the dichotomy between the regression coefficients for Gini coefficient and 

top one percent income share. However, Solt (2010), testing Schattschneider’s hypothesis that 

voter abstention was rooted in economic inequality, found the relationship between income 

inequality to be negative and statistically significant, which could produce a self-reinforcing 

feedback loop where electorates are biased towards the rich, yielding governments that reward 

wealthy citizens, ensuring that existing levels of income inequality are maintained, if not increased 

(id.). If Solt is right, this would explain the negative regression coefficient on the top one percent 

income share - as the gilded few gather more wealth and resources, they have the tools to materially 

affect elections, and to help elect Republicans that tend to be amenable to the types of policies that 

lead to increasing income concentration at the top percentiles of the income distribution. 
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Gelman et al. (2010) asked if class-based electoral preference was widening, basically if 

the poor or rich were voting for Democrats or Republicans, respectively, in higher margins in light 

of the inequality chasm widening. Gelman is unable to conclude that it is, and points to education 

and religion as contraindicating variables. While I did not attempt to answer his query, Gelman’s 

status as a pioneer in the genre made me curious about the relationship between voting, education 

and religion. With that in mind, I attempted to control for both, however imperfectly, by collecting 

data on the proportion of each state’s population with at least a bachelor’s degree and the 

proportion of each state’s population that adheres to a religious community. After controlling for 

state and year fixed effects, I found that education may be the most powerful predictor of electoral 

choice, but that religiosity - at least how I measured it - is not statistically significant.  

The “diploma divide,” where 61 percent of non-college-educated white voters cast their 

ballots for Republicans versus only 47 percent of college-educated white voters did the same, is a 

fascinating phenomenon, a partisan chasm only seen within the white cohort, and of tremendous 

political significance in a country that is still nearly two-thirds white, with an increasing percentage 

attending college (Harris, 2018). My analysis supports this theory. Some predict that higher 

education may become a skirmish in the culture war, removed from its perch as a bipartisan, neutral 

talking point and into a political brawl if the increasingly popular opinion that “policies that hurt 

colleges, like policies that hurt cities, are policies that hurt Democrats” becomes mainstream 

(Grunwald, 2018). 

Further, my analysis supports Gelman’s assertion that Republicans are the “party of the 

rich.” With median household income negatively associated with the Democratic vote share and 

statistically significant when controlling for fixed effects, we can conclude that as states get richer, 

they are more likely to favor the Republican candidate. 
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 An extension of the Solt/Schattschneider theory was that increasing inequality depressed 

voter turnout among the poor. Since those making under $30,000 are more than two times more 

likely to identify as Democrats than Republicans (Pew, 2016) and that income is directly related 

to the likelihood of voting (Demos, 2018), I predicted that poverty rate would be inversely related 

to Democratic vote share. While I was unable to find state-level data for voter turnout to test the 

theory directly, I did find that the coefficient for poverty rate was positive, although not statistically 

significant, contradicting my prediction. But again, due to a lack of significance, we cannot make 

a definitive statement on the topic. 

  Wright (2012) found that “unemployment rates and the Democratic vote move together” 

but my analysis fails to corroborate that. Instead, I found a negative, albeit statistically 

insignificant, correlation coefficient. Wright proposes an alternative explanation:  

“… voters sometimes employ a reward-punishment strategy at the polls. 

Republican defeats in 1960, 1976, 1992 and 2008 occurred after four or more years 

of Republican control and during periods of high or rising unemployment. … In 

addition, incumbent presidents were reelected in 1964, 1988 and 1996 after 

unemployment had declined over the previous four years.” 

 

The lack of significant evidence that rising or falling unemployment rates benefit one party could 

be explained by this reward-punishment paradigm. 

 Florida (2013) argued that population and population density were two of the biggest 

predictors of the Obama vote in 2012. While this is certainly true (just look over the county-level 

electoral maps), including these variables at the state level virtually dissolves their explanatory 

power. Neither were statistically significant when controlling for state and year fixed effects. This 

is logical - Democrats strength in incredibly dense metropolitan areas, say New York City, is 

thinned out by the great expanse of the other 54,200 (relatively) sparsely populated square miles 

of the state where they don’t do nearly as well electorally. The net result is that this variable may 
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not explain much of electoral variation, likewise with population (for further theorizing on this 

point, see page 37). 

 One of the most surprising results from my regressions was the negative regression 

coefficient for urban population in Model 5, although it was not statistically significant. Badger, 

et al. (2016) found that the least dense counties voted at a significantly lower rates for Hillary 

Clinton than they did for Barack Obama four years prior. Combining this fact with the logic of 

population density and the relatively high correlation between urban population and Democratic 

vote share (0.3611), I thought that urban population might be a strong indicator of Democratic 

partisanship. Two possible explanations: Urban population suffers from the same dispersion effect 

that hurts population density as a metric at the state level. A state may have two big cities that 

represent about half of its population, but the other half is scattered around the state in smaller 

communities. If the urban and non-urban populations vote as we would expect them to, the urban 

population would not be a strongly predictive variable. Alternatively, the United States Census 

Bureau’s definition of “urban area” as places with a population density of at least 1,000 per square 

mile could be a complicating factor. If most cities, suburbs and exurbs qualify as urban, it could 

take away the expected correlation between heavily populated areas and the Democratic vote. 

 The second strongest predictor of partisan preference, when accounting for state and year 

fixed effects, is white population, which is negatively associated with Democratic vote and 

statistically significant at a 99% CI. As Senator McConnell alluded to, the Republican Party has 

been consistently winning ever larger slices of the white electorate for years, from 51 percent in 

1996 to 61 percent in 2012 (Zingher, 2018). This is notable because it means that the white 

population level is meaningful across elections and states. Since state fixed effects control (as best 

as we can estimate, at least) for internal political dynamics, due to these results, we can say that 
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no matter if a white man or woman lives in liberal Connecticut or conservative Montana, they are 

more likely to vote Republican than a nonwhite resident of either. While this may seem almost 

tautological at this point, I found the statistical significance notable considering state’s disparate 

political placements along the ideological spectrum. 

 Smith and Martinez (2016) found a significant 16 percent margin favoring Trump over 

Clinton among those that attended religious services regularly. Combined with the political power 

of the vast Evangelical Christian bloc in America, I predicted that religiosity would be negatively 

correlated with the Democratic vote share. Instead, it had a very low, positive, yet statistically 

insignificant relationship in both the correlation matrix and in the Model 5 regression. This 

suggests that religiosity does not overcome the strong predictive powers of state and fixed effects 

in terms of electoral choice. While it has been suggested that Democrats “ignored broad swaths of 

religious America in the 2016 election” and that the Party “cannot be a functional governing party 

and ... ignore religious conservatives” (Wear, 2017) my analysis suggests that faith outreach in a 

political context is at best limited, constrained by other, more salient factors. A practicing theist in 

Hawaii is no more likely to vote for a Democrat than one in Alabama is to cast a ballot for the 

GOP. It should be noted that “measuring religiosity” is always going to be an imprecise exercise. 

There are many ways people define their membership to religious communities and it is even more 

difficult to unobtrusively procure accurate data about it, so drawing definite conclusions between 

religion and electoral results from this analysis would not be advisable.  

 One of the secondary goals of this analysis, beyond identifying and quantifying a 

relationship between income inequality and electoral results, was to create a model to predict future 

Presidential elections, after isolating the variables of statistical significance. On page 50, I use the 
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robust state and year fixed effects Model 5 from Table 4 to project the outcome of the 2020 

election. Afterwards, I analyze the projection, its big picture implications and its shortcomings.  



 

 

5
0
 

 

Figure 2: 2020 Election Projection Using Table 4, Model 5 Regression.  

Graphic made by author using https://270towin.com. 
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Projection Methodology 

 I sought to make this model as parsimonious as possible. A parsimonious model is both 

simple (in terms of variables used) and has great explanatory power. Since there were only four 

statistically significant variables in the state and year fixed effects regression – Gini coefficient, 

educational attainment, white population level and median household income – those were the 

only variables included. 

DV2020  =  𝜎𝑠  + (∆𝐺𝑖𝑛𝑖 ∗ 𝛽𝐺𝑖𝑛𝑖)  +  (∆𝐸𝑑𝑢𝑐 ∗ 𝛽𝐸𝑑𝑢𝑐)  +  (∆𝑊ℎ𝑖𝑡𝑒 ∗ 𝛽𝑊ℎ𝑖𝑡𝑒)  +  (∆𝐼𝑛𝑐 ∗ 𝛽𝐼𝑛𝑐) 

Where: 

 DV2020 is the projected Democratic two-party vote share in 2020, 

 𝜎s is the baseline Democratic vote share, unique to each state and based on state-level Cook 

Partisan Voting Index, 

 ∆Gini is the (projected) change in the Gini coefficient between 2016 and 2020, 

∆Educ is the (projected) change in the educational attainment between 2016 and 2020, 

 ∆White is the (projected) change in the white population level between 2016 and 2020, & 

 ∆Inc is the (projected) change in the median household income between 2016 and 2020. 

Regression coefficients from Table 4, Model 5 were used, because a novel regression utilizing 

these key variables could be fettered by omitted variable bias. These coefficients are reproduced 

for convenience here:  

Regression Coefficient βGini βEduc βWhite βInc 

Value 0.119 0.650 -0.501 -0.182 

 

Cook Partisan Voting Index (PVI) is a well-known and respected quantitative measurement of the 

partisan lean of congressional districts and states. A PVI is calculated by comparing a 

congressional district or state’s average Democratic or Republican share of the two-party 
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presidential vote in the past two presidential elections to the national average share for those 

elections (Wasserman, 2012). I made each state’s PVI its baseline for their 2020 projection. 

Example: Alabama’s 2020 Presidential vote projection. 

State Year Dem Vote Rep Vote Gini Inc White  Educ 

Alabama 2020       

Alabama 2016 35.60 64.40 54.49 46.31 66.46 27.30 

Alabama 2012 38.80 61.20 59.28 43.46 66.75 25.60 

Alabama 2008 39.10 60.90 64.50 50.40 69.65 21.15 

Alabama 2004 37.10 62.90 60.63 48.71 69.65 20.00 

Alabama 2000 42.40 57.60 56.27 52.03 70.30 19.00 

Alabama 1996 46.30 53.70 57.66 44.47 72.70 17.30 

 

Using Excel, I took the data points from the last five election years (1996-2016) and extrapolated 

this out to 2020. Excel automatically uses a linear best-fit trend. 

State Year Dem Vote Rep Vote Gini Inc White  Educ 

Alabama 2020 45.21 54.79 58.51 46.081 65.1 28.8 

Alabama 2016 35.60 64.40 54.49 46.31 66.46 27.30 

Alabama 2012 38.80 61.20 59.28 43.46 66.75 25.60 

Alabama 2008 39.10 60.90 64.50 50.40 69.65 21.15 

Alabama 2004 37.10 62.90 60.63 48.71 69.65 20.00 

Alabama 2000 42.40 57.60 56.27 52.03 70.30 19.00 

Alabama 1996 46.30 53.70 57.66 44.47 72.70 17.30 

 

Alabama’s has an R +14 PVI, which equates to an average election result of 57% for the 

Republican and 43% for the Democrat. So, plugging in 43 for 𝜎s, I then followed the projection 

methodology equation on the previous page, multiplying the change in Gini coefficient, median 

household income, white population level and education by their respective regression 

coefficients. The result was a projected Democratic two-party vote share of 45.21%, to 54.79% for 

the Republican. I completed this for the other fifty states, plus the District of Columbia, the results 

of which can be found in Table 9 on pages 59-60 in the Appendix. 
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Projection Analysis 

 Figure 2 is nothing short of a Democratic partisan’s fever dream. A Democrat hasn’t won 

the White House by a similar 200 electoral vote margin since Bill Clinton did so in 1996. In this 

2020 projection, the Democrats took every swing/purple state, and even those that took on a 

distinctly reddish hue in 2016, like Iowa and Ohio. Before delving into what, if anything, can be 

gleaned from this, it’s worth mentioning the shortcomings of this projection. First, although my 

analysis showed that Gini coefficient, educational attainment, the white population level and 

median household income are the most salient characteristics when controlling for the vagaries of 

the election year and the state, it is foolhardy to assume that there are only four variables that rise 

above the din and deserve consideration. Many, many other factors must be considered when 

handicapping a Presidential election, including candidate quality, high profile gaffes on the 

campaign trail and October “surprises” in the run-up to Election Day. Secondly, this model relied 

on extrapolations of the key variables. A peek at the “Dem Margin” column in Table 9 (pages 59-

60) shows that the states that flipped did only barely, meaning that imprecise estimates could result 

in the projection system predicting that Republicans would retain these states and their electoral 

vote haul in our first-past-the-post system.  

 At first glance, the projection does look one-sided, but the model actually exerts a bias 

towards the middle ground. As in, red states get a little less “Republican” and blue states get a little 

less “Democratic.” For example, the model projects the Democratic candidate to gain 10 points on 

Hillary Clinton’s 2016 performance in Alabama, but it also projects Donald Trump to gain nearly 

seven percentage points in California. Let’s make sense of this projection, examining the four key 

variables utilized. Gini coefficient projections may be decreasing or increasing depending on the 

state (although this analysis and all the literature reviewed suggests that at a country-wide scale, 
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inequality continues to rise), and since the Gini coefficient regression coefficient had the smallest 

magnitude, this variable is likely a net neutral in the projection.  

White population level, however, is decreasing in every state, albeit at different rates. 

According to my analysis, this helps Democrats, because non-white voters choose Democrats at a 

higher rate than white voters do, even when accounting for differences between voters in different 

states and election years. If this holds true, the increasing diversity of America, dispersed 

nationwide, will help elect Democrats to the Oval Office. Of course, this is not breaking news by 

any means but a caveat here is necessary. It is certainly folly to assume that any partisan trend 

within any discrete demographic is immutable. As explored previously in this thesis, Republicans 

have been winning a larger and larger share of the white cohort since Ronald Reagan was running 

for office, offsetting Republican losses in the growing nonwhite voting population. These two 

trends have roughly balanced each other out, meaning the two parties have maintained near parity 

at the national level, with no candidate capturing over 53% of the vote since 1988. Further, a white 

voter in Vermont is more likely to vote Democratic than a white voter in Michigan, and that white 

voter in Michigan is more likely to vote Democratic than a white voter in Mississippi. Still, on 

balance, decreasing white population levels are likely to benefit Democrats. 

Median household income is another fascinating variable to examine. Wages have been 

largely stagnant for decades, and that is reflected in the 2020 state-level projections, in which the 

majority of states are predicted to have decreased median incomes versus 2016. With Gelman’s 

well-founded belief that increasing income is correlated with increased affiliation with the 

Republican Party, income stagnation could reasonably be assumed to help the Democrats and their 

more redistributive politics. Another complication is Gelman’s other hypothesis that in rich states,  
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there is very little partisan difference in vote choice between the rich and the poor, whereas in poor 

states, richer people are much more likely than poor people to vote Republican. Squaring these 

two theories, stagnating incomes in “poorer” states may have a larger electoral effect than 

stagnating incomes in “richer” states, which are less sensitive to this fiscal-political paradigm. 

Lastly, there is education, or as I measured it, the percentage of a state’s population that 

holds at least a bachelor’s degree. This figure for each state, nearly unanimously, is increasing. 

College graduates, regardless of gender or race cohort, are far more likely to choose Democrats 

than those without a college degree. I discuss the “diploma divide” previously on page 45, a 

prominent and portentous dichotomy that has been corroborated in both academia and popular 

writing and now, in my empirical data as well, where education’s regression coefficient had the 

largest magnitude. Of all the relationships between my dependent and independent variables, that 

between education and the Democratic vote share seems to be both sturdy and long-lasting, and I 

predict that this will continue to hurt Republican electoral prospects going forward. 

Limitations of This Analysis 

 One factor that I could not consider due to lack of publicly available data was voter turnout 

statistics at the state level for my time frame. Many studies believe that income inequality has a 

causal effect on turnout rates, wherein those that are making relatively less money feel 

disenfranchised and are less likely to vote. I would like to explore the relationship between turnout 

rate and Democratic vote share, as well as its potential relationship with the other variables in my 

data set. Lacking voter participation data may introduce omitted variable bias, but that bias may 

be mitigated by including state fixed effects, if particular states tend to have higher or lower turnout 

rates for myriad reasons. 
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 Another frustrating aspect of this analysis, which I expounded on previously, are my 

concerns on the potential multicollinearity between the Gini coefficient and educational 

attainment. Since multicollinearity can distort regressions and give inaccurate results, I’m not 

certain whether the βGini of 0.220 in Model 4 or the βGini of 0.119 in Model 5 is more accurate, or 

whether the true βGini is somewhere in the middle. That said, the regression coefficients for both 

Gini coefficient and education are highly significant so leaving these variables out of the regression 

would be unwise.  

An additional shortcoming is the lack of granularity in the available data. I used state-level 

data because I thought it would better show trends than national-level data (which is almost surely 

the case), but as I explored above, state-level data has its shortcomings with a few of my variables, 

including the Gini coefficient, population density, urban population and median household 

income. All four measures are much more concentrated in smaller geographic units and get 

dispersed and “leveled off” as the unit increases in size. If it was feasible from a data-accessibility 

(and time-consuming) standpoint, collecting the same panel data set of twelve variables at a county 

or Congressional district level and running the same series of regressions may be helpful in 

elucidating trends that are obscured in state-level data alone. 

 Also, this analysis required a lot of both interpolation and extrapolation. Every time an 

estimate is made, a projection or model loses precision, even if that estimate is made according to 

sound statistical practices. Throughout this analysis, both in the empirical results and electoral 

projection, data points needed to be estimated. All conclusions should acknowledge this 

shortcoming and potential inexactitude. 

 Lastly, measurement unit specification is always a tricky thing. In particular, the metrics I 

used to approximate variables like education, religiosity and the economy may or may not had the 
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most explanatory power. For instance, I cannot be sure that the percentage of a state’s population 

with at least a bachelor’s degree is a better variable than a tiered metric that divides education into, 

perhaps, did not complete high school, high school diploma, some college, college degree and 

post-graduate degree. It is very possible that the tiered system may illuminate trends better, but it 

would also likely run into data-accessibility and completeness obstacles. Similarly, I used GDP 

per capita change to try and control for population disparities between states as well as the 

fluctuations of state economies, but there are a host of metrics the Bureau of Labor Statistics 

inventories that may have provided more insight to this analysis than the one I chose, which was 

disappointedly peripheral to most of this discussion due to its statistical insignificance and trivial 

regression coefficient.  

Suggestions for Future Research 

 Income inequality shows no signs of abating and has been a popular topic of interest to 

social and political scientists, politicians, activists and laypeople as they see these inequities around 

them more starkly. This interest makes it likely for people to continue to measure inequality and 

the interactions it may have with many other aspects of our lives.  

 As previously suggested by Solt and Schattschneider, the relationship between income 

inequality and voter participation is particularly intriguing and deserves more investigation. Voter 

participation and partisan preference would also be a worthy topic. The national Democratic and 

Republican parties have taken opposite approaches to voting rights, with the latter enacting ID 

requirements, curbing voter registration drives and rolling back early voting periods laws that 

made it harder to register and vote (Wines, 2019); whereas the former seeking to automatically 

register eligible citizens to vote, outlaw discriminatory tactics meant to remove voters from the 
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rolls and even ban gerrymandering (Fandos, 2019). Further research could understand whether 

these legislative pushes are worth the political capital. 

 The measurement unit of income inequality is worth exploration. This analysis could be 

attempted with metrics mentioned here, like the 80/20 income ratio, and those that aren’t, like 

income bands, which would enable insights into different classes, a topic of explored by Gelman 

et al. (2010). 

 Education, shown to be such a potent predictive force in this analysis, deserves further 

enquiry. Despite the ever-increasing cost of higher education and the resulting debt it incurs, more 

and more Americans are going to college than ever. This has been shown to have a serious effect 

on partisanship, so perhaps a more in-depth analysis with a tiered measurement of educational 

attainment mentioned previously would be enlightening. 
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APPENDIX 

Table 9: 2016 Results and 2020 Projections for Each State 

 

State Year Dem Vote Rep Vote Dem Marg State Winner Gini MH Inc White Pop Educ

Alabama 2020 45.21 54.79 -9.59 Republican 58.51 46.08 65.07 28.82

Alabama 2016 35.60 64.40 -28.80 Republican 54.49 46.31 66.46 27.30

Alaska 2020 48.27 51.73 -3.46 Republican 54.67 68.23 60.72 32.22

Alaska 2016 41.60 58.40 -16.80 Republican 58.37 76.14 62.96 31.22

Arizona 2020 50.32 49.68 0.65 Democratic 64.85 52.05 53.33 31.98

Arizona 2016 48.10 51.90 -3.80 Republican 64.41 53.48 56.45 30.52

Arkansas 2020 45.14 54.86 -9.72 Republican 61.31 43.53 72.23 26.14

Arkansas 2016 35.70 64.30 -28.60 Republican 56.03 44.41 73.94 24.60

California 2020 59.17 40.83 18.34 Democratic 73.45 64.84 34.10 36.82

California 2016 66.10 33.90 32.20 Democratic 75.34 67.72 37.81 35.26

Colorado 2020 53.44 46.56 6.88 Democratic 66.73 63.04 66.33 45.86

Colorado 2016 52.70 47.30 5.40 Democratic 68.09 65.72 68.72 43.69

Connecticut 2020 55.13 44.87 10.26 Democratic 74.71 71.32 67.10 44.04

Connecticut 2016 57.10 42.90 14.20 Democratic 77.40 73.38 69.53 42.72

Delaware 2020 56.72 43.28 13.45 Democratic 59.77 55.94 60.71 35.16

Delaware 2016 56.00 44.00 12.00 Democratic 60.27 62.11 63.77 33.43

DC 2020 94.79 5.21 89.58 Democratic 69.83 76.23 37.26 65.05

DC 2016 95.70 4.30 91.40 Democratic 73.31 74.09 35.87 63.07

Florida 2020 51.63 48.37 3.27 Democratic 74.93 50.98 52.91 32.47

Florida 2016 49.40 50.60 -1.20 Republican 73.89 50.86 56.27 31.16

Georgia 2020 51.13 48.87 2.26 Democratic 64.35 51.06 51.27 35.51

Georgia 2016 47.30 52.70 -5.40 Republican 61.27 53.47 54.44 33.61

Hawaii 2020 62.31 37.69 24.61 Democratic 58.83 68.66 19.52 35.91

Hawaii 2016 67.40 32.60 34.80 Democratic 58.19 74.66 21.73 34.32

Idaho 2020 42.86 57.14 -14.28 Republican 67.44 50.74 81.08 30.97

Idaho 2016 31.70 68.30 -36.60 Republican 65.56 51.65 82.88 29.32

Illinois 2020 57.13 42.87 14.27 Democratic 67.10 55.81 59.53 39.78

Illinois 2016 59.00 41.00 18.00 Democratic 67.02 60.98 62.01 37.56

Indiana 2020 48.40 51.60 -3.20 Republican 58.71 48.74 78.83 29.54

Indiana 2016 39.90 60.10 -20.20 Republican 56.53 52.29 80.59 27.83

Iowa 2020 50.11 49.89 0.23 Democratic 58.14 55.52 86.23 24.23

Iowa 2016 44.90 55.10 -10.20 Republican 57.34 56.35 87.80 23.33

Kansas 2020 46.11 53.89 -7.79 Republican 63.72 54.43 74.66 37.46

Kansas 2016 38.90 61.10 -22.20 Republican 62.75 54.83 76.89 35.46

Kentucky 2020 45.34 54.66 -9.32 Republican 56.98 42.77 84.56 27.59

Kentucky 2016 34.30 65.70 -31.40 Republican 53.31 46.61 85.74 25.87

Louisiana 2020 46.81 53.19 -6.37 Republican 65.07 42.64 58.39 26.79

Louisiana 2016 39.80 60.20 -20.40 Republican 61.81 45.37 59.60 25.53

Maine 2020 53.76 46.24 7.52 Democratic 55.53 50.99 93.20 35.82

Maine 2016 51.60 48.40 3.20 Democratic 52.91 52.93 93.97 33.95

Maryland 2020 58.90 41.10 17.80 Democratic 62.49 78.19 49.51 45.26

Maryland 2016 64.00 36.00 28.00 Democratic 64.57 78.79 52.72 43.06

Massachusetts 2020 59.00 41.00 18.01 Democratic 68.79 73.43 71.99 49.77

Massachusetts 2016 64.70 35.30 29.40 Democratic 70.65 75.21 74.48 47.23

Michigan 2020 53.26 46.74 6.53 Democratic 64.16 48.72 74.37 32.86

Michigan 2016 49.90 50.10 -0.20 Republican 62.42 52.44 75.63 30.94

Minnesota 2020 53.35 46.65 6.70 Democratic 62.81 64.29 79.42 41.29

Minnesota 2016 50.80 49.20 1.60 Democratic 63.52 65.58 81.75 38.93

Mississippi 2020 48.15 51.85 -3.70 Republican 57.77 38.88 56.50 24.55

Mississippi 2016 40.90 59.10 -18.20 Republican 50.92 41.79 57.62 23.41

Missouri 2020 47.80 52.20 -4.41 Republican 62.21 49.17 78.98 33.09

Missouri 2016 40.20 59.80 -19.60 Republican 60.09 51.71 80.28 31.66

Montana 2020 46.64 53.36 -6.73 Republican 63.83 49.92 86.26 35.52

Montana 2016 38.90 61.10 -22.20 Republican 60.68 50.27 87.13 33.57

Nebraska 2020 45.75 54.25 -8.50 Republican 61.30 56.28 78.93 36.63

Nebraska 2016 36.50 63.50 -27.00 Republican 60.69 56.98 80.94 34.26

Nevada 2020 50.50 49.50 1.00 Democratic 78.06 51.73 46.32 26.77

Nevada 2020 68.49 31.51 36.98 Democratic 78.06 51.73 46.32 26.77

New Hampshire 2020 50.97 49.03 1.93 Democratic 61.77 74.57 90.58 42.60

New Hampshire 2016 50.20 49.80 0.40 Democratic 63.07 70.99 91.65 40.69

New Jersey 2020 57.00 43.00 14.00 Democratic 69.19 72.56 54.13 45.00

New Jersey 2016 57.30 42.70 14.60 Democratic 71.06 76.21 57.32 42.75

New Mexico 2020 53.61 46.39 7.22 Democratic 59.96 48.18 37.18 30.12

New Mexico 2016 54.70 45.30 9.40 Democratic 56.11 46.84 39.40 28.92

New York 2020 59.51 40.49 19.03 Democratic 76.08 57.46 54.17 41.33

New York 2016 61.80 38.20 23.60 Democratic 76.32 62.70 56.58 39.21

North Carolina 2020 52.41 47.59 4.82 Democratic 60.77 44.82 62.11 35.61

North Carolina 2016 48.10 51.90 -3.80 Republican 57.92 50.60 64.27 33.40

North Dakota 2020 43.06 56.94 -13.88 Republican 64.61 63.21 87.02 34.30

North Dakota 2016 30.20 69.80 -39.60 Republican 64.11 61.90 88.15 32.50

Ohio 2020 51.36 48.64 2.72 Democratic 58.70 48.15 79.02 31.88

Ohio 2016 45.70 54.30 -8.60 Democratic 56.65 52.36 80.32 30.03

Oklahoma 2020 41.92 58.08 -16.15 Republican 62.41 52.09 64.30 28.28

Oklahoma 2016 30.70 69.30 -38.60 Republican 59.83 49.20 67.00 27.07

Oregon 2020 55.81 44.19 11.61 Democratic 60.30 54.87 74.19 37.19

Oregon 2016 56.20 43.80 12.40 Democratic 59.33 57.38 76.95 35.12

Pennsylvania 2020 52.67 47.33 5.33 Democratic 62.27 55.43 76.71 35.82

Pennsylvania 2016 49.60 50.40 -0.80 Democratic 61.14 56.90 78.48 33.70

Rhode Island 2020 57.87 42.13 15.74 Democratic 61.42 59.65 71.82 39.44

Rhode Island 2016 58.30 41.70 16.60 Democratic 60.60 60.05 74.67 37.48

South Carolina 2020 47.15 52.85 -5.70 Republican 59.87 46.63 62.58 12.01

South Carolina 2016 42.50 57.50 -15.00 Republican 55.74 49.59 63.59 12.60

South Dakota 2020 44.95 55.05 -10.09 Republican 64.82 55.83 82.36 33.29

South Dakota 2016 34.00 66.00 -32.00 Republican 63.38 54.93 83.77 31.38

Tennessee 2020 45.81 54.19 -8.38 Republican 61.31 45.68 73.37 30.69

Tennessee 2016 36.40 63.60 -27.20 Republican 57.88 48.51 74.90 28.97

Texas 2020 48.90 51.10 -2.19 Republican 67.36 55.21 40.18 32.68

Texas 2016 45.30 54.70 -9.40 Republican 66.67 56.58 43.51 31.29

Utah 2020 42.49 57.51 -15.02 Republican 64.27 65.12 76.78 36.47

Utah 2016 37.60 62.40 -24.80 Republican 64.60 65.93 79.20 34.67

Vermont 2020 59.42 40.58 18.85 Democratic 59.44 58.25 93.02 43.47

Vermont 2016 65.20 34.80 30.40 Democratic 57.65 57.66 93.85 41.31

Virginia 2020 52.71 47.29 5.42 Democratic 64.00 70.16 61.04 44.07

Virginia 2016 52.80 47.20 5.60 Democratic 65.07 68.13 63.50 41.80

Washington 2020 55.98 44.02 11.95 Democratic 65.97 68.25 67.63 39.46

Washington 2016 58.80 41.20 17.60 Democratic 67.59 67.06 70.75 37.43

West Virginia 2020 41.86 58.14 -16.28 Republican 52.60 45.55 92.33 23.40

West Virginia 2016 27.80 72.20 -44.40 Republican 47.36 43.18 92.92 22.05

Wisconsin 2020 53.11 46.89 6.22 Democratic 60.85 52.45 80.48 34.06

Wisconsin 2016 49.60 50.40 -0.80 Democratic 59.86 56.81 82.20 32.00

Wyoming 2020 38.44 61.56 -23.11 Republican 67.17 63.74 84.16 29.80

Wyoming 2016 24.30 75.70 -51.40 Republican 68.29 61.69 85.25 28.41
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Table 9 (cont.) 

 

 

Ohio 2020 51.36 48.64 2.72 Democratic 58.70 48.15 79.02 31.88

Ohio 2016 45.70 54.30 -8.60 Republican 56.65 52.36 80.32 30.03

Oklahoma 2020 41.92 58.08 -16.15 Republican 62.41 52.09 64.30 28.28

Oklahoma 2016 30.70 69.30 -38.60 Republican 59.83 49.20 67.00 27.07

Oregon 2020 55.81 44.19 11.61 Democratic 60.30 54.87 74.19 37.19

Oregon 2016 56.20 43.80 12.40 Democratic 59.33 57.38 76.95 35.12

Pennsylvania 2020 52.67 47.33 5.33 Democratic 62.27 55.43 76.71 35.82

Pennsylvania 2016 49.60 50.40 -0.80 Republican 61.14 56.90 78.48 33.70

Rhode Island 2020 57.87 42.13 15.74 Democratic 61.42 59.65 71.82 39.44

Rhode Island 2016 58.30 41.70 16.60 Democratic 60.60 60.05 74.67 37.48

South Carolina 2020 47.15 52.85 -5.70 Republican 59.87 46.63 62.58 12.01

South Carolina 2016 42.50 57.50 -15.00 Republican 55.74 49.59 63.59 12.60

South Dakota 2020 44.95 55.05 -10.09 Republican 64.82 55.83 82.36 33.29

South Dakota 2016 34.00 66.00 -32.00 Republican 63.38 54.93 83.77 31.38

Tennessee 2020 45.81 54.19 -8.38 Republican 61.31 45.68 73.37 30.69

Tennessee 2016 36.40 63.60 -27.20 Republican 57.88 48.51 74.90 28.97

Texas 2020 48.90 51.10 -2.19 Republican 67.36 55.21 40.18 32.68

Texas 2016 45.30 54.70 -9.40 Republican 66.67 56.58 43.51 31.29

Utah 2020 42.49 57.51 -15.02 Republican 64.27 65.12 76.78 36.47

Utah 2016 37.60 62.40 -24.80 Republican 64.60 65.93 79.20 34.67

Vermont 2020 59.42 40.58 18.85 Democratic 59.44 58.25 93.02 43.47

Vermont 2016 65.20 34.80 30.40 Democratic 57.65 57.66 93.85 41.31

Virginia 2020 52.71 47.29 5.42 Democratic 64.00 70.16 61.04 44.07

Virginia 2016 52.80 47.20 5.60 Democratic 65.07 68.13 63.50 41.80

Washington 2020 55.98 44.02 11.95 Democratic 65.97 68.25 67.63 39.46

Washington 2016 58.80 41.20 17.60 Democratic 67.59 67.06 70.75 37.43

West Virginia 2020 41.86 58.14 -16.28 Republican 52.60 45.55 92.33 23.40

West Virginia 2016 27.80 72.20 -44.40 Republican 47.36 43.18 92.92 22.05

Wisconsin 2020 53.11 46.89 6.22 Democratic 60.85 52.45 80.48 34.06

Wisconsin 2016 49.60 50.40 -0.80 Republican 59.86 56.81 82.20 32.00

Wyoming 2020 38.44 61.56 -23.11 Republican 67.17 63.74 84.16 29.80

Wyoming 2016 24.30 75.70 -51.40 Republican 68.29 61.69 85.25 28.41

State Year Dem Vote Rep Vote Dem Marg State Winner Gini MH Inc White Pop Educ

Alabama 2020 45.21 54.79 -9.59 Republican 58.51 46.08 65.07 28.82

Alabama 2016 35.60 64.40 -28.80 Republican 54.49 46.31 66.46 27.30

Alaska 2020 48.27 51.73 -3.46 Republican 54.67 68.23 60.72 32.22

Alaska 2016 41.60 58.40 -16.80 Republican 58.37 76.14 62.96 31.22

Arizona 2020 50.32 49.68 0.65 Democratic 64.85 52.05 53.33 31.98

Arizona 2016 48.10 51.90 -3.80 Republican 64.41 53.48 56.45 30.52

Arkansas 2020 45.14 54.86 -9.72 Republican 61.31 43.53 72.23 26.14

Arkansas 2016 35.70 64.30 -28.60 Republican 56.03 44.41 73.94 24.60

California 2020 59.17 40.83 18.34 Democratic 73.45 64.84 34.10 36.82

California 2016 66.10 33.90 32.20 Democratic 75.34 67.72 37.81 35.26

Colorado 2020 53.44 46.56 6.88 Democratic 66.73 63.04 66.33 45.86

Colorado 2016 52.70 47.30 5.40 Democratic 68.09 65.72 68.72 43.69

Connecticut 2020 55.13 44.87 10.26 Democratic 74.71 71.32 67.10 44.04

Connecticut 2016 57.10 42.90 14.20 Democratic 77.40 73.38 69.53 42.72

Delaware 2020 56.72 43.28 13.45 Democratic 59.77 55.94 60.71 35.16

Delaware 2016 56.00 44.00 12.00 Democratic 60.27 62.11 63.77 33.43

DC 2020 94.79 5.21 89.58 Democratic 69.83 76.23 37.26 65.05

DC 2016 95.70 4.30 91.40 Democratic 73.31 74.09 35.87 63.07

Florida 2020 51.63 48.37 3.27 Democratic 74.93 50.98 52.91 32.47

Florida 2016 49.40 50.60 -1.20 Republican 73.89 50.86 56.27 31.16

Georgia 2020 51.13 48.87 2.26 Democratic 64.35 51.06 51.27 35.51

Georgia 2016 47.30 52.70 -5.40 Republican 61.27 53.47 54.44 33.61

Hawaii 2020 62.31 37.69 24.61 Democratic 58.83 68.66 19.52 35.91

Hawaii 2016 67.40 32.60 34.80 Democratic 58.19 74.66 21.73 34.32

Idaho 2020 42.86 57.14 -14.28 Republican 67.44 50.74 81.08 30.97

Idaho 2016 31.70 68.30 -36.60 Republican 65.56 51.65 82.88 29.32

Illinois 2020 57.13 42.87 14.27 Democratic 67.10 55.81 59.53 39.78

Illinois 2016 59.00 41.00 18.00 Democratic 67.02 60.98 62.01 37.56

Indiana 2020 48.40 51.60 -3.20 Republican 58.71 48.74 78.83 29.54

Indiana 2016 39.90 60.10 -20.20 Republican 56.53 52.29 80.59 27.83

Iowa 2020 50.11 49.89 0.23 Democratic 58.14 55.52 86.23 24.23

Iowa 2016 44.90 55.10 -10.20 Republican 57.34 56.35 87.80 23.33

Kansas 2020 46.11 53.89 -7.79 Republican 63.72 54.43 74.66 37.46

Kansas 2016 38.90 61.10 -22.20 Republican 62.75 54.83 76.89 35.46

Kentucky 2020 45.34 54.66 -9.32 Republican 56.98 42.77 84.56 27.59

Kentucky 2016 34.30 65.70 -31.40 Republican 53.31 46.61 85.74 25.87

Louisiana 2020 46.81 53.19 -6.37 Republican 65.07 42.64 58.39 26.79

Louisiana 2016 39.80 60.20 -20.40 Republican 61.81 45.37 59.60 25.53

Maine 2020 53.76 46.24 7.52 Democratic 55.53 50.99 93.20 35.82

Maine 2016 51.60 48.40 3.20 Democratic 52.91 52.93 93.97 33.95

Maryland 2020 58.90 41.10 17.80 Democratic 62.49 78.19 49.51 45.26

Maryland 2016 64.00 36.00 28.00 Democratic 64.57 78.79 52.72 43.06

Massachusetts 2020 59.00 41.00 18.01 Democratic 68.79 73.43 71.99 49.77

Massachusetts 2016 64.70 35.30 29.40 Democratic 70.65 75.21 74.48 47.23

Michigan 2020 53.26 46.74 6.53 Democratic 64.16 48.72 74.37 32.86

Michigan 2016 49.90 50.10 -0.20 Republican 62.42 52.44 75.63 30.94

Minnesota 2020 53.35 46.65 6.70 Democratic 62.81 64.29 79.42 41.29

Minnesota 2016 50.80 49.20 1.60 Democratic 63.52 65.58 81.75 38.93

Mississippi 2020 48.15 51.85 -3.70 Republican 57.77 38.88 56.50 24.55

Mississippi 2016 40.90 59.10 -18.20 Republican 50.92 41.79 57.62 23.41

Missouri 2020 47.80 52.20 -4.41 Republican 62.21 49.17 78.98 33.09

Missouri 2016 40.20 59.80 -19.60 Republican 60.09 51.71 80.28 31.66

Montana 2020 46.64 53.36 -6.73 Republican 63.83 49.92 86.26 35.52

Montana 2016 38.90 61.10 -22.20 Republican 60.68 50.27 87.13 33.57

Nebraska 2020 45.75 54.25 -8.50 Republican 61.30 56.28 78.93 36.63

Nebraska 2016 36.50 63.50 -27.00 Republican 60.69 56.98 80.94 34.26

Nevada 2020 50.50 49.50 1.00 Democratic 78.06 51.73 46.32 26.77

Nevada 2020 68.49 31.51 36.98 Democratic 78.06 51.73 46.32 26.77

New Hampshire 2020 50.97 49.03 1.93 Democratic 61.77 74.57 90.58 42.60

New Hampshire 2016 50.20 49.80 0.40 Democratic 63.07 70.99 91.65 40.69

New Jersey 2020 57.00 43.00 14.00 Democratic 69.19 72.56 54.13 45.00

New Jersey 2016 57.30 42.70 14.60 Democratic 71.06 76.21 57.32 42.75

New Mexico 2020 53.61 46.39 7.22 Democratic 59.96 48.18 37.18 30.12

New Mexico 2016 54.70 45.30 9.40 Democratic 56.11 46.84 39.40 28.92

New York 2020 59.51 40.49 19.03 Democratic 76.08 57.46 54.17 41.33

New York 2016 61.80 38.20 23.60 Democratic 76.32 62.70 56.58 39.21

North Carolina 2020 52.41 47.59 4.82 Democratic 60.77 44.82 62.11 35.61

North Carolina 2016 48.10 51.90 -3.80 Republican 57.92 50.60 64.27 33.40

North Dakota 2020 43.06 56.94 -13.88 Republican 64.61 63.21 87.02 34.30

North Dakota 2016 30.20 69.80 -39.60 Republican 64.11 61.90 88.15 32.50

Ohio 2020 51.36 48.64 2.72 Democratic 58.70 48.15 79.02 31.88

Ohio 2016 45.70 54.30 -8.60 Democratic 56.65 52.36 80.32 30.03

Oklahoma 2020 41.92 58.08 -16.15 Republican 62.41 52.09 64.30 28.28

Oklahoma 2016 30.70 69.30 -38.60 Republican 59.83 49.20 67.00 27.07

Oregon 2020 55.81 44.19 11.61 Democratic 60.30 54.87 74.19 37.19

Oregon 2016 56.20 43.80 12.40 Democratic 59.33 57.38 76.95 35.12

Pennsylvania 2020 52.67 47.33 5.33 Democratic 62.27 55.43 76.71 35.82

Pennsylvania 2016 49.60 50.40 -0.80 Democratic 61.14 56.90 78.48 33.70

Rhode Island 2020 57.87 42.13 15.74 Democratic 61.42 59.65 71.82 39.44

Rhode Island 2016 58.30 41.70 16.60 Democratic 60.60 60.05 74.67 37.48

South Carolina 2020 47.15 52.85 -5.70 Republican 59.87 46.63 62.58 12.01

South Carolina 2016 42.50 57.50 -15.00 Republican 55.74 49.59 63.59 12.60

South Dakota 2020 44.95 55.05 -10.09 Republican 64.82 55.83 82.36 33.29

South Dakota 2016 34.00 66.00 -32.00 Republican 63.38 54.93 83.77 31.38

Tennessee 2020 45.81 54.19 -8.38 Republican 61.31 45.68 73.37 30.69

Tennessee 2016 36.40 63.60 -27.20 Republican 57.88 48.51 74.90 28.97

Texas 2020 48.90 51.10 -2.19 Republican 67.36 55.21 40.18 32.68

Texas 2016 45.30 54.70 -9.40 Republican 66.67 56.58 43.51 31.29

Utah 2020 42.49 57.51 -15.02 Republican 64.27 65.12 76.78 36.47

Utah 2016 37.60 62.40 -24.80 Republican 64.60 65.93 79.20 34.67

Vermont 2020 59.42 40.58 18.85 Democratic 59.44 58.25 93.02 43.47

Vermont 2016 65.20 34.80 30.40 Democratic 57.65 57.66 93.85 41.31

Virginia 2020 52.71 47.29 5.42 Democratic 64.00 70.16 61.04 44.07

Virginia 2016 52.80 47.20 5.60 Democratic 65.07 68.13 63.50 41.80

Washington 2020 55.98 44.02 11.95 Democratic 65.97 68.25 67.63 39.46

Washington 2016 58.80 41.20 17.60 Democratic 67.59 67.06 70.75 37.43

West Virginia 2020 41.86 58.14 -16.28 Republican 52.60 45.55 92.33 23.40

West Virginia 2016 27.80 72.20 -44.40 Republican 47.36 43.18 92.92 22.05

Wisconsin 2020 53.11 46.89 6.22 Democratic 60.85 52.45 80.48 34.06

Wisconsin 2016 49.60 50.40 -0.80 Democratic 59.86 56.81 82.20 32.00

Wyoming 2020 38.44 61.56 -23.11 Republican 67.17 63.74 84.16 29.80

Wyoming 2016 24.30 75.70 -51.40 Republican 68.29 61.69 85.25 28.41
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