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Abstract: This paper exploits US county-level variations in income inequality and a variety 

of demographic factors to test the empirical association between inequalities and COVID-19 

health outcomes between January and December 2020. The results suggest that the distribution 

of income is a robust and statistically significant predictor of adverse health outcomes, which 

is consistent with the most recent literature. In addition, this paper argues that inequality ten 

years prior to the pandemic is a better predictor of confirmed cases and mortality, implying 

that causal pathways present with a lag.  Furthermore, this effect is mitigated for counties that 

experienced a decrease in inequality and amplified for counties that have become more 

unequal, suggesting that public policy aimed at addressing inequality will directly and/or 

indirectly improve health outcomes, including for COVID-19.  
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I. Introduction  

 

Income inequality has received much attention over the years. Widening economic 

inequalities worldwide and their complex ramifications on society have piqued the interest of 

multidisciplinary researchers and policy makers (IMF, 2015; Mayhew & Wills, 2019). They have 

been linked - causally and otherwise – to a sweeping array of phenomena ranging from crime and 

civil conflict to democracy, economic growth, and health outcomes (Elgar & Aitken, 2011; IMF, 

2015). The United States accounted for a quarter of global confirmed cases of the SARS-CoV-2 

virus and a fifth of associated deaths as of March 2021. It also is the most unequal country of the 

G7. Recent literature suggests that inequality plays an important role in the country’s resilience to 

the virus (Oronce et al., 2020; Karmakar et al., 2021). This paper contributes to this literature by 

analyzing the role of historical inequalities on present health outcomes. It also provides initial 

evidence that the trend in income inequality (rising or decreasing) might help explain the 

relationship between health and income gaps. 

The initial motivation behind this analysis is to examine whether the distribution of income 

at the county-level influenced COVID-19 outcomes. For decades, considerable research has linked 

income, be it relative or absolute, to adverse health outcomes (Marmot et al., 1991; Wilkinson, 

1992; Kawachi et al, 2002). Exploiting US state-level variations in the distribution of income, 

Kaplan et al. (1996) found a significant association between inequalities and a large number of 

health outcomes, thus echoing Wilkinson’s (1992) notion that relative income may adversely affect 

health outcomes and mortality. Several authors have upheld the importance of considering relative 

income alongside absolute income to study population health outcomes (Wilkinson & Pickett, 

2015). To quote De Maio (2014, p.1), the income inequality hypothesis (IIH), or relative income 

hypothesis, “asserts that an individual's health is influenced not only by their own level of income, 

but by the level of inequality in the area in which they live”. As such, the IIH suggests that in 

developed countries, economic disparities play a determining role in health outcomes, more so 

than absolute income. The answer as to how the distribution of income affects health lies both in 

the underlying mechanisms that allow inequality to rise in the first place, as well as in the pervasive 

social effects of rising inequalities in a community. For example, Kahn et al. (2000) suggest that 

policy frameworks conducive to increasing inequality are associated with under investment in 

safety nets and public services, thus placing sub-groups of the population at risk of not being able 
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to care for their health optimally. Elgar et al. (2020) suggest that high levels of inequality 

deteriorate interpersonal trust and negatively affect social cohesion, both of which are important 

in the elaboration and implementation of public health policy. Bor et al. (2017) implicate the 

eroded social fabric resulting from inequality as it can decrease confidence in public institutions 

and increase chronic stress among sub-groups of the population. 

This paper intends to apply the IIH to US counties’ COVID-19 infection and mortality 

rates, by empirically testing the extent to which past and current distribution of income predict the 

resilience of a community when faced with a public health crisis. To the best of my knowledge, 

this research represents the first attempt to analyze the role of past inequalities on the risk of 

infection and mortality in the context of COVID-19. It also explores the role of ‘trends’ in income 

inequality, measured by inequality over two time periods, to determine the role of persistent 

inequality and changing inequality, on health.   

One reason why I am able to undertake this analysis is the availability of a rich amount of 

data on county-specific variables in the United States.  Often, the IIH is applied to between country 

analyses but several factors such as cultural, political, and geographical differences restrict the 

research to a few countries that are ‘similar’ in these regards. But heterogeneity issues remain.  I 

am also able to improve upon the small number of papers that examine the role of inequality in 

health outcomes in the United States by incorporating data on past and current measures of 

inequality, age, race, medical insurance, and political factors to empirically assess how 3 089 

geographical units coped during first 328 days of the pandemic.  

Exploiting variations in the large number of US counties, data from a variety of public 

sources and COVID-19 data up to the start of vaccinations, I find that income inequality is 

positively correlated with the virus’s spread and mortality. One novel finding is that income 

inequality ten years prior to the start of the pandemic is a better predictor of health outcomes than 

current inequalities. By comparing US counties with an upward and downward trend in income 

inequality over the last decade, it appears that reducing inequalities is beneficial to health outcomes 

regardless of the initial or current level. Moreover, rising inequality accentuates the deleterious 

effects of the income inequality hypothesis, thus suggesting that inequality trends play a role in 

the IIH.     
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II. Income Inequality and Health 

 

Much is known of the link between health outcomes and poverty. In 1931, Sydenstricker 

reported higher incidence and mortality of the Spanish flu among working classes in the United 

States. Poverty is linked to reduced life expectancy in a widely cited paper by Wilkinson (1992) 

and mental health deterioration and unhealthy behaviours such as drug use (Hollingsworth et al., 

2017). Studies have found that lower job status and environmental factors associated with poorer 

neighbourhoods are linked to higher stress-related morbidity and chronic illnesses such as asthma, 

hypertension, obesity, and cardiovascular diseases (Oates et al., 2018; Bambra, 2016; Bambra, 

2011).1 In the United States, poverty rates are closely linked with negative health outcomes both 

at the state and county-level using self-perceived measures of health status (Mackenbach et al., 

2005), life expectancy (Cutler et al., 2006), and various medical-health biomarkers (Carrieri & 

Jones, 2017).  Although the consensus is well established of the deleterious impact of poverty on 

health, the relationship with income inequality and health remains more ambiguous with research 

differing on the magnitude and causal mechanisms. 

To address the problems arising from income inequality, it is important first to distinguish 

it from related concepts such as poverty. The most widely used measure of income inequality is 

the Gini index, which measures the statistical dispersion of income in a population/group. If 

everyone receives the same share of income, the Gini index takes a value of 0, whereas if a single 

individual or household receives the totality of the income, the Gini index is 1.  Income inequality 

and poverty do not necessarily go hand in hand. For instance, Ireland and Mongolia have a 

significantly lower Gini index than the United States despite having, respectively, a lower and 

higher poverty rate than the United States (World Bank Database, 2021). From the mid 1900s to 

the 1970s, the United States witnessed unprecedented growth and shared prosperity, however, 

since the 1980s a trend in inequality has emerged: the country’s economic growth has not been 

evenly shared across income tiers. Analysis by the Pew Research Center (2020) suggests that the 

median US household income has increased by 49% since 1970, but this increase is unevenly 

distributed across income categories and the number of adults in the middle-class has shrunk by a 

 
1 The increase in chronic illnesses resulting from prolonged exposure to stress is often referred to as the Allostatic 

Load Hypothesis, first described by McEwen and Stellar in a 1993 article entitled "Stress and the individual. 

Mechanisms leading to disease" 
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fifth. According to the latest US Census Bureau2 data, 48% of aggregate income goes to the four 

lower quintiles while 23% of it goes to the top 5%.3 Between 2006 and 2018, the upward trend of 

income inequality is ubiquitous and statistically significant across all US states, although the 

magnitude varies between states (see Figure A). 

Income is a way of amassing wealth and acquiring assets both of which increase resilience 

in times of crisis. A recent study by Saez & Zucman (2020) suggests that wealth inequality in the 

US has adopted an even sharper trend than income inequality as the capital share of income plays 

a steadily growing role, they also point out that traditional methods of measuring inequality fail to 

account for 100% of national income. In an increasingly globalized world, where offshoring and 

hiding assets has become easier, income and wealth inequalities are likely higher than figures 

reported by the Census Bureau. 

Several papers published in the wake of the Covid-19 pandemic have called attention to the 

effect of the pandemic on inequality, with low-wage workers and marginalized communities 

bearing the brunt of the initial shock and facing decreased job prospects currently and going 

forward (Furceri et al., 2020; Bonacini et al., 2020; Stabile et al., 2020). The Covid-19 recession 

is by all indicators the most unequal in recent US history, high-paying jobs and jobs requiring 

degrees rebounded swiftly close to their baseline levels, while low-paying jobs continue to lag 

behind their pre-pandemic levels (Long et al., 2020). Layered onto this asymmetric economic 

impact of Covid across income levels, is the possibility that income inequality actually contributes 

to the health impact of this virus.  

As the Covid-19 pandemic spread rapidly in the United States, socio-economic inequalities 

were amplified through the unequal impact of social-distancing measures and unemployment 

(Bonacini et al., 2021; Blundell et al., 2020).  With the rising death toll, a growing body of research 

is pointing to the role of socio-economic disparities to explain inequalities in Covid-19 incidence 

and mortality, dampening claims that the virus does not discriminate between rich and poor.4 

Although the virus does not discriminate on a biological level, its spread and health impact in the 

 
2 “Table A-4. Selected Measures of Household Income Dispersion” available at 

https://www.census.gov/data/tables/time-series/demo/income-poverty/historical-income-inequality.html  
3 In 1970, around 57% of aggregate income went to bottom 80% earners, and the top 5% earned a share equivalent 

to 16%.  
4 In April 2020, World Health Organization Director General claimed that SARS-CoV-2 “does not discriminate 

between rich nations and poor”. In March 2020, UK cabinet minister Michael Cove said the “virus does not 

discriminate” in response to British Prime Minister Boris Johnson contracting the virus. The phrase has also been 

used by several local institutions such as the Alberta government, the Minnesota Department of Health, and others.  

https://www.census.gov/data/tables/time-series/demo/income-poverty/historical-income-inequality.html
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United States seem to be closely linked with socio-economic, ethnic, and geographical inequalities. 

Minorities are disproportionally affected by the virus, especially people of Hispanic, Afro-

American and Native descent (CDC 2020). As of March 30, 2021, there were 30 million confirmed 

cases and over 540 000 deaths in the USA. 

The leading theory on income inequality and health is the income inequality hypothesis5 

(IIH). Defined by De Maio (2014), the hypothesis “asserts that an individual’s health is influenced 

not only by their own level of income, but by the level of inequality in the area in which they live.” 

The IIH goes beyond the distinction between poor and non-poor by studying the notion that the 

distribution of income inequality within a population is a determinant of overall health.  

The literature is still debating the pathways through which income inequality might affect 

a population’s overall health; it is likely a combination of several mechanisms and idiosyncratic 

factors proper to a nation or subnational unit. One such mechanism described by Kahn et al. 

(2000), and gaining traction in recent studies, is the neo-material pathway, which asserts that the 

rise in income inequality is associated with the systematic underinvestment in social infrastructures 

such as education, health services, food security, and public transportation. Another widely studied 

mechanism points to the erosion of the social fabric and trust, which decreases confidence in public 

institutions and increases chronic stress among sub-groups of the population (Bor et al., 2017). 

Echoed in a recent study by Elgar et al. (2020), this erosion of trust is particularly relevant to the 

resilience of a population during epidemiologic crises – such as with H1N1, SARS and Covid-19 

– as trust is an important determinant of compliance with social distancing measures and public 

health guidelines. In all cases, it is generally agreed that the pathways linking the health and 

inequality are forged over time and may take years to materialize (Leigh & Jencks, 2007; Lynch 

et al., 2005). This lagged relationship can impede policy measures to improve health in the short-

term by delaying the actual magnitude of the relationship.  

It is the more economically equal countries, rather than the richest ones, that tend to be 

healthier (Wilkinson & Pickett, 2006; Wilkinson & Pickett, 2015; De Maio, 2014; Kim, 2019). 

Some studies have found little or inconclusive support for the IIH in industrialized nations when 

analyzing between country differences (Lynch et al., 2004; De Vogli et al. 2005; Avendano, 2012). 

Pop et al. (2013) argues that the reason for the sometimes-inconclusive findings in support of the 

IIH in between country analyses of industrialized nations stems from the small-N problem, usually 

 
5 Sometimes referred to as the relative-income hypothesis or the weak income-inequality hypothesis. 
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restricted to 20-40 countries depending on the studies. The small sample size leads to failure to 

account for regional variance as well as heterogeneity in physical geography and policy 

environments, even among relatively homogeneous OECD countries.6 Kim (2019) circumvents 

the issues caused by the chronic small numbers problem by using data for 292 OECD regional 

units and finds statistically significant evidence that income inequality negatively affects average 

life expectancy, child mortality and old-age mortality. According to Kragten & Rözer (2017), 

another explanation for the lack of consensus in the literature is the wide variety of data and 

statistical methods used, including the use of self-reported measures of health, different health 

indicators as proxies for overall health, as well as linear and non-linear models. In this paper, I 

investigate the IIH using county-level observations in the United States (3,089 observations) using 

the incidence and death rates of Covid-19, addressing the small-N issue, and mitigating possible 

regional/cultural divergences in self-reported health. 

In a paper on the presence of IIH in Canada and the United States, Dunn et al. (2006) point 

out that there is a “peculiar” absence of geographic consistency in the IIH literature. They present 

evidence that at lower-scale geographic units (i.e., county, and metropolitan areas) some 

confounding outliers blur the income inequality-health relationship by embodying specific cultural 

and historical trajectories counter to the IIH, such is the case with the influence of “university 

towns” where health is unexpectedly good despite high inequality. The authors argue that “rather 

than dismissing the importance of income inequality and health because it does not appear to exist 

at all times and in all places” (p. S16) research should focus on the conditions under which the 

relationship hold, and the similarities between places where there is evidence for IIH.  

There is much less debate about the IIH when moving away from between countries 

analysis and using a more granular geographical level. When studying country-specific effects of 

income inequality on health outcomes, research points towards a “threshold” effect, in the sense 

that countries with relatively low inequality present with minimal or null coefficient estimators, 

while highly unequal countries lend credence to the IIH. As such, significant effects have been 

found in China (Pei & Rodrigez, 2006; Du et al., 2019), Brazil (Cavalini & De Leon, 2006) and 

Italy (Vogli et al., 2005) yet smaller or null effects have been found in the Scandinavia area 

(Bockerman et al., 2009) and Canada (Latif, 2015). 

 
6 For example, the United States territory in 1000 times larger than that of Iceland; Switzerland is four times richer 

than Turkey.  
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Recent literature on the existence of the IIH in the United States is surprisingly sparse. In a 

state-level study, Matthew & Brodersen (2018) found evidence that income inequality is 

negatively related to behavioural, physical, and mental health outcomes such as heavy drinking, 

obesity, exercise, diabetes, heart attack, heart disease, physical and mental health problems, and 

depression. They find that the absolute poverty effect is larger than the income inequality effect. 

In stark opposition to most of the literature, a cross-sectional study of obesity at the county-level 

by Fan et al. (2016) suggests that mixed-income neighbourhoods may be beneficial for reducing 

obesity as poorer individuals benefit from higher service quality and informal social control. A 

possible caveat to this study is the self-selection of poorer individuals choosing to live in mixed-

income neighbourhoods, which could be correlated with factors associated with lower obesity 

risks. 

 

Association Between Inequalities and COVID-19   

 

Following an outbreak in China’s Hubei province, in March 2020, the world seemingly 

came to a grinding halt when countries implemented social-distancing measures and lockdowns 

en masse to slow the spread of the virus. The viral spread marched on despite targeted public health 

policies; the dust settled, reliable data became available, and trends became discernable. It became 

evident that socio-economic factors played a large role in both the spread and mortality of the 

virus. As early as April 2020, reports of disproportionate infection and mortality among certain 

demographic/socio-economic groups began to surface. Based on data for the first four months of 

2020, Oronce et al. (2020) found that a one Gini point increase at the state-level was associated 

with a 27% increase in Covid-19 mortality, and marginally associated with the incidence of the 

virus (+13%; 95% CI: +0% and +30%).   

Initial studies were often restricted to a few metropolitan areas given that the early surges 

in cases happened mostly in large, crowded cities with international airports such as New York, 

Chicago, Los Angeles, and Miami. Brown & Ravaillion (2020) challenge the traditional 

epidemiologic models of homogeneous populations in a given context. Using county-level cross-

sectional data, the authors argue that higher per capita income increases the effectiveness of social-

distancing when controlling for inequality and other socio-economic variables. They also describe 

an ambiguous relationship between health outcomes and the share of elderly in a population, 
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suggesting that the number of infections is reduced through greater compliance with social-

distancing even though the death rate conditional on infections is greater in counties with a large 

elderly population. Another study, using a similar econometric framework, highlighted the 

increased risk of both infection and mortality posed by social and demographic factors such as 

housing, belonging to a racial/ethnic minority and type of employment (Karmakar et al., 2021). 

Although the association between race/ethnicity and Covid health outcomes is almost ubiquitous 

in the literature, Liao & De Maio (2021) interact racial make-up with inequality at the county-level 

and provide evidence that income inequality is a larger determinant of health outcomes even 

though both are so closely linked that the incremental effect of inequality is hard to measure 

precisely, especially in counties with a significant African American population. And lastly, 

partisan differences in the United States have been linked to social-distancing compliance, one 

study found that a 10% increase in regional viewership of conservative media led to a 1.3 

percentage point decrease in the propensity to stay at home during the first lockdown (Simonov et 

al., 2020).   

Looking at causal pathways, Bambra et al. (2020) draws on two previous pandemics, the 

Spanish flu and H1N1 outbreak, along with Covid-19 to argue that the relationship between socio-

economic and Covid inequalities are related to existing inequalities in chronic disease and social 

determinants of health. The authors demonstrate that income inequality prior to Covid-19 is closely 

linked with a heightened risk of noncommunicable diseases and chronic conditions that increase 

the risk of mortality from the novel coronavirus.  

To the best of my knowledge, no study explores the impact of prior income inequality as a 

risk factor for Covid infection and death rates, even though several earlier studies have indicated 

the likelihood of a lagged effect of inequality on health (Leigh & Jencks, 2007; Lynch et al., 2005). 

This paper starts to fill this gap by examining empirically the extent to which fluctuations in 

income inequality contributes to adverse Covid outcomes. 

 

III. Data 

 
This study uses data amalgamated from a variety of public sources and represents the first 

time that a historical measure of inequality is incorporated into these data sources. It expands upon 

Liao and De Maio (2021) by extending the COVID-related data to account for the second wave of 
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cases in the US, and by incorporating a measure of previous inequality. The result is a cross-

sectional dataset of 3,089 7 county-level observations in 50 states as well as for the District of 

Columbia. The nine major sources are the Centers for Disease Control and Prevention (CDC) and 

USAfacts.org for cumulative Covid-related deaths and cases; the American Community Survey 

for demographic and inequality data; the US Census Bureau for population density; the Bureau of 

Economic Analysis for per capita income figures; GitHub for county-level voting patterns; and the 

HealthData.gov reports for robustness checks using poverty rates. The data cover the first 328 days 

of the pandemic, from the first confirmed case in the US on January 22, to the date of the first 

vaccination roll-out on December 14, 2020. The decision to limit the analysis to when the first 

vaccine was administered stems from the potential political dimensions of vaccine compliance and 

the divergent state strategies for distribution.  

Table 1 summarizes the key statistics for the analysis. The two outcome variables are 

cumulative deaths and confirmed cases. The key independent variables are income per capita, and 

Gini index measures for two different years: 2010 and 2019. The Gini index (or Gini coefficient) 

is a measure of statistical dispersion of income which ranges from 0 (where everyone receives an 

equal share of total income) and 1 (where one recipient/household receives all the income), to 

render it interpretable in a log-linked regression the Gini was transformed to a 100-point scale. 

The inclusion of a measure of the counties’ previous level of inequality, namely its 2010 Gini 

coefficient, is an important aspect of this paper.  

Three elements could pose an issue to the model’s robustness: i) if county-level inequality 

did not vary between 2010 and 2019, ii) if the patterns of inequality were not random, for example 

if only the most unequal counties in 2010 witnessed a reduction of inequality and, iii) if the changes 

in inequality followed a similar trend nationwide, meaning that counties stayed in the same 

inequality quantile. The first issue can be eliminated as evident in Figure 3, which compares the 

2010 values of the Gini index against their 2019 values; the majority of counties have experienced 

an increase in Gini, but significant variation remains, the correlation coefficient across counties 

being 0.644.  To check for the second and third issues, I test for the inter-quintile mobility of 

counties. In total 54% of counties (1,678 out of the 3,089) changed their inequality quintile 

 
7 Omitted from this are 53 counties from Alaska, Hawaii, and Virginia. This represents a fraction of the three states’ 

counties and are omitted for reasons of different geographic and population delimitations across the sources used in 

this paper.  
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between 2010 and 2019.8 Of those in the most unequal quintile in 2010, 39% were no longer in 

that quintile in 2019. Of those in the least unequal quintile in 2010, 43% were no longer there in 

2019. 

Also included in table 1, a battery of controls including population density per square 

kilometre; the share of population that is male, younger than 20 years of age, older than 65 years; 

the racial/ethnic composition; the share of inhabitants without medical insurance; the number of 

days since a county’s first confirmed case; a county’s share of votes that went to the republican 

party in the 2016 presidential elections. Population density had a mean of 98.2 inhabitants per sq. 

km (range, 0.01 – 27 600); the mean of younger than 20 was 24.4% (range, 7.8 – 44.9) while it 

stood at 19.8% for older than 65 (range, 4.9 – 58.2); The mean of Black population was 9.2% 

(range, 0-86.56%); the mean Hispanic population was 9.8% (range, 0.65%-96.4%); the mean 

Native population was 2.4% (range, 0%-92.4%); The medical insurance rates ranged from 1.7% 

to 45.6%; and on average 255.8 days had passed since the first confirmed case of the virus, with 

only 2 counties never having a case. Table 6 provides all the variables’ definitions and sources. 

 

IV. Identification Strategy 

 

Data on cumulative Covid cases and deaths are count data as they are composed of non-negative 

integers arising from counting (as opposed to ranking) the number of incidences. For count 

variables when a Poisson-type distribution is observed, a Poisson regression model is generally 

used. Poisson regressions work under the assumption that the mean and variance of the distribution 

will be of equal or similar value. When this assumption is too restrictive and the variance far 

exceeds the mean of the distribution parameter, a negative binomial regression is a more 

appropriate model (Lawless, 1987). Both outcome variables of this paper show signs of over-

dispersion: the mean count of cases is 5,178 and the variance is 313,204,691 while the mean count 

of deaths is 95 and with a variance of 146,242. Additionally, following the econometric framework 

detailed by Payne et al. (2018), I ran a Pearson chi-squared test to measure the goodness-of-fit of 

a Poisson model. The test yields, for both outcome variables, a Pearson chi-squared substantially 

 
8 36% have changed by 1 quintile and 18% have changed by 2 or more quintile 
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above one.9  Given the over-dispersed properties of both my outcome variables, this paper 

estimates the coefficients of the predictor variables with a mixed-effect negative binomial model 

using maximum likelihood. The mixed-effect model includes a state-level random intercept to 

account for potential correlations between counties of the same state as a result of, for instance, 

cultural similarities and lockdown measures. And a fixed effect is included to control for 

unobserved variables that may contribute to counties’ inequality and income levels.  

Figures 1 and 2 illustrate the frequency distribution of the COVID-19 incidence and 

mortality across all counties, expressed per 100 000 population. Both outcomes are skewed to the 

right and appear to follow an over-dispersed Poisson distribution, best characterized as a 

negative binomial distribution, as is often the case for count variables in epidemiology. There is 

significant heterogeneity in county population size, therefore an offset variable representing the 

natural log of population size for each county is added, thus allowing to model the count 

variables as rates. An offset variable in a Poisson-type regression is a predictor variable whose 

coefficient is fixed at 1. A simplified version of a negative binomial model, where the dispersion 

parameter is nil (i.e. a Poisson model), can be written as: 

 

ln 𝜆 = 𝛼0 + 𝛼1𝑥1 + 𝛼2𝑥2 + ⋯ +  𝛼𝑛𝑥𝑛 

 

Where the predictor variables 𝑥𝑗 are given and the coefficients 𝛼𝑗 are to be estimated. If Y is a 

dependent variable that counts the cumulative number of cases for a given population 𝜔, this 

means that Y / 𝜔 is the observed case rate. Since E(Y/ 𝜔) = 𝜆 / 𝜔, we can rewrite the basic model 

as such:  

 

ln 𝜆 = 𝛼0 + 𝛼1𝑥1 + 𝛼2𝑥2 + ⋯ +  𝛼𝑛𝑥𝑛 + 𝑙𝑛 𝜔 

 

 

The term ln 𝜔 is the offset variable, which allows us to interpret the dependent variable (here, 

cases and deaths by counties) as a rate.   

In equation (1) and (2), Case and Death is the county-level cumulative cases and deaths. 

Both dependent variables are fitted with the offset variable ln(𝑃𝑜𝑝), where ln(Pop) is the natural 

 
9 Specifically, the Pearson chi-squared for incidence rate is 2,331,791 and 137,973for the death rate. A Pearson’s 

chi-squared of 1 means the data is not over-dispersed. 
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log of a county's population.  The 𝛼′𝑠 and  𝛽′s are the parameters to be estimated. The independent 

variable inequality is the Gini index, both the current Gini index and its 2010 value are included; 

income is the county's per capita income in thousands of dollars; 𝑋 is a vector of county-specific 

control variable such as the proportion of under 20 years of age, an age group that has a negligible 

mortality rate but has been linked to higher viral spread in a community; over 65 years old which 

are most at risk of dying once infected representing around 80% of Covid related deaths in the US 

(Johns Hopkins Medicine, 2021); without medical insurance; racial/ethnic makeup of the 

population; population density; number of days since the first confirmed COVID-19  case and; the 

share of votes for the Republican Party in the 2016 elections. In equation (2) an additional 

parameter is estimated, with ln(𝐶𝑎𝑠𝑒𝑠) representing the counties’ infection rate following the 

assumption that more cases per capita will lead to more deaths.  

 

𝐶𝑎𝑠𝑒𝑐𝑠 = exp (1 × ln(𝑃𝑜𝑝) + 𝛼0 + 𝛼1𝑖𝑛𝑒𝑞𝑢𝑎𝑙𝑖𝑡𝑦𝑐𝑠 + 𝛼2𝑖𝑛𝑐𝑜𝑚𝑒𝑐𝑠 +  𝑋𝑐𝑠
′ 𝛼3 + 𝜇𝑠 + ℇ𝑐𝑠)      (1)   

 

𝐷𝑒𝑎𝑡ℎ𝑐𝑠 = exp (1 × ln(𝑃𝑜𝑝) + 𝛽0 + 𝛽1𝑖𝑛𝑒𝑞𝑢𝑎𝑙𝑖𝑡𝑦𝑐𝑠 + 𝛽2𝑖𝑛𝑐𝑜𝑚𝑒𝑐𝑠 + 𝛽3ln (𝐶𝑎𝑠𝑒𝑐) +

 𝑋𝑐𝑠
′ 𝛽4 + 𝜎𝑠  + 𝜖𝑐𝑠)                                                                                                                                        (2)                     

 

Death is associated with infection rates, but as Brown and Ravallion (2020) point out, controlling 

for ln(Cases) poses an endogeneity problem as the latent characteristics of counties that tend to 

increase infection rates are likely to be correlated with the severity of cases or the healthcare 

system, for example. To circumvent this issue, I insert the predicted value of the case rate estimated 

in (1) into equation (2). The error terms ℇ𝑐𝑠 and 𝜖𝑐𝑠 includes the over-dispersion parameters of the 

negative binomial distribution to account for the Poisson over-dispersion of both outcome 

variables. Since counties are nested within states, the terms 𝜇𝑠 and 𝜎𝑠 are the state-level random 

intercepts. All predictor variables are log-linked so the coefficients are reported as risk ratios (RR). 

Standard errors are robust and clustered at the state-level. This approach is in line with the most 

recent literature on the relationship between socio-economic factors and COVID-19 outcomes 

(Karmakar et al., 2021; Liao & De Maio, 2021; Brown & Ravallion, 2020).  

To explore further the impact of inequality on outcomes, I run two additional specifications. 

The first includes only those counties that experienced a decrease in their Gini index (inequality) 

over the last decade and the second, includes only those that experienced an increase in their Gini 



 15 

index. This allows for a comparison in Covid outcomes between geographical units that have 

witnessed a favourable fluctuation in income inequality against those that have witnessed a 

deterioration in equality. It has been hypothesized that rising inequalities negatively affect health 

through an erosion of social cohesion, trust and an increased risk of chronic stress in subgroups of 

the population (Bor et al., 2017; Elgar et al. 2020). Should these mechanisms be present in US 

counties, I expect to find adverse health outcomes of higher magnitude for counties that have 

witnessed a rise in inequality.  

I conduct a variety of other robustness checks and sensitivity analyses. Firstly, the death 

rate conditional on infection is falling as the medical community’s understanding of the virus 

grows and as the initial shock to medical supplies such as ventilators faded (CDC, 2020). Because 

surges in the spread of the virus happened at different times in different states, table 8 excludes the 

150 counties with the highest and lowest incidence and mortality rates to test for the model's 

robustness to medical understanding of the virus rather than the population's resilience. Secondly, 

while in my main specification, income per capita is included to capture the direct income effect 

on health outcomes, an additional robustness check substitutes it with a measure of poverty. 

Poverty rates were not included in the main model specifications because they are, by construct, 

substantially explained by a combination of inequality and income per capita, presenting a 

collinearity problem. For example, if a county has a high Gini index (inequality) and a low per 

capita income, poverty will be high. Table 7 shows that poverty, in line with the literature, is a 

statistically significant predictor of incidence and mortality, yet the coefficient estimate remains 

smaller than that of inequality. And lastly, Table 9 excludes the counties in the top and bottom 

Gini index quintile. A total of 1 232 counties are excluded to test that the results are not overly 

influenced by counties concentrated in the extremes of the inequality distribution. This three-part 

sensitivity analysis suggests that the findings of this paper are robust to the exclusion of extreme 

cases both for the outcome variables and the main dependent variables, as well as with alternative 

measures of a community’s average richness.  

 

V. Results 
 

I begin by ensuring that the results of my regressions are consistent with previously 

published studies that use a shorter timeframe of COVID-19 observations. This also enables me to 

verify that the COVID-19 and inequality relationship previously established still hold. In a paper 
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also using a mixed-effect negative binomial regression with Covid data spanning January to July 

2020, Karmakar et al. (2021) found that when controlling for density and testing rates, a 1% 

increase in Gini index was associated with a 3% and 4% increase in the incidence and mortality, 

respectively. Using data for the first 200 days of the pandemic, Liao and De Maio (2021) found 

that a 1% rise in a county’s income inequality corresponds with a 1.9% and 3% increase in the 

incidence and mortality. Liao and De Maio controlled for density, number of days since the first 

confirmed case, age, race and several state-level variables such as the adoption of Medicaid, the 

governors’ political affiliation and gender. Of the state-level variables, only Medicaid was 

statistically significant, reducing the risk of incidence by 32%. This paper does not include state-

level variables and uses county-level medical insurance rates and political vote instead, the 

assumption being that state characteristics will be captured through the state-level intercept and 

the nesting of counties within their state.  

The estimated coefficients reported in table 2 are similar in sign but smaller in magnitude 

to those of Liao and De Maio (2021): A 1% increase in Gini index is associated with a 1.31% and 

1.41% increase in the risk of incidence and mortality, respectively, at a statistically significant 

level. The income per capita does not affect the risk of incidence but appears to reduce the risk of 

mortality though not at a significant level. The coefficient estimate for the share of people aged 65 

and above corroborates the ambiguous relationship between the share of elderly and COVID-19 

outcomes described by Brown and Ravallion (2020): a 1% increase in the share of elderly reduces 

the risk of incidence by around 0.94% but increases the risk of mortality by 4.26%, this is likely 

due to the increased effectiveness/compliance of social distancing measures and the presence of a 

self-protection effect among the elderly. The coefficient estimate for the share of uninsured 

suggests that a larger share of people without medical insurance reduces the risk of incidence, I 

interpret this as an indication that uninsured people are less likely to  be tested or seek medical 

attention when presented with mild symptoms; the coefficient is no longer significant when 

predicting the risk of mortality. There could also be unobserved variables correlated with being 

uninsured such as the prevalence of health institutions in a county or the share of young adults. It 

is also possible that the irregular adoption of Medicaid at the state-level obstructs the estimation 

of the true coefficient. 

The results of table 3 suggest that a county’s past level of inequality increases the risk of 

incidence and mortality with a higher magnitude than current inequality, even rendering the 
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coefficient estimates for current inequality on mortality barely statistically significant (see table 2 

for comparison). Controlling for all variables in the vector X of equation (1) and for current Gini 

value, a 1% increase in past inequality corresponds to a 1.5% rise in both incidence and mortality 

(p-value < 0.01). When running the regression without controlling for current Gini value, a 1% 

rise in 2010 Gini corresponds with a 1.8% increase in the risk of incidence (p-value < 0.01) and a 

1.9% rise in risk of mortality (p-value < 0.01). Income per capita seems to have a negligible impact 

on Covid incidence but might slightly reduce the risk of mortality by 0.31% though not statistically 

significant (p-value=0.18). These findings are not completely foreign to the literature on the IIH. 

There has been evidence of a lagged effect of inequality on health, with some potential causal 

pathways such as chronic stress, noncommunicable diseases and food insecurity that can take 

several years to materialize into health risks (Leigh & Jencks, 2007; Bambra et al., 2020). 

The results in tables 2 and 3 suggest that past inequality, defined as inequality ten years 

prior, is a better predictor of a community’s resilience to the COVID-19 pandemic than current 

levels of inequality. In fact, the coefficient estimates for 2010 inequality on the risk of incidence 

and mortality are, respectively, 32% and 34% larger than the coefficient estimates for 2019 

inequality. In both regressions, per capita income did not play a statistically significant role in 

assessing the risk of incidence and mortality, though the p-values are smaller for the mortality rate. 

This could imply that an individual’s income does little to protect individuals from infection but 

slightly reduces the risk of death, the effect could also be captured by other variables such as 

population density and demographic make-up of the population. In fact, all variables for race, 

gender, Republican vote and age make-up of a county have statistically significant coefficient 

estimates. The share of Afro-Americans and elderly increasing the risk of mortality by 2.2% and 

4.2% respectively, despite having a negative or negligible effect of the risk of incidence. 

I divide my data in two categories based on whether a county has witnessed an overall rise 

or fall in inequality between 2010 and 2019.10 Roughly one quarter of counties (778 out of 3089) 

witnessed a decrease in inequality during that period. Table 4 replicates the regression in table 2 

excluding all counties with an increase in inequality between 2010 and 2019. The coefficient 

estimates for current inequality suggest that inequality plays a role in the risk of incidence (1.06% 

 
10 Six counties had the same Gini value in 2010 and 2019. I used the 2014 Gini measure to place them in a category: 

if 2014 Gini is higher than the 2010 and 2019 value, the county is placed in the “increase in inequality” category. 

And vice versa 
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increase, p-value<0.01) yet is negligible and statistically insignificant for the risk of mortality. 

Interestingly, a 1% increase in income per capita is estimated to reduce the risk of mortality by 1% 

(p-value<0.00). This contrasts with the earlier tables where income per capita did not have a 

statistically significant effect on incidence or mortality when all counties were included. In other 

words, for counties that witnessed a decrease in inequality over the last decade, income per capita 

seems to play an important role in reducing the risk of mortality, while inequality solely increases 

the risk of infections. 

Table 5 includes only counties where inequality increased over the last decade. The results 

are similar in sign to when all counties were considered. A 1% increase in the Gini value is 

associated with a 1.7% and 2.3% rise in the risk of incidence and mortality, respectively, and at a 

statistically significant level. Both coefficients are larger than when all counties were included, 

62% greater in the case of mortality. Income per capita does not affect either outcome variables in 

a statistically significant way.  

 

VI. Discussion 
 

The income inequality hypothesis (IIH) whereby a community’s level of inequality, not just 

level of income, plays a determining role in its health is still the subject of debate in the economic 

literature. It is generally accepted that evidence for the IIH is not always present because the 

underlying mechanisms through which inequality affects health are not well understood and likely 

vary depending on the cultural, geographic, and demographic context, particularly with between 

country analyses. This paper is restricted to a single country with a certain degree of shared culture, 

demographics and importantly, quasi-centralized policy making. In the case of the United States’ 

COVID-19 outcomes, the IIH appears to be present both for the viral spread and the risk of 

mortality. Not only are current levels of inequality a robust predictor of a county’s health 

resilience, but the results also suggest that past levels of inequality may be the better predictor of 

both outcome variables, with a larger estimated coefficient than per capita income or current 

inequality.  

Distinguishing counties by whether their inequality levels have improved or deteriorated 

underscores the notion that the IIH is not applicable everywhere regardless of context. It appears 

that the process of reducing inequality mitigates the effect of current inequality on the risk of 

mortality, with income per capita becoming a better predictor. However, if counties experience 
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deteriorating inequality, the strength of the IIH is amplified, regardless of the average income of a 

county’s inhabitants. If predictions about a sharp rise in inequality resulting from the pandemic 

and the Covid recession prove to be right, this does not bode well for future pandemic 

preparedness.  

This paper highlights the importance of considering both inequality and patterns in 

inequality, as factors affecting a population’s health outcomes. As to why counties with a 

decreasing inequality exhibit a different expression of the IIH than those on a different trend, the 

neo-material hypothesis could offer clues. The neo-material pathway, as suggested by Kahn et al. 

(2000), hypothesizes that the policy framework and societal structure that is conducive to rising 

income inequality are themselves associated with systematic under investments in social 

infrastructure such as education, health services, food security, and public transportation. In turn 

impacting the social gradient of overall health. Related to this hypothesis and increasingly present 

in the literature is the deterioration of trust and social cohesion resulting from high levels of 

inequality in a community (e.g., Elgar et al., 2020).  

Another explanation for why inequality might play a large role in a community’s ability to 

withstand the deleterious health ramifications of COVID-19 might be directly linked with the 

association inequality has with co-morbidities. COVID-19 is a highly transmissible virus with a 

relatively low lethality. Lethality is, however, strongly associated with co-morbidities. It is 

estimated that 94% of Covid related deaths in the US had at least one co-morbidity despite only 6 

out 10 American adults living with one or more co-morbidities (Auwaerter, 2021). A recent meta-

analysis of hospitalized patients found striking evidence of the prevalence of existing co-

morbidities in COVID-19 deaths. Cardiovascular diseases increase the likelihood of death by a 

factor of 2.25, hypertension by a factor of 1.82, and diabetes by a factor of 1.48 (Ssentongo et al., 

2020). Other studies have suggested that diabetes is the best predictor of mortality rates in different 

countries, after adjusting for confounders (Corona et al., 2021). The strong relationship between 

co-morbidities and COVID-19 does not diminish the transferability of the empirical results in this 

paper. Co-morbidities are an overall strong indicator of a population’s general health and likely to 

be associated in a similar way to future epidemics. 
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VII. Conclusion 
 

 

This paper draws on the recent literature identifying income inequality as a risk factor for 

COVID-19 outcomes and demonstrates that eleven months into the pandemic, the relationship 

holds. This research also brings forth the importance of including a community’s past level of 

inequality when assessing its health vulnerabilities. The public health policy implications are 

straightforward, more unequal counties have experienced higher infection and death rates even 

when controlling for income and poverty. Moreover, counties that experienced a decrease in 

inequality since 2010 have been able to mitigate the risks associated with current levels of 

inequality. The results of this analysis are not causal, and although the data for inequality predates 

the pandemic, there are likely confounders correlated with both inequality and health outcomes. 

Besides co-morbidities like diabetes, such confounding factors could potentially be social 

cohesion, trust and suboptimal investments in infrastructure or safety nets to protect the most 

vulnerable. More research would be needed to determine the pathways through which the IIH 

presents itself in the United States.  

This study has several limitations. First, it does not include measures of co-morbidities or 

negative health habits that could be linked with inequality. No causal pathway is proposed to 

explain how inequality relates to a community’s health resilience, rather, it implicitly assumes that 

a deterioration in the fair distribution of income generates a plethora of phenomena that can lead 

to unfavourable health outcomes, specifically in the case of COVID-19. Secondly, the United 

States has idiosyncrasies that may not be transferable to other nations, such as the lack of universal 

healthcare. This reduces the policy makers’ incentives to seriously promote/implement general 

health policies such as junk food taxes, nicotine addiction campaigns, subsidized physical 

activities for marginalized communities, environmental decontamination and fair access to healthy 

food or medical practitioners, to name a few. Far-reaching and integrated health public policies 

could mitigate the risk of health conditions arising from income inequality and poverty.  
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IX. Figures and Tables  

 

 

Figure A: State-level trends in Gini coefficient 

Source: SSTI analysis of Census Bureau, American Community Survey 1-year estimates  
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Figure 1 

 
 

 

 

Figure 2 
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Figure 3 

 
*The red line is the 45 ° line 

 

 

Table 1: Descriptive Statistics for 3 089 US counties 

Variable  Mean  Std. Dev.  Min  Max 

 Cumulative deaths 94.9 382.4 0 8345 
 Cumulative cases 5178.9 17697.6 0 532730 
 Death per 100k 95.5 78.1 0 758.7 
 Incidence per 100K 5 534.3 2 650.3 0 23 956.4 
 Days since first case 255.8 30.1 0 328.0 
 Pop. Density (sq. km) 98.2 688.8 0.014 27 602.3 
 % male 50.1 2.2 43.0 73.5 
 % under 20 years  24.4 3.6 7.8 44.9 
 % over 65 years 19.8 4.8 4.9 58.2 
 % Black 9.2 14.3 0 86.6 
 % Hispanic 9.8 13.9 0.65 96.4 
 % Native 2.4 7.7 0 92.4 
 Uninsured rate 10.1 5.1 1.7 45.6 
 Per capita income (2019) 45 933 13 250 19 472 229 825 
 Gini index (2019) 44.5 3.7 30.2 70.7 
 Gini index (2010) 43.1 3.6 20.7 64.5 
 Gini change 2010-2019 1.40 3.1 -22.25 28.4 
 County % vote Rep 63.7 15.5 4.12 95.3 
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Table 2: Mixed-effect negative binomial regression to estimate the 

relationship between current inequality and Covid incidence and mortality 
 (1) (2) 
Variables Case Rate P-value Death Rate P-Value 

Gini 2019 1.0131 0.00 1.0141 0.00 

Income per capita 1.0001 0.92 0.9982 0.25 

Ln (Cases) NA - 1.0048 0.86 

Male 1.0292 0.00 1.0128 0.13 

% under 20 1.0127 0.07 1.0358 0.00 

% over 65 0.9899 0.02 1.0426 0.00 

% Black 1.0096 0.00 1.0224 0.00 

% Native 1.0084 0.00 1.0187 0.00 

% Hispanic 1.0149 0.00 1.0184 0.00 

# Days since first 1.0011 0.05 1.0014 0.11 

Density 1.0000 0.01 1.0001 0.00 

% Uninsured 0.9916 0.00 0.9957 0.22 

% voted GOP 1.0092 0.00 1.0151 0.00 

Constant 0.0019 0.00 0.0000 0.00 

Number of Obs. 3089  3089  

Wald χ2  691.8  1076.2  
Exponentiated coefficients mean coefficients are reported as Risk Ratios 
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Table 3: Mixed-effect negative binomial regression to estimate the relationship 

between current and past inequality and Covid incidence and mortality 
 (1) (2) 
Variables Case Rate P-value Death Rate P-Value 

Gini 2019 1.0061 0.08 1.0065 0.13 

Gini 2010 1.0150 0.00 1.0156 0.00 

Income per capita 0.9998 0.83 0.9979 0.18 

Ln (Cases) NA - 1.0025 0.93 

Male 1.0309 0.00 1.0141 0.10 

% under 20 1.0143 0.04 1.0371 0.00 

% over 65 0.9897 0.01 1.0419 0.00 

% Black 1.0092 0.00 1.0220 0.00 

% Native 1.0081 0.00 1.0186 0.00 

% Hispanic 1.0145 0.00 1.0182 0.00 

# Days First 1.0011 0.05 1.0015 0.10 

Density 1.0000 0.01 1.0001 0.00 

% Uninsured 0.9906 0.00 0.9943 0.10 

% voted GOP 1.0095 0.00 1.0155 0.00 

Constant 0.0012 0.00 0.0000 0.00 

Number of Obs. 3089  3089  

Wald χ2  723.1  1427.9  
Exponentiated coefficients mean coefficients are reported as Risk Ratios 
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Table 4: Mixed-effect negative binomial regression: model only includes 

counties with income inequality decrease (2010-2019) 
 (1) (2) 
Variables Case Rate P-value Death Rate P-Value 

Gini 2019 1.0106 0.01 1.0050 0.65 

Income per capita 0.9983 0.22 0.9910 0.00 

Ln (Cases) NA - 0.9727 0.37 

Male 1.0276 0.03 1.0050 0.68 

% under 20 1.0134 0.20 1.0514 0.00 

% over 65 0.9895 0.04 1.0434 0.00 

% Black 1.0074 0.00 1.0213 0.00 

% Native 1.0080 0.01 1.0120 0.02 

% Hispanic 1.0142 0.00 1.0180 0.00 

# Days First 1.0013 0.06 1.0034 0.06 

Density 1.0000 0.03 1.0001 0.00 

% Uninsured 0.9940 0.27 0.9918 0.37 

% voted GOP 1.0078 0.00 1.0121 0.00 

Constant 0.0028 0.00 0.0000 0.00 

Number of Obs. 778  778  

Wald χ2  391.8  170.7  

     
Exponentiated coefficients mean coefficients are reported as Risk Ratios 
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Table 5: Mixed-effect negative binomial regression: model only includes 

counties with income inequality increase (2010-2019) 
 (1) (2) 
Variables Case Rate P-value Death Rate P-Value 

Gini 2019 1.0166 0.00 1.0229 0.00 

Income per capita 1.0009 0.42 1.0008 0.64 

Ln (Cases) NA - 1.0215 0.42 

Male 1.0297 0.00 1.0150 0.14 

% under 20 1.0129 0.06 1.0279 0.00 

% over 65 0.9889 0.02 1.0386 0.00 

% Black 1.0107 0.00 1.0243 0.00 

% Native 1.0084 0.00 1.0216 0.00 

% Hispanic 1.0142 0.00 1.0174 0.00 

# Days First 1.0011 0.07 1.0005 0.56 

Density 1.0000 0.00 1.0001 0.00 

% Uninsured 0.9898 0.00 0.9934 0.06 

% voted GOP 1.0105 0.00 1.0188 0.00 

Constant 0.0015 0.00 0.0000 0.00 

Number of Obs. 2 311  2 311  

Wald χ2  661.9  715.4  

     
Exponentiated coefficients mean coefficients are reported as Risk Ratios 
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Table 6: Variable Definitions and Sources 
Variable Name Definition Source 

Cases (or Incidence) 
Number of confirmed cases of 

COVID-19 per county between 

January 22 and December 14, 

2020  

CDC/USAFacts.org 

U.S Census Bureau 

Deaths (or Mortality) 
Number of confirmed deaths 

associated to COVID-19 per 

county between January 22 and 

December 14, 2020  

CDC/USAFacts.org 

U.S Census Bureau 

Gini 
Gini Index of income inequality 

by county for 2010 and 2019 

U.S Census Bureau (American 

Community Survey 2019 and 

2010, tables B19083)  

Income per capita 
Personal income divided by 

population 

Bureau of Economic Analysis 

Male 
Percent male population, 2019 

U.S. Census Bureau  

 

% under 20 
Percent population under age 

20, 2019 

U.S. Census Bureau  

% over 65 
Percent population age 65 & 

over, 2019  

U.S. Census Bureau  

% Black 
Percent Black population, 2019  

U.S. Census Bureau  

% Native 
Percent Native population, 

2019  

U.S. Census Bureau  

% Hispanic 
Percent non-white Hispanic 

population, 2019 

U.S. Census Bureau  

# Days since first 
Number of days since 1st case 

confirmed in a county 

CDC/USAFacts.org 

 

Density 
Population density per km2, 

2019 

U.S Census Bureau 

% Uninsured 
Percent of population under 

65% without medical insurance 

HealthData.gov 

% voted GOP 
Percentage of votes that went 

for the GOP in the 2016 

elections, by county 

GitHub 

https://covid.cdc.gov/covid-data-tracker/#county-view
https://www.census.gov/newsroom/press-kits/2020/population-estimates-detailed.html
https://covid.cdc.gov/covid-data-tracker/#county-view
https://www.census.gov/newsroom/press-kits/2020/population-estimates-detailed.html
https://www.census.gov/newsroom/press-kits/2020/population-estimates-detailed.html
https://www.bea.gov/news/2020/personal-income-county-and-metropolitan-area-2019
https://www.census.gov/newsroom/press-kits/2020/population-estimates-detailed.html
https://www.census.gov/newsroom/press-kits/2020/population-estimates-detailed.html
https://www.census.gov/newsroom/press-kits/2020/population-estimates-detailed.html
https://www.census.gov/newsroom/press-kits/2020/population-estimates-detailed.html
https://www.census.gov/newsroom/press-kits/2020/population-estimates-detailed.html
https://www.census.gov/newsroom/press-kits/2020/population-estimates-detailed.html
https://covid.cdc.gov/covid-data-tracker/#county-view
https://www2.census.gov/programs-surveys/popest/tables/2000-2007/2007-population-estimates-maps/
https://beta.healthdata.gov/Health/COVID-19-Community-Profile-Report/gqxm-d9w9
https://github.com/tonmcg/US_County_Level_Election_Results_08-20/blob/master/2016_US_County_Level_Presidential_Results.csv
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X. Robustness checks 

 

 

 

 

 

Table 7: Replicating Table 3 with Poverty Rate Instead of Income per Capita 
 (1) (2) 
Variables Case Rate P-value Death Rate P-Value 

Gini 2019 1.0040 0.28 1.0015 0.72 

Gini 2010 1.0139 0.00 1.0119 0.01 

Poverty Rate 1.0044 0.05 1.0103 0.05 

Ln (Cases) NA - 1.0132 0.60 

Male 1.0300 0.00 1.0150 0.09 

% under 20 1.0137 0.04 1.0368 0.00 

% over 65 0.9894 0.01 1.0434 0.00 

% Black 1.0086 0.00 1.0211 0.00 

% Native 1.0074 0.00 1.0174 0.00 

% Hispanic 1.0143 0.00 1.0177 0.00 

# Days First 1.0012 0.04 1.0015 0.11 

Density 1.0000 0.00 1.0001 0.00 

% Uninsured 0.9890 0.00 0.9921 0.01 

% voted GOP 1.0094 0.00 1.0158 0.00 

Constant 0.0014 0.00 0.0000 0.00 

Number of Obs. 3 088  3 088  

Wald χ2  745  1172  
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Table 8: Replicating Table 3 Excluding the Top and Bottom 150 Counties in 

Terms of Death Rate 
 (1) (2) 
Variables Case Rate P-value Death Rate P-Value 

Gini 2019 1.0048 0.22 1.0070 0.16 

Gini 2010 1.0167 0.00 1.0123 0.01 

Income per capita 1.0003 0.75 0.9988 0.42 

Ln (Cases) NA - 1.0149 0.47 

Male 1.0325 0.00 1.0026 0.73 

% under 20 1.0102 0.03 1.0255 0.00 

% over 65 0.9876 0.00 1.0343 0.00 

% Black 1.0087 0.00 1.0207 0.00 

% Native 1.0059 0.00 1.0155 0.00 

% Hispanic 1.0144 0.00 1.0162 0.00 

# Days First 1.0001 0.78 1.0006 0.42 

Density 1.0000 0.33 1.0001 0.01 

% Uninsured 0.9910 0.00 0.9964 0.23 

% voted GOP 1.0093 0.00 1.0158 0.00 

Constant 0.0017 0.00 0.0000 0.00 

Number of Obs. 2 788  2 788  

Wald χ2  641.9  763.4  
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Table 9: Replicating Table 3 Excluding Counties in the Top and Bottom 

Quintiles of Gini Coefficient 
 (1) (2) 
Variables Case Rate P-value Death Rate P-Value 

Gini 2019 1.0062 0.29 1.0151 0.14 

Gini 2010 1.0152 0.00 1.0176 0.02 

Income per capita 0.9990 0.38 0.9993 0.76 

Ln (Cases) NA - 0.9936 0.82 

Male 1.0344 0.00 1.0110 0.31 

% under 20 1.0136 0.02 1.0212 0.07 

% over 65 0.9873 0.00 1.0287 0.00 

% Black 1.0091 0.00 1.0231 0.00 

% Native 1.0083 0.00 1.0181 0.00 

% Hispanic 1.0160 0.00 1.0204 0.00 

# Days First 1.0005 0.40 1.0002 0.87 

Density 1.0001 0.00 1.0003 0.00 

% Uninsured 0.9855 0.00 0.9969 0.58 

% voted GOP 1.0103 0.00 1.0170 0.00 

Constant 0.0014 0.00 0.0000 0.00 

Number of Obs. 1 856  1 856  

Wald χ2  914  510.3  

 

 

 

 

 

 

 

 

 

 


