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ABSTRACT

Recently, scholarly work has examined the effect of rising income inequality
on health outcomes. However, this work is somewhat inconclusive. The
mechanisms that could produce such an association are still being sorted
out. Much of this work focuses on mortality outcomes with little attention
to how this process operates for actual health conditions, including chronic
health problems—arguably the main public health concerns of the developed world. In a series of multilevel binary logistic regression models using
data from the 2005 and 2007 Behavioral Risk Factor Surveillance System, we
examine the association between state-level income inequality, poverty,
and social welfare measures on spending and policy to examine the association between these factors for three chronic health outcomes: diabetes,
hypertension, and coronary heart disease. We find that income inequality is
conditionally positively related only to the diagnosis of diabetes and hypertension, and only in 2007. However, absolute poverty is related to the
outcome across all three dependent variables. Certain social welfare measures attenuate the effects of both income inequality and absolute poverty,
suggesting that some policies reduce this association.

Although by no means a new issue, the link between income inequality and health has received
much attention in recent years, especially through the publication of several key works (see Kondo
2009; Subramanian and Kawachi 2004; Wilkinson and Pickett 2006). While most scholars point to
some association between income inequality and health outcomes, there is a growing debate
surrounding the mechanisms by which income inequality may affect health (Torre and Myrskylä
2014). Some scholars focus on income inequality as a more direct source of harm through relative
deprivation, which may affect health in that it produces a social-psychological stress response
(Wilkinson and Pickett 2009). However, others pinpoint absolute material deprivation and the
experiences of poverty, which are often more prevalent in unequal societies, as the principal link
to health outcomes (Mellor and Milyo 2002).
The issue of income inequality is generally much more nuanced than is often proposed. Income
inequality is part of a complex web of market and political-institutional processes, of which both
income inequality and poverty are often the result. Here we attempt to shed some light on the
multifaceted ways in which these factors are interrelated. We test these ideas using a multilevel
framework across the states of the United States and data from multiple sources, including principally
the Behavioral Risk Factor Surveillance System (BRFSS). The BRFSS is a large, annual health survey
conducted by the U.S. Centers for Disease Control (CDC), which is well suited to address these issues.
Further, we examine the case of chronic health conditions, which are generally the greatest public
health problems in the developed world in the twenty-first century. Chronic illnesses are the major
cause of death and disability in the United States and among the most costly and preventable health
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issues (CDC 2016). In 2012, approximately one in two adults had one or more chronic health
conditions, and approximately one in four adults had two or more chronic health conditions. Seven
of the top 10 causes of death in 2010 were chronic illnesses. Two chronic illnesses, diabetes and
ischemic heart disease, had the highest impact on U.S. spending on personal health care and public
health in 2013, with a combined estimated $189.5 billion in spending (Dieleman et al. 2016). An
examination of chronic conditions is also valuable in that the majority of the literature on income
inequality and health is focused on subjective rather than objective measures of health (Pickett and
Wilkinson 2015).
More specifically, in this study we examine diabetes, hypertension, and coronary heart disease. In
particular, we ask: How is income inequality related to chronic health problems in the United States?
What other factors may explain this association? What welfare policies may mitigate this association?
Generally, we expect that income inequality will be positively related to chronic health conditions.
However, we also expect that poverty will be associated with those outcomes and may even explain
the relationship between income inequality and health. Further, we expect that social welfare
policies, specifically those that are meant to reduce the effects of poverty or redistribute wealth,
will attenuate this association. First, we briefly review the current literature on the association
between income inequality and health outcomes.

Background
Income inequality and chronic illness
The first study on the relationship between income inequality and health, published more than
30 years ago, found a cross-national association between Gini index and infant mortality and life
expectancy (Rodgers 1979). More than 10 years later, the income inequality hypothesis—which posits
that the income gap, independent of poverty rates and individual income, is detrimental to population
health—became the focus of debates (Smith 1996; Kaplan et al. 1996; Kennedy, Kawachi, and
Prothrow-Stith 1996; Wilkinson 1992). Two decades later, this literature is still booming, and the
debate remains unresolved. Evidence from more than 100 scientific articles has convinced some
researchers to affirm that there is a causal relationship, or at least some association, between inequality
and adverse health (Pickett and Wilkinson 2015). However, the evidence against the income inequality
hypothesis is not trivial. To some extent its relationship with health and the underlying mechanisms
remain under question (Macinko et al. 2003; Subramanian and Kawachi 2004; Wilkinson and Pickett
2006). In fact, a considerable number of studies provide a conceptual criticism of the hypothesis and
fail to find empirical support for it, favoring explanations based on individual income, household
income, and contextual poverty (Beckfield 2004; Fiscella and Franks 1997; Judge, Mulligan, and
Benzeval 1998; Leigh and Jencks 2007; Mellor and Milyo 2002; Rambotti 2015).
More theoretically, three hypothesized pathways connect income inequality and individual health:
stress, social capital, or neo-material factors. According to the status anxiety explanation, status
differences become more evident with higher inequality as individuals are more apt to constantly
compare themselves to higher-status others. This continuous comparison leads to chronic stress,
which in turn leads to poor health (Wilkinson and Pickett 2009). The social capital explanation
posits that income inequality decreases trust toward others and institutions by deteriorating collective efficacy; the capacity to mobilize to obtain services and amenities; and the level of emotional
support, reciprocal respect, and self-esteem (Kawachi and Berkman 2000; Kawachi et al. 1997).
Finally the neo-material explanation focuses on public investment and social policy in determining
differential levels of social resources available to the population in highly unequal contexts, which in
turn affects individual health (Mellor and Milyo 2002; Soobader and LeClere 1999). However, these
mechanisms have seldom been tested in the extant literature due to a paucity of data that actually
explicitly measures such processes. For instance, status anxiety measures have been used only for
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cross-sectional comparisons across European countries (Layte 2012), and welfare is generally
reduced to mere levels of spending.
Furthermore, in terms of empirical outcomes, the majority of the studies examining income
inequality and health focus on life expectancy, mortality, and self-rated health, with only a small
portion analyzing chronic illness. This represents a literature shortcoming. Chronic diseases present a
strong social gradient in that their prevalence increases from higher to lower socioeconomic positions
(Fleischer et al. 2011), and researchers have pointed out that these kinds of disease are more strongly
related to the effect of income inequality (Wilkinson and Pickett 2008). For this reason, examining an
outcome that is allegedly sensitive to income inequality represents a challenging and valuable test of
any alternative explanation. Indeed, scholars invoked more systematic analyses of other more nuanced
health and social outcomes (Pickett and Wilkinson 2015). Here, we examine the association between
income inequality, absolute poverty, and social welfare spending and policy attributes on three chronic
health outcomes: diabetes, hypertension, and coronary heart disease.
The research to date that exists on income inequality and chronic health conditions is quite
mixed. Classic research on Roseto, Pennsylvania, suggested the connection between close-knit
communities and low rates of heart disease (Stout et al. 1964). Once increasing income gaps eroded
the social fabric of the community, the rate of myocardial infarction increased (Bruhn and Wolf
2013; Egolf et al. 1992; Kawachi and Kennedy 1997; Wilkinson 1996). Recently, scholars have found
adverse associations between inequality and coronary heart disease among U.S. households
(Kennedy et al. 1996) and across U.S. states (Kawachi et al. 1997). Inequality is also related to
increased risk for heart attack (Pabayo, Kawachi, and Gilman 2015), higher stroke mortality (Shi
et al. 2003), cardiovascular disease, including hypertension (Diez-Roux, Link, and Northridge 2000),
diabetes and obesity, with the latter increasing the risk of hypertension, cardiovascular disease, and
diabetes itself (Holtgrave and Crosby 2006; Pickett et al. 2005; Wilkinson and Pickett 2009).
However, some studies find no effect of income inequality. For example, Lynch and colleagues
(2001) found a null effect of income inequality on coronary heart disease, breast or prostate cancer,
cirrhosis, and diabetes mortality (Lynch et al. 2001). Similarly, Sturm and Gresenz (2002) found that
the effect of inequality on a number of chronic medical conditions disappears after controlling for
education and family income (Sturm and Gresenz 2002). Finally, while most of these works uphold
the role of relative deprivation, stress, and trust as mediating mechanisms, one study examined the
effect of local deprivation on type 2 diabetes incidence finding a pattern that is compatible with a
materialistic interpretation of the inequality effect (Cox et al. 2007). They found that type 2 diabetes
is more common in deprived areas, but if these are spatially surrounded by less deprived areas, the
incidence of diabetes is lower.
In summary, the extant published work on chronic health represents a small portion of the broader
research on health and inequality and provides mixed support to the association between inequality and
chronic illness. Thus, further investigation is warranted. None of the reviewed studies closely examines
the role of policy, which this study considers. A brief introduction to state policy literature follows.
Welfare policy and health outcomes
The promotion and provision of health care is a defining component in the development and expansion
of the modern welfare state (Korpi 1989; Skocpol 1992). The United States, for example, has a multitude
of programs, services, and tax incentives aimed at influencing health outcomes: Medicaid; Medicare;
Supplemental Nutritional Assistance Program (SNAP); Women, Infants, Children; Child Health
Insurance Program; school lunch; Health Coverage Tax Credit; medical expense deductions; and so
forth. There are also policies aimed at alleviating economic insecurity that nevertheless indirectly impact
health: unemployment insurance, cash welfare (Temporary Assistance for Needy Families [TANF]), and
the Earned Income Tax Credit (Strully, Rehkopf, and Xuan 2010).
These policies “decommodify” the individual, meaning they partially decouple one’s living
standards from market forces (Esping-Anderson 1990). It is imperative to stress that policy efficacy
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is contingent upon more than expenditure levels. For example, if social spending is operationalized
as net public and private expenditures per person—thereby taking into account the effect of taxation
and role of private expenditures—the United States outspends Denmark and Sweden yet underperforms in its ability to reduce poverty (Kenworthy 2011; Kenworthy and Pontusson 2005). Part of this
is inadequate policy coverage and characteristics. Another part is that private services and transfers
in the United States go disproportionately to the non-poor. To clarify, by policy coverage, we are
referring to how much of a target population is covered/served, and by characteristics, we mean
policy adequacy (benefit levels and duration), inclusion (eligibility thresholds), and level of commitment, such as state supplemental funds (Meyers, Gornick, and Peck 2001).
With this understanding of policy in mind, we conceptualize the U.S. health care system as a
collection of multiple systems, as opposed to an ideal type private system (Freeman and Rothgang
2010). This fragmented reality stems from strong federalist structure of U.S. social policy and is similar
to that found in other facets of social policy, such as taxation (Newman and O’Brien 2011) and lowincome family policy (Meyers et al. 2001; Soss et al. 2001). Taken in tandem with the substantial and
long-standing patterns of health disparities, poverty, and inequality across U.S. states, we can see the
utility of using U.S. states as benchmark from which to address our research questions.
To elaborate upon this last point, consider that there is substantial variation in the degree and
nature of income inequality across U.S. states. As with state-level patterns of poverty, income
inequality is reflective of state-level markets, political-institutional structure, degree and type of
urbanization, and historical legacies. For example, New York, Connecticut, Mississippi, and
Louisiana had the four largest Gini coefficients among U.S. states in 2007 (0.50, 0.481, 0.48, and
0.478). Beyond having similar Gini coefficients that are noticeably higher than the U.S. average
(0.451), there are different underlying social forces structuring each of these levels of inequality. The
financialized “top-heavy” economic structure of New York and Connecticut arguably elevates the
Gini coefficient in these states. In contrast, high levels of income inequality in Mississippi and
Louisiana are likely influenced by a much different agricultural-rural economic structure. So while
state-level income inequality is broadly associated with health outcomes, we must pay attention not
only to qualitative differences but also to the impact of poverty and political-economic structure
within states (Chetty et al. 2016).
To summarize, first, there are numerous public and semiprivate transfers and services designed to
directly, or indirectly, influence health outcomes. Second, there is substantial U.S. subnational
variation in the structure and style of social policy and health care systems. Last, policy characteristics are equally as important as expenditure levels for understanding the effect of social policy on
health outcomes. Any discussion of the impact of income inequality and poverty on health in the
United States must incorporate these three points.

Data and methods
Data
As we are using a multilevel approach, we merge two data sources at two different units of analysis:
the individual-level and the state-level. For the individual-level data, we use the 2005 and 2007
versions of the Behavioral Risk Factor Surveillance System (BRFSS). The BRFSS is conducted
annually by the CDC and is a stratified random telephone survey of the noninstitutionalized U.S.
adult population. The central aim of the survey is to monitor health behaviors and risk trends in the
U.S. population. In 2005, the survey had a median response rate across all of the U.S. states of 51.5%,
and in 2007 a response rate of 50.58%. We use this survey for all individual-level health and
sociodemographic indicators. For data at the state level, we use a 2004 data set on inequality,
poverty, and the state welfare policy measures compiled from multiple sources (see the appendix).
To merge these two sources, the BRFSS includes an identifier for the state of the respondent.
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While 2005 and 2007 are not the most recent years for which data are available, we chose to analyze
these years, as they both predate the recession and 2007 reflects a peak business cycle year. This allows us
to examine these issues without the biasing effects of the Great Recession, which would influence both
measures of economic performance and poverty, as well as result in higher benefits from welfare state
policies. Further, we removed Hawaii and Alaska from the analysis, as is common in research on U.S.
state policies, as these states use a different set of criteria for determining the federal poverty level than
those used in the 48 contiguous states. We also chose these two years of data in order to have multiple
data points and two time lags (one year and three year) with the state level. As with most social factors
and health, we expect there to be a delay in the effects of the state-level factors, especially when addressing
chronic health measures like these, which make take time to develop. However, as a check on our choice
of lag, we estimate two sets of models with two different time lag periods.
Dependent variables
To examine the association between income inequality and chronic health conditions, we analyze three
health outcomes available in the 2005 and 2007 versions of the BRFSS questionnaire: diabetes,
hypertension, and coronary heart disease. Each of these survey items was asked as a yes-or-no question
as to whether the respondent had been previously diagnosed by a physician with the disorder. Thus,
each of these was coded as a binary outcome (1 = yes, diagnosed with the disorder, 0 = else).
Independent variables
To examine the association between the various state-level factors and individual health, we include
a variety of measures that we perceive as theoretically interesting given the preceding discussion. The
first set of variables described here all come from the U.S. Census. First, included in every model is a
variable for the Gini coefficient, which is the most commonly used operationalization of income
inequality. Although we chose this measure, the various methods of measuring income inequality are
sensitive to different aspects of the income distribution, and these differences may lead to different
conclusions about this association. Although we do not explore these differences here, this could be
an important consideration for future research.
Next, we include a number of variables that are theoretically pertinent according to the preceding
literature review and could potentially explain the relationship between income inequality and
health. We group these variables into four conceptual categories and introduce the groups one by
one to examine the effect on the outcome of these groups individually and the ways in which it
intersects with income inequality. These groups include absolute poverty, economic performance,
welfare spending, and welfare policy. In the first group, we include only one measure, absolute
poverty, as measured by the percentage of people in the state living below the federal poverty line.
We include this variable to examine the direct effects of poverty as form of material deprivation. In
the economic performance group, we include two measures: gross state product (GSP) per capita,
from the U.S. Census, as measured by the gross state product of a state divided by the total
population of the state, and the unemployment rate, as measured by the percentage of people in
the civilian workforce who are unemployed in the state. These measures both estimate the state’s
overall level of economic conditions.
Relating to welfare policy, we separate variables by spending and program attributes. This is
meant to capture the complex nature of welfare policy and social well-being. Due to this complexity
of these measures, a detailed description of the measure and source is provided in the appendix. In
the spending group, we include two measures: public assistance spending and Medicaid spending. Our
measure of public assistance spending includes expenditures for cash programs, like TANF and state
Supplemental Security Income, excluding administrative costs. We next utilize program attributes
from five separate social programs: TANF maximum monthly benefit, average weekly unemployment
benefit, state earned income tax credit, Medicaid eligibility, and average monthly SNAP benefit.
Finally, in all models we include a control variable for the population of the state, which is treated
as continuous and logged to account for skew.
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The BRFSS includes a variety of social demographic variables that were used as individual-level control
variables across all of the multilevel models in the analysis. We include the variables for age, race/ethnicity,
gender, education, marital status, employment status, income, and health insurance. We also control for
several health-related factors and behaviors, including exercise, smoking, drinking, and whether the
respondent is obese.1 Age (in years) and education (highest level of schooling completed) are treated as
continuous variables. Gender (1 = female, 0 = male), marital status (1 = married, 0 = else), health insurance
(1 = insured by any public or private provider, 0 = else), exercise (1 = engaged in physical exercise within
the last month, 0 = else), smoking (1 = currently smokes at least some, 0 = else), drinking (1 = consumed at
least one alcoholic drink within the last 30 days, 0 = else), and obesity (1 = body mass index over 30,
0 = else) are coded as binary variables. Race/ethnicity is recoded into four dummy variables: Non-Latino
white (reference), Non-Latino black, Latino (of any race), and other. Employment status is also recoded
into a set of four binary variables: employed for wages (reference), self-employed, unemployed, and outside
workforce. For income, we use a calculated variable from the data set that groups household income into
five categories: less than $15,000, $15,000 to less than $25,000, $25,000 to less than $35,000, $35,000 to less
than $50,000, and $50,000 or more. As a large number of respondents (12% in both years) have a missing
value for this variable, we recoded income into a group of binary variables including all five of the response
options and a sixth option of “don’t know/refused” (reference = less than $15,000). For interpretation
purposes, we group-mean centered all level-1 independent variables. The descriptive statistics for all
variables can be found in Table 1. We do not include the individual-level control variables in the regression
tables, as they are not the focus of the analysis. These results are available upon request.

Method
Due to the nested structure of the data, we estimate a series of multilevel binary logistic regression
models for each of the three outcomes. For each dependent variable, we estimate a series of models
where we add the different state-level groups of variables just discussed one by one to examine the
association with the outcome and the way that it may alter or mitigate the association between
income inequality and the chronic health condition. In all models, we include the variable for the
Gini coefficient and the state population as a control. Using this as a baseline model, we then add
groups of Level 2 variables. In Model 2, we add absolute poverty. In Model 3, we include GSP per
capita and unemployment as measures of state economic performance. In Model 4, we include the
set of variables for welfare spending. In Model 5, we include the set of variables for state welfare
policies. Finally, in Model 6, we include all previous variables for the full model. We estimate each of
these sets of models in the same fashion for each of the three dependent variables and for the two
years of data. All models were estimated in Stata version 14. We present the results in a set of tables,
with the “A” table corresponding to the 2005 data and the “B” table corresponding to the 2007 data.
The regression results for diabetes can be found in Tables 2A and 2B, for hypertension in Tables 3A
and 3B, and for coronary heart disease in Tables 4A and 4B. The results in each of these tables are
presented as x-standardized odds ratios for the ease of interpretation. X-standardized odds ratios are
interpreted as a standard deviation change in x, which facilitates the comparison across variables as
they now all reflect the same metric, a one standard deviation change in x. Also, as the state-level
predictors are in the intercept equation, the odds ratios simply reflect a change in the average odds in
the Level 2 unit (Raudenbush and Bryk 2002). Further, please note that since these results are
presented as odds ratios, any negative relationships are represented as an odds ratio of less than 1.
1

We understand that these may also be thought of as mediating variables in that these state-level conditions, such as poverty or
inequality, may influence such health behaviors. This may be direct in that poverty may limit opportunities for healthy eating or
exercise, for example. Or this effect may be indirect, in that the conditions of poverty or inequality may be linked to negative
coping behaviors, such as unhealthy eating, smoking, or drinking. However, as the individual-level variables are group-mean
centered, they are uncorrelated with the state-level variables (Raudenbush and Bryk 2002). Thus, their inclusion would not
change the relationship between the state-level indicators and the dependent variables.

0.09
0.32
0.06

51.68

0.82
0.07
0.06
0.05
0.61
14.09

0.56

0.48
0.09
0.04
0.39

0.10
0.16
0.12
0.15
0.34
0.12
0.88
0.74

0.20
0.51

0.26

Dependent variables
Diabetes
Hypertension
Coronary heart disease

Independent variables
Individual-level
Age

Race
White (reference)
Black
Latino
Other race
Female
Education

Marital status

Employment status
Employed (ref.)
Self-employed
Unemployed
Outside workforce

Income
< $15,000 (ref.)
$15,000–$25,000
$25,000–$35,000
$35,000–$50,000
$50,000 or More
Don’t know/Refused
Insured
Exercise

Smoker
Drinker

Obese

M

2005

0.44

0.40
0.50

0.30
0.37
0.33
0.36
0.47
0.33
0.33
0.44

0.50
0.28
0.20
0.49

0.50

0.38
0.26
0.23
0.21
0.49
3.20

17.10

0.29
0.47
0.23

SD

0.27

0.19
0.50

0.09
0.15
0.11
0.14
0.38
0.12
0.88
0.74

0.45
0.09
0.04
0.43

0.56

0.82
0.07
0.06
0.05
0.62
14.14

54.14

0.11
0.36
0.06

M

Table 1. Descriptive statistics for variables used in binary logistic regression models
2007

0.45

0.39
0.50

0.29
0.36
0.32
0.35
0.49
0.33
0.32
0.44

0.50
0.28
0.19
0.49

0.50

0.38
0.26
0.24
0.21
0.49
3.21

16.78

0.31
0.48
0.24

SD

0–1

0–1
0–1

0–1
0–1
0–1
0–1
0–1
0–1
0–1
0–1

0–1
0–1
0–1
0–1

0–1

0–1
0–1
0–1
0–1
0–1
0–18

18–99

0–1
0–1
0–1

Range
=
=
=
=

diagnosed with diabetes, 0 = else
diagnosed with hypertension, 0 = else
diagnosed with coronary heart disease,
else

1
1
1
1
1
1
1
1
0
1
1
0
1

=
=
=
=
=
=
=
=
=
=
=
=
=

less than $15,000, 0 = else
$15,000 to $25,000, 0 = else
$25,000 to $35,000, 0 = else
$35,000 to $50,000, 0 = else
$50,000 or more, 0 = else
don’t know/refused, 0 = else
health insurance, 0 = else
exercised at least once in past month,
else
smokes at least sometimes, 0 = else
at least one drink in past 30 days,
else
obese (BMI > 30), 0 = else

1 = employed for wages, 0 = else
1 = self-employed, 0 = else
1 = unemployed/out of work, 0 = else
1 = homemaker/student/retired/unable to
work, 0 = else

1 = White, 0 = else
1 = Black, 0 = else
1 = Latino, 0 = else
1 = other race, 0 = else
1 = female, 0 = male
0 = no school, 5 = elementary, 10 = some high
school, 12 = high school, 14 = some college,
18 = college graduate
1 = married, 0 = else

Age in years

1
1
1
0

Description
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SD
1.00
0.02
3.27
6591.17
0.93
5.86
1.15
141.70
19.08
65.73
40.32
0.47

Mean

15.18
0.44
12.84
38687.82
5.14
21.68
1.40
401.31
192.77
75.98
248.77
0.31

13.19 to 17.41
0.35 to 0.49
7.6 to 21.6
26886 to 61959
3.4 to 7.4
8.8 to 35.2
0.3 to 6.3
170 to 723
153.61 to 231.69
13 to 275
171.87 to 351.35
0 to 1

Range

Log of state population
State Gini coefficient (income inequality)
Percent below federal poverty line
Gross state product per capita
State average unemployment rate
Medicaid expenditures as a percentage of total state expenditures
Public assistance expenditures as a percentage of total state expenditures
Maximum TANF monthly benefit for family of three
Average monthly SNAP benefit per household
Medicaid income threshold for non-working parent as a percentage of the federal poverty line
Average weekly unemployment benefit
1 = Presence of supplemental state Operated EITC Program; 0 = Absence

Description

Note. 2005 Level 1 N = 313,631. 2007 Level 1 N = 379,673. Level 2 N = 48. Level 1 data come from the 2005 and 2007 Behavioral Risk Factor Surveillance System. Level 2 data come from multiple
sources (see the appendix). GSP = gross state product; TANF = Temporary Assistance for Needy Families; SNAP = Supplemental Nutritional Assistance Program; EITC = Earned Income Tax Credit.

Variable Name
State-Level
Log Population
Gini Coefficient
Absolute Poverty
GSP per Capita
Unemployment Rate
Medicaid Spending
Public Assistance Spending
TANF Maximum
Avg SNAP Benefit
Medicaid Eligibility
Avg Unemp Benefit
State EITC
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0.111
164,101.100
164,356.900

0.444
164,082.600
164,349.000

0.020

1.82
−0.15
5.07

Z-Ratio

Model 2

1.046
0.996
1.126***

OR

0.333
164,093.000
164,370.100

0.024

−3.44
0.06

1.29
1.83

Z-Ratio

Model 3

0.912***
1.002

1.041
1.052

OR

1.044
0.923**

1.044
1.030

OR

0.306
164,093.600
164,370.600

0.025

1.62
−3.28

1.56
1.03

Z-Ratio

Model 4

0.887***
0.931**
1.005
0.915***
1.013

0.639
164,072.400
164,381.400

0.013

−4.58
−2.95
0.22
−3.50
0.61

3.50
0.98

Z-Ratio

Model 5

1.082***
1.020

OR

0.722
164,072.600
164,434.900

0.010

3.72
−0.43
2.93
0.88
−0.82
0.14
−0.35
−3.27
−3.65
0.16
−2.33
0.84

Z-Ratio

Model 6

1.095***
0.990
1.107**
1.024
0.979
1.003
0.992
0.904**
0.914***
1.003
0.939*
1.016

OR

Note: Level 1 N = 313,631. Level 2 N = 48. The models also include individual-level independent variables and constants. OR = odds ratio (factor change); GSP = gross state product; TANF =
Temporary Assistance for Needy Families; SNAP = Supplemental Nutritional Assistance Program; EITC = Earned Income Tax Credit; AIC = Akaike information criterion; BIC = Bayesian information
criterion.
*p < .05. **p < .01. ***p < .001 (two-tailed). The Level 2 Pseudo R2 is the proportion reduction in the intercept variable from a model with only level 1 variables to the current model. The intercept
variance for model with only level 1 variables is 0.036.

0.032

1.18
1.35

1.037
1.042

Level 2 pseudo R2
AIC
BIC

Z-Ratio

Model 1

OR

Random effect:
Intercept variance

Variable Name
Fixed effects
Level 2 variables
Log population
Gini coefficient
Absolute poverty
GSP per capita
Unemployment rate
Medicaid spending
Public assistance
TANF maximum
Avg SNAP benefit
Medicaid eligibility
Avg unemployment benefit
State EITC
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1.055
1.068*

OR

0.217
224,501.400
224,761.800

0.036

1.68
2.04

Z-Ratio

Model 1

0.500
224,484.800
224,755.900

0.023

2.41
0.67
4.79

Z-Ratio

Model 2

1.065*
1.019
1.126***

OR

−3.38
−0.31

0.912***
0.990

0.391
224,494.400
224,776.500

0.028

1.95
2.63

Z-Ratio

Model 3

1.066
1.081**

OR

1.035
0.934*

1.061*
1.058

OR

0.348
224,498.300
224,780.400

0.030

1.19
−2.54

1.96
1.81

Z-Ratio

Model 4

0.890***
0.944*
0.983
0.939*
1.006

0.609
224,479.900
224,794.500

0.018

−3.90
−2.10
−0.67
−2.20
0.24

3.45
1.96

Z-Ratio

Model 5

1.092***
1.047*

OR

0.696
224,481.400
224,850.200

0.014

(3.75)
(0.72)
(2.48)
(0.36)
(−1.10)
(−0.12)
(0.49)
(−3.18)
(−2.83)
(−0.63)
(−1.22)
(0.62)

Z-Ratio

Model 6

1.110***
1.020
1.104*
1.012
0.968
0.997
1.013
0.894**
0.923**
0.984
0.963
1.014

OR

Note: Level 1 N = 379,673. Level 2 N = 48. The models also include individual-level independent variables and constants. OR = odds ratio (factor change); GSP = gross state product; TANF =
Temporary Assistance for Needy Families; SNAP = Supplemental Nutritional Assistance Program; EITC = Earned Income Tax Credit; AIC = Akaike information criterion; BIC = Bayesian information
criterion.
*p < .05. **p < .01. ***p < .001 (two-tailed). The Level 2 Pseudo R2 is the proportion reduction in the intercept variable from a model with only level 1 variables to the current model. The
intercept variance for model with only level 1 variables is 0.046.
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Level 2 pseudo R
AIC
BIC

Random effect
Intercept variance

Variable Name
Fixed effects
Level 2 variables
Log population
Gini coefficient
Absolute poverty
GSP per capita
Unemployment rate
Medicaid spending
Public assistance
TANF maximum
Avg SNAP benefit
Medicaid eligibility
Avg unemployment benefit
State EITC
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0.075
323,635.300
323,891.000

0.350
323,621.100
323,887.500

0.026

1.28
−0.38
4.38

Z-Ratio

Model 2

1.035
0.989
1.120***

OR

−2.88
0.07

0.924**
1.002

0.225
323,630.400
323,907.400

0.031

0.86
1.37

Z-Ratio

Model 3

1.030
1.043

OR

1.050
0.941*

1.029
1.019

OR

0.200
323,632.200
323,909.200

0.032

1.68
−2.24

0.93
0.61

Z-Ratio

Model 4

0.550
323,613.100
323,922.100

0.018

−4.51
−3.09
0.66
−2.90
0.64

2.66
0.55

Z-Ratio

Model 5

0.874***
0.919**
1.017
0.921**
1.015

1.070**
1.013

OR

0.625
323,612.800
323,975.100

0.015

2.99
−0.85
2.71
1.00
−0.84
−0.03
0.94
−3.97
−4.12
0.66
−2.22
1.01

Z-Ratio

Model 6

1.085**
0.978
1.112**
1.031
0.976
0.999
1.024
0.873***
0.892***
1.016
0.934*
1.022

OR

Note: Level 1 N = 313,428. Level 2 N = 48. The models also include individual-level independent variables and constants. OR = odds ratio (factor change); GSP = gross state product; TANF =
Temporary Assistance for Needy Families; SNAP = Supplemental Nutritional Assistance Program; EITC = Earned Income Tax Credit; AIC = Akaike information criterion; BIC = Bayesian information
criterion.
*p < .05. **p < .01. ***p < .001 (two-tailed). The Level 2 Pseudo R2 is the proportion reduction in the intercept variable from a model with only level 1 variables to the current model. The intercept
variance for model with only level 1 variables is 0.040.

0.037

0.82
1.02

1.027
1.033

Level 2 pseudo R2
AIC
BIC

Z-Ratio

Model 1

OR

Random effect
Intercept variance

Variable Name
Fixed effects
Level 2 variables
Log population
Gini coefficient
Absolute poverty
GSP per capita
Unemployment rate
Medicaid spending
Public assistance
TANF maximum
Avg SNAP benefit
Medicaid eligibility
Avg unemployment benefit
State EITC
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0.135
410,732.300
410,992.600

0.324
410,722.500
410,993.600

0.025

1.06
0.80
3.66

Z-Ratio

Model 2

1.028
1.023
1.096***

OR

−2.62
0.12

0.930**
1.004

0.270
410,728.700
411,010.700

0.027

0.71
2.30

Z-Ratio

Model 3

1.023
1.068*

OR

1.048
0.956

1.021
1.046

OR

0.243
410,730.700
411,012.700

0.028

1.72
−1.78

0.72
1.52

Z-Ratio

Model 4

0.541
410,713.500
411,028.100

0.017

−4.17
−3.26
−0.31
−2.49
1.46

2.36
1.92

Z-Ratio

Model 5

0.888***
0.918**
0.993
0.934*
1.034

1.059*
1.044

OR

0.622
410,714.100
411,082.900

0.014

2.42
0.56
2.04
0.53
−0.60
0.24
1.48
−3.87
−4.05
−0.45
−1.93
1.96

Z-Ratio

Model 6

1.066*
1.014
1.081*
1.016
0.983
1.005
1.038
0.879***
0.897***
0.990
0.944
1.042*

OR

Note: Level 1 N = 379,394. Level 2 N = 48. The models also include individual-level independent variables and constants. OR = odds ratio (factor change); GSP = gross state product; TANF =
Temporary Assistance for Needy Families; SNAP = Supplemental Nutritional Assistance Program; EITC = Earned Income Tax Credit; AIC = Akaike information criterion; BIC = Bayesian information
criterion.
*p < .05. **p < .01. ***p < .001 (two-tailed). The Level 2 Pseudo R2 is the proportion reduction in the intercept variable from a model with only level 1 variables to the current model. The
intercept variance for model with only level 1 variables is 0.037.

0.032

0.70
1.95

Z-Ratio

Model 1

Level 2 pseudo R2
AIC
BIC

1.021
1.060

OR

Random effect
Intercept variance

Fixed effects
Level 2 variables
Log population
Gini coefficient
Absolute poverty
GSP per capita
Unemployment rate
Medicaid spending
Public assistance
TANF maximum
Avg SNAP benefit
Medicaid eligibility
Avg unemployment benefit
State EITC

Variable Name
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0.983
1.043

OR

0.024
115,751.500
116,007.000

0.041

−0.51
1.21

Z-Ratio

0.989
1.008
1.095**

OR

0.190
115,745.200
116,011.400

0.034

−0.35
0.23
3.00

Z-Ratio

Model 2

−2.83
−0.65

0.918**
0.976

0.190
115,747.900
116,024.800

0.034

−0.03
1.69

Z-Ratio

0.999
1.058

OR

Model 3

1.033
0.947

0.987
1.034

OR

0.119
115,751.500
116,028.300

0.037

1.00
−1.81

−0.39
0.95

Z-Ratio

Model 4

0.911*
0.897**
0.992
0.913**
1.007

1.033
1.028

OR

0.381
115,742.000
116,050.800

0.026

−2.52
−3.17
−0.26
−2.58
0.23

1.04
0.96

Z-Ratio

Model 5

1.061
1.004
1.115*
1.012
0.949
0.993
1.004
0.918
0.876***
0.996
0.940
1.015

OR

0.452
115,746.200
116,108.300

0.023

1.67
0.13
2.15
0.29
−1.40
−0.23
0.12
−1.91
−3.65
−0.12
−1.57
0.53

Z-Ratio

Model 6

Note: Level 1 N = 311,244. Level 2 N = 48. The models also include individual-level independent variables and constants. OR = odds ratio (factor change); GSP = gross state product; TANF =
Temporary Assistance for Needy Families; SNAP = Supplemental Nutritional Assistance Program; EITC = Earned Income Tax Credit; AIC = Akaike information criterion; BIC = Bayesian information
criterion.
*p < .05. **p < .01. ***p < .001 (two-tailed). The Level 2 Pseudo R2 is the proportion reduction in the intercept variable from a model with only level 1 variables to the current model. The intercept
variance for model with only level 1 variables is 0.042.

2

Level 2 pseudo R
AIC
BIC

Random effect
Intercept variance

Variable Name
Fixed effects
Level 2 variables
Log population
Gini coefficient
Absolute poverty
GSP per capita
Unemployment benefit
Medicaid spending
Public assistance
TANF maximum
Avg SNAP benefit
Medicaid eligibility
Avg unemployment benefit
State EITC

Model 1
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0.53
1.14

1.018
1.039

0.050
149,715.200
149,975.300

0.038

Z-Ratio

Model 1

OR

1.024
1.007
1.083**

OR

0.175
149,710.400
149,981.400

0.033

0.77
0.21
2.70

Z-Ratio

Model 2

−2.93
−0.76

0.918**
0.973

0.225
149,711.300
149,993.100

0.031

1.01
1.64

Z-Ratio

Model 3

1.037
1.054

OR

1.043
0.951

1.019
1.027

OR

0.150
149,714.700
149,996.500

0.034

1.35
−1.75

0.58
0.79

Z-Ratio

Model 4

0.375
149,706.800
150,021.100

0.025

−3.31
−3.31
0.24
−1.78
0.46

1.86
0.92

Z-Ratio

Model 5

0.888***
0.896***
1.007
0.941
1.013

1.059
1.026

OR

0.475
149,709.600
150,078.100

0.021

2.49
0.32
2.03
−0.40
−1.75
−0.13
0.19
−2.59
−3.63
0.38
−0.54
0.91

Z-Ratio

Model 6

1.088*
1.011
1.104*
0.985
0.939
0.996
1.006
0.895**
0.882***
1.011
0.980
1.025

OR

Note. Level 1 N = 376,602. Level 2 N = 48. The models also include individual-level independent variables and constants. OR = odds ratio (factor change); GSP = gross state product; TANF =
Temporary Assistance for Needy Families; SNAP = Supplemental Nutritional Assistance Program; EITC = Earned Income Tax Credit; AIC = Akaike information criterion; BIC = Bayesian information
criterion.
*p < .05. **p < .01. ***p < .001 (two-tailed). The Level 2 Pseudo R2 is the proportion reduction in the intercept variable from a model with only level 1 variables to the current model. The intercept
variance for model with only level 1 variables is 0.040.
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Random effect
Intercept variance

Variable Name
Fixed effects
Level 2 variables
Log population
Gini coefficient
Absolute poverty
GSP per capita
Unemployment benefit
Medicaid spending
Public assistance
TANF maximum
Avg SNAP benefit
Medicaid eligibility
Avg unemployment benefit
State EITC
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Results
Diabetes
The regression results for diabetes for the two years of BRFSS data can be found in Tables 2A and 2B. First,
examining the results in Table 2A from 2005 with only a one-year lag, the Gini coefficient does not appear to
have a statistically significant relationship with the outcome. It is not significant across any of the six models.
However, the variable for absolute poverty has a significant, strong, and positive relationship with being
diagnosed with diabetes, indicating that the higher the absolute poverty rate in a state, the greater the odds of
being diagnosed with diabetes. Specifically, a one standard deviation increase in absolute poverty in a state is
associated with an increase in the average odds of being diagnosed with diabetes by a factor of 1.126 or 12.6
percent. The inclusion of this variable also dramatically increases the value of the state-level pseudo R2 value
and accounts for about 33.3 percent of the state-level variation. Relatedly, several of the economic
performance and welfare spending and policy variables are significant and negative, including GSP per
capita, public assistance spending, TANF maximum benefits, the average SNAP benefit, and the average
unemployment benefit. More substantively, a greater degree of state-level generosity, or higher levels of
welfare support, on these measures is related to a decreased odds of being diagnosed with diabetes. The
welfare policy measures in particular are substantively quite strong and explain a high level (52.8 percent) of
the state-level variation in the outcome according to the pseudo R2 value. Further, the inclusion of these
variables in the full model slightly attenuates the relationship between absolute poverty and diabetes.
Turning to the results in Table 2B, with a three-year lag, the findings are somewhat altered. The
coefficients for the other sets of variables are fairly consistent between the two years of data, with only
minor differences in the magnitude of the coefficients. Only the variable for average unemployment benefit
is now no longer significant in the full model (Model 6). However, the most notable change here is that the
Gini coefficient is now significant in some of the models. Income inequality (Gini) is significant in Model 1
and has a relatively modest effect on the outcome. In particular, a one standard deviation increase in the Gini
coefficient is related to an increase in being diagnosed with diabetes by a factor of 1.068, or 6.8 percent. With
the inclusion of absolute poverty (Model 2), the welfare spending variables (Model 4), and in the full model
(Model 6), this variable drops to nonsignificance, indicating that these other variables account for the effect
of income inequality. The size of the effect is also mitigated with the inclusion of the welfare policy variables
in Model 5. Thus, in the case of diabetes, the relationship with income inequality is not particularly strong or
clear. We only observe a significant effect when using a three-year lag between the state-level and individuallevel data, and this modest effect drops to nonsignificance with the inclusion of other, related variables.

Hypertension
Second, the results for hypertension can be found in Tables 3A and 3B. In these sets of models, the size
and pattern of the effects of the variables is quite similar to the case of diabetes. Again, using the 2005
BRFSS data with a one-year lag, the effect of the Gini coefficient is not significant across any of the
models. The coefficient for absolute poverty is significant and sizable. Specifically, a one standard
deviation increase in the percentage of people in poverty in a state is related to an increase in the average
odds of being diagnosed with hypertension by a factor of 1.12, or 12 percent. This factor also accounts for
a fairly sizable portion of the state-level variance, with a unique contribution of about 27.5 percent. Also,
as in the case of diabetes, the variables for GSP per capita, public assistance spending, TANF maximum,
average SNAP benefit, and average unemployment benefit are all significant and negative, indicating that
higher levels of spending and generosity for these factors is related to a decrease in the average odds of
being diagnosed with hypertension. The coefficient for TANF maximum benefit in particular has a
substantial effect, which is similar to diabetes as well. From Model 5, with the welfare policy measures,
these factors also account for a substantial portion of the state-level variance using the pseudo R2 value,
which demonstrates that these five factors explain about 47.5 percent of the overall state-level variation.
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When examining the results with the three-year lag on the state-level variable and using the 2007
BRFSS data, the results are different than in the case of diabetes. Notably, in this case, the variable for
income inequality is not significant in the gross effects, and is only significant in Model 3 when
including the state-level economic performance variables. GSP per capita here is significant and
negative and appears to have a suppression effect on the Gini coefficient. The effect of the Gini was
also bolstered by the inclusion of GSP per capita for diabetes as well. But, in this case, this is the only
model in which is the Gini is significant, and the effect size is modest. Thus, income inequality here,
even with a three-year lag, does not seem to have a strong or notable relationship with the likelihood of
being diagnosed with hypertension across the U.S. states. The pattern for the other variables in these
models is similar to the 2005 data, with the exception that public assistance spending is not significant
in Model 4 here. Otherwise, the pattern and effect sizes are fairly similar to the 2005 data. As in the
case of diabetes, though, the effect of income inequality on hypertension is not strong or clear, and it
appears as though other state-level factors have a much stronger relationship to the outcome.
Coronary heart disease
Finally, the association between income inequality and coronary heart disease introduces further
complexity to our understanding of this association. These results can be found in Tables 4A and 4B.
Across both of these sets of models, it appears as though these variables do not do as good of a job at
understanding the relationship between state-level factors and coronary heart disease, as in the case of
diabetes or hypertension. Fewer variables are significant, the magnitudes of the effects are somewhat
smaller, and the pseudo R2 values are lower across all models. However, the overall pattern is fairly
similar to the other two chronic health conditions. In the set of models using 2005 data with a one-year
lag (Table 4A), the variable for income inequality is not significant in any of the six models, whereas
absolute poverty is significant and positive. In this case, the effect is slightly smaller, with a one standard
deviation increase in absolute poverty leading to an increase in the average odds of being diagnosed with
hypertension by a factor of 1.095, or 9.5 percent. Similarly, the variables for GSP per capita, TANF
maximum benefit, average SNAP benefit, and average unemployment benefit are significant and
negative. In the full model, however, only absolute poverty and average SNAP benefit remain significant,
with little change to the effect of absolute poverty with the full set of variables.
When looking at the results with the three-year lag in the state-level variables, the pattern is fairly
similar to the first set of models, as well as for the other two dependent variables. Here, the Gini
coefficient is not significant in any of the six models, even with the inclusion of GSP per capita (though
it was in some models with three-year lags for the other two outcomes). And, in Model 5, the variable
for average unemployment benefit is no longer significant. In the full model, absolute poverty, TANF
maximum benefit, and average SNAP benefit are all significant, but the inclusion of the welfare policy
variables do not mitigate the effect of absolute poverty on the outcome. In sum, the Gini coefficient
does not have a significant relationship to being diagnosed with coronary heart disease, either in the
gross effects or with the inclusion of other, related variables. Thus, in this case, this outcome does not
seem to be substantially patterned by income inequality. Though, absolute poverty does have a
consistent and positive relationship with coronary heart disease, as with the other dependent variables.
And, again, several of the welfare policy measures are negatively related to the outcome.

Discussion and conclusions
The goal of this study is to analyze the theoretical orientations on the relationship between income
inequality and chronic health conditions. The two dominant ways of understanding this association are
either as a problem of relative deprivation through a social-psychological stress process or through the
experience of absolute deprivation in that inequality is often associated with an unequal distribution of
resources. The study presented here on chronic health conditions provides only limited and qualified
support for the relative deprivation side of this debate, suggesting that the issue is perhaps more
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complex than often theorized and presented in the existing empirical literature on the subject.
Furthermore, it suggests that these approaches are not mutually exclusive. Finally, it proposes that
the typical measurement of welfare policy based solely on spending may systematically underestimate
the effect of neo-material factors, which gain importance once program attributes are considered.
Here, we find that income inequality is only significant and positively related to two of the three chronic
health outcomes and only under certain conditions. In both cases, it was only significant when allowing a
three-year lag between the state-level data and the individual-level data. In the case of hypertension, it was
only significant with the inclusion of GSP per capita, which has a suppression effect on the variable. The
coefficient is altered with the inclusion of other variables, especially absolute poverty and certain welfare
measures. In the full models, income inequality was not significant across any of the dependent variables or
years of data. The relationship between income inequality and these three chronic health outcomes is not
particularly strong or straightforward, and appears to be conditioned by the choice of data and model
specification. Thus, we find only very limited support for the income inequality hypothesis.
The other variables appear to have a stronger and steadier association with the outcomes. In particular,
absolute poverty is always associated with the health outcomes. It is consistently significant across all
model specifications, has a fairly sizable effect, and appears to explain a substantial portion of the statelevel variation in the outcome. Its inclusion also reduces and removes the effect of income inequality. This
provides support for the neo-material side of this debate. Furthermore, several of the welfare spending and
policy variables have significant and strong effects across the model specifications and years of data.
Specifically, the welfare policy measures for TANF maximum benefit, average SNAP benefit, and sometimes the average unemployment benefit have sizable and consistent effects in all model specifications
where present. As these represent forms of cash and near-cash types of assistance, it appears as though
direct forms of assistance (even compared to those which are more directly related to health care, like
Medicaid) do a better job at accounting for the association between these various state-level factors and
chronic health outcomes. This is also fitting with the neo-material theoretical perspective.
These findings are consistent with some previous research that shows only limited, qualified, or no
support for the relative deprivation perspective (Fiscella and Franks 1997; Judge et al. 1998; Mellor and
Milyo 2002), especially in the case of chronic health conditions (Cox et al. 2007; Lynch et al. 2001; Sturm and
Gresenz 2002). However, we also find a stronger and more consistent association for absolute poverty and
each of the three outcomes, which is a variable often overlooked in the current literature on the topic (for an
exception, see Holtgrave and Crosby 2006). Yet, from an associational analysis, it is unclear what specifically
is producing the effect of poverty in the aggregate and health outcomes. For example, absolute poverty may
be a reflection of other problematic underlying conditions at the state level, or the effects may come from the
negative ecological effect of poverty as noted in other research, especially at the neighborhood level (Kling,
Liebman, and Katz 2007; Ludwig et al. 2011). Moreover, some extant research shows a positive association
between income inequality and chronic health conditions in the United States (Diez-Roux et al. 2000;
Kennedy et al. 1996; Pabayo et al. 2015). Yet here we only find an association for certain outcomes, and only
under certain conditions, such as a three-year time lag with the dependent variable.
These divergent results suggest that these issues are clearly more nuanced than often proposed in the
literature at present. This literature is generally dominated by two main theoretical camps in order to
understand the association between income inequality and health outcomes—relative and absolute deprivation. However, these two perspectives are not mutually exclusive (though they are often presented as
such), and it is likely that they operate in conjunction with one another. This is in keeping with the
fundamental cause theoretical paradigm in medical sociology, which argues that social conditions are
related to health outcomes through multiple mechanisms that produce multiple health outcomes (Link and
Phelan 1995). From this general paradigm, then, we should expect that income inequality has a nuanced and
multifaceted relationship to health outcomes. Thus, under certain conditions, income inequality may be
mechanistically linked to health outcomes through the social psychological process of relative deprivation
while it may also be linked to health through the absolute conditions of poverty that are often associated with
greater inequality. Future research should consider these nuances and attempt to better understand under
which conditions these two mechanistic perspectives may be operating.
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Furthermore, this study considers several welfare policy and spending measures, which could play an
important role in understanding how to address the problems of poverty and inequality and their respective
impacts on health outcomes. The extant literature on the topic seldom addresses or includes such measures.
We find that several of these variables have a substantial relationship to the outcome and may mitigate the
effects of both income inequality and poverty at the state level. Moreover, we find that specific features of
welfare policy (such as the extent of their generosity or inclusiveness) are better indicators of these programs
and the effect that they may have on these associations (versus pure spending indicators alone). Future
research on the topic should include a more detailed and longitudinal examination of these policies
measures to better understand how these key policy factors can impact these relationships over time.
Although the study presents some novel findings and added nuance to this discussion, it is not
without its limitations. First, though we use lagged indicators for the state-level variables and use multiple
time points as indicated by the previous literature (Kondo 2009), the health data at the individual level are
not panel data; thus we can merely test the associations between these various factors and not causal
relationships. Longitudinal research offers more conclusive test of the predictors (Beckfield 2004).
Further, while we test chronic health conditions that are pertinent to the major public health concerns
in the developed world, the way in which the dependent variable items are worded suggests some bias.
Each question specifies that in order to give an affirmative response, the respondent must have been
officially diagnosed with the condition by a physician. This likely means that our estimates of the
prevalence of these disorders are conservative as many people, especially those without access to the
health care system, may have an undiagnosed disorder. Although we control for whether the respondent
has health insurance, this does not capture all aspects of the ways in which access to the system may be
conceptualized. These were the only measures available in the data, though. This is an important
consideration for future research on the issue with regard to chronic health outcomes.
Despite these limitations, the study presented here provides some added layers and nuance to this
ongoing discussion. Overall, these results suggest that the relationship between these different variables is
quite complex and that our current theoretical explanations of these phenomena are perhaps overly
simplistic and do not account for the myriad of factors and policies that play a role in this association.
Further research on the subject should more carefully consider the complex ways in which these issues
relate to one another before drawing definitive conclusions about the nature of the association between
income inequality and health, as well as the mechanisms by which we observe such as association.
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Urban Institute, Welfare Rules Handbook
U.S. Department of Labor
The Hatcher Group, “Tax Credits for Working
Families”
State Medicaid income threshold for a nonworking parent as a percentage of the federal poverty line for a family of Kaiser Family Foundation
three in 2004
Average household monthly SNAP benefit in FY2004
U.S. Department of Agriculture

National Association of State Budget Officers

Medicaid expenditures as a percentage of total state expenditures, per state, in FY2004

Maximum monthly TANF benefit (single parent family of three) in 2004
Average weekly unemployment insurance benefit, per recipient, in 2004
Presence of supplemental state-operated EITC program in 2004

National Association of State Budget Officers

Source

Public assistance expenditures as a percentage of total state expenditures, per state, in FY2004

Description and Coding

Note. FY = fiscal year; EITC = Earned Income Tax Credit; TANF = Temporary Assistance for Needy Families; SNAP = Supplemental Nutritional Assistance Program.

Avg SNAP benefit

Medicaid eligibility

Max TANF benefit
Avg unemp benefit
State EITC

Program attributes

Variable Name
Expenditures
Public assistance
spending
Medicaid spending

Appendix. Variable descriptions and sources for state-level welfare spending and policy data
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