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ABSTRACT
While life expectancy in the U.S. has lengthened over the 20th century, demographic
sub-populations have not shared this improvement equally. Health disparities exist along
several social dimensions such as gender, race/ethnicity, and socioeconomic status.
Among them, somewhat less attention has been paid to geographic health disparities. In
contrast to urban places, rural areas are characterized by lower insurance coverage rates,
fewer health service facilities, and unfavorable socioeconomic conditions. However,
these disadvantages do not translate into higher death rates. Rather, the mortality rates are
lower in rural than urban areas – constituting a puzzle known as the “rural paradox.”
There are three shortcomings in the literature on residential mortality
differentials: 1) underdeveloped conceptualization and measurement of rurality, 2) a lack
of a spatial perspective and attention to spatial dependency, and 3) incomplete attention
to the array of possible determinants of the rural paradox. By addressing these issues, a
more nuanced measure of rurality and four mediators between rurality and mortality are
employed – population composition, social capital, internal inequality, and environmental
hazards. Rurality is further divided into three dimensions: “denseness,” “exogenous
economic integration” (EEI), and “farming, fishing, and forestry industries” (FFF).
Methodologically, not only is the traditional analytic approach (ordinary least squares)
explored, but also four other spatial modeling techniques are used: spatial error, spatial
lag, mixed, and the conditional autoregressive method. An overall comparison among
these methods is also provided.
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By analyzing county level data in the contiguous U.S., the following
conclusions are reached. First, the effect of rurality on mortality differs by dimensions.
EEI and FFF confirm the rural paradox, but denseness has a countervailing effect on
mortality. Second, the exploratory spatial data analyses show a strong spatial clustering
of mortality in the U.S.The Black Belt, Appalachia, Mississippi Valley, and Delta Region
comprise the high mortality zone. The Midwest, Great Plains, and the U.S.-Mexico
border region have relatively low mortality rates. Third, controlling for environmental
hazards, denseness has a beneficial impact on mortality, which follows the intuitive
expectation that urban residents benefit from better social conditions and other healthrelated services. Fourth, social capital and environmental hazards could explain the
influence of FFF on mortality, though FFF still has a statistically significant effect in the
full model. Fifth, population composition could partially account for EEI’s adverse
impact on human health. Sixth, inequality shows a non-linear and unfavorable effect on
mortality but could not help to explain the rural paradox. Seventh, spatial modeling
techniques are necessary for ecological studies of mortality because they outperform the
traditional method with respect to model fit and predictive ability. Finally, residence still
matters because the rurality effects on mortality could not be fully explained by the four
mediators. However, a clearer picture of the rural paradox is depicted.
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Chapter 1
Geographic Health Disparities:

Why Are Mortality Rates Lower in Rural Areas Than in Urban Areas?

Introduction

The general health of the population in the United States has improved
significantly over the past century. Life expectancy at birth, for example, was 47 years in
1900. By the end of the 20th century, it had risen to 77 years, and it is expected to reach
more than 80 years by 2050 (DHHS, 2000). This significant improvement in health is
thought to be the result of a combination of factors, including better standards of living,
improved public hygiene, advanced vaccination and medical treatment, improved
understanding of the origins and epidemiology of disease, and a better understanding of
health risks. These factors decrease the mortality rates of every age group, thereby
increasing life expectancy for the entire population. Nonetheless, not every sector of the
public benefits equally from these health improvements. In short, disparities in health
quality exist between specific social groups in the US.
The goal of eliminating health disparities among segments of the US population is
one aim of Healthy People 2010, a national health promotion and disease prevention
initiative in the first decade of the 21st century. According to Healthy People 2010, health
disparities refer to “differences that occur by gender, race or ethnicity, education or
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income, disability, geographic location, or sexual orientation” (DHHS, 2000, p11).
Disparities exist in communities and societies that suffer from avoidable loss of life and
unnecessary health care expenses. Among the sources of health inequalities, the effects of
living in a rural locality have not yet been explored sufficiently, especially in contrast to
the attention paid to other socioeconomic and demographic factors. In 2000, one fifth of
Americans live in rural communities where the population is fewer than 2,500 residents
(Seekins and Enders, 2005). Rural dwellers are less likely to take advantage of preventive
screening services, be insured, fasten safety belts, or access emergency services.
Furthermore, the incidence of heart diseases, diabetes, cancer, and injury-related deaths
are higher for rural populations than for their urban counterparts (DHHS, 2000).
Nevertheless, rural mortality rates do not reflect these disadvantages. In fact, the
converse is true: rural mortality rates are lower than urban mortality rates. For instance,
nonmetropolitan counties showed an age-sex-race adjusted mortality rate of 833 per
100,000 population, which is lower than 863 per 100,000 population of metropolitan
counties (McLaughlin et al., 2001, p.589).
Rural areas do have higher crude (unadjusted) mortality rates than do urban
centers. Nevertheless, after adjusting for factors such as age, sex, race, most of the
disadvantages are eliminated, resulting in an apparent rural advantage—the so-called
rural paradox (Clifford and Brannon, 1985; Clifford et al., 1986; Miller et al., 1987;
McLaughlin et al., 2001). The rural paradox holds regardless of whether rurality is
operationalized as a dichotomous or ordinal categorical variable. Despite substantial
research on this topic, the existing literature shows three shortcomings. First, researchers
have failed to fully and empirically capture the complex nature of rurality. Second, a
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spatial perspective has yet to be taken fully into account in methods used to relate rurality
and mortality. Third, the theoretical explanations underlying the rural paradox have not
been thoroughly discussed. Hayward et al. (1997) posit that urban areas have greater
environmental hazards and higher levels of social disorder, and the researchers
hypothesize that these factors increase the risk of mortality in urban centers. On the other
hand, they believe that the greater availability of health care and higher socioeconomic
status in urban areas should lead to lower mortality rates there. Apparently, residence in
urban centers can have both adverse and beneficial effects on health. Despite these
counterbalancing observations, no study has incorporated all of these factors as possible
explanations for differences in mortality rates between the two residential categories. The
next section is designed to address these avoidable shortcomings.

Rurality, Space, and Determinants of Health Disparities

In order to discuss the flaws in the literature on residential mortality differentials,
this section will be divided into three subsections that will discuss, respectively, the
issues of rurality, spatial perspective, and potential explanations for mortality differences.
The purpose of this section is two-fold. The first purpose is to pinpoint what can be
rectified in existing research models to advance our knowledge; the second is to establish
the research framework for the present study.

4
Rurality Means More Than Where One Lives

To explain the health disparities caused by geographic location, it is important to
clarify what is meant by the term rurality. There are two interconnected reasons for
focusing on rurality. First, rurality is very commonly used in health research (Verheij,
1996). However, more than mere residential location, rurality implies both ecological
diversity as well as social factors that may affect the health of residents. This leads to the
second reason to focus on rurality: its complexity. Rural/urban differences not only
suggest the uneven presence of phenomena, but also the situational factors present in
each type of place (Hoggart, 1990). In research on rural/urban disparities in health, the
content of the concept of rurality itself calls for additional scrutiny. Common empirical
definitions of rurality, often based purely on population size and density cannot, by
themselves, capture the broader influences of the region in which people are embedded.
Furthermore, the possibility that of regional variation in the US needs to be
acknowledged. For example, North Dakota, a very rural state, recorded the lowest
national age-adjusted death rate for females and the second lowest male mortality rate in
1987 despite a very high rate of poverty relative to the national average (Zopf, 1992). On
the other hand, the Appalachia Region, one of the nation's poorest and most rural, has a
very high mortality rate (McLaughlin et al., 2007). The conclusion is obvious: binary
residential classification, such as ‘rural’/’urban’, do not reflect the real variations between
these two living situations. Besides this issue, explaining the rural paradox also requires
clarifying what aspects of the traditional definition of rurality give rise to the spatial
differential of mortality.

5
Lack of Spatial Perspective

The second avoidable gap in the literature is ignoring the effects of the spatial
dependency in data, which could bias the analytic results or lead to incorrect conclusions.
The ecological perspective in mortality research is largely captured by area-level analysis
(Hayward et al., 1997), in which statistical independence among analytical units is
assumed. On the one hand, it is not reasonable to accept this assumption when
investigating the space-related issue. In fact, social indicators are distributed across
places much like temperature; one does not expect a steep rise/drop to occur between two
adjacent areas. The ecological property changes both qualitatively and quantitatively,
depending on the values and relationships among the neighbors. In previous literature, the
idea of spatial adjacency is seldom considered. Consequently, the estimated effects in the
areas may either be incorrect or simply highly unlikely. On the other hand, it is
unacceptable methodology to allow collinearity or other relationships to exist among
ecological properties. In reality, the area attributes should be correlated or even
determined by one another. In order to correct these flaws, an approach that integrates
both the spatial perspective and natural estimation methods is required.
Moreover, interest in adding a spatial perspective to population research has
grown rapidly in recent years. This growth has been driven in part by the availability of
geo-referenced data and the tools to analyze and visualize them, specifically geographic
information systems and spatial analysis. Spatial demography has been named a priority
area of the Demographic and Behavioral Sciences Branch (DBSB) of the National
Institute of Child Health and Human Development (NICHD). Furthermore, in a special
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issue of the Proceedings of the National Academy of Sciences, it was noted that spatial
demography “brings sciences together” (Watcher, 2005). Nevertheless, despite the
growing attention to spatial perspectives in demography research, few studies of
residential mortality differentials address this issue.
In reality, ecological analysis in health research should take into account the fact
that socioeconomic and demographic features are not distributed equally across space. It
is also inevitable that more advanced analytic tools will be adopted in order to take
spatial dependency into account. In other words, both exploring why health disparity in
residential mortality exists as well as adding spatial perspectives into analytic methods
may provide more precise answers and thereby shed new light on the rural paradox.

Determinants of Health Disparities

To achieve the goal of eliminating health disparities, it is imperative to understand
their determinants, for that which is unequal is not necessarily inequitable. Generally, the
determinants of health disparities can be divided into two types based on avoidability.
The following three are regarded as unavoidable determinants: 1) biological or genetic
variations; 2) health-risky behaviors that are freely chosen, such as smoking; and 3) the
transient advantage of a group, such as in the early adoption by groups of healthpromoting behaviors. In contrast, four determinants are considered avoidable: 1) healthdamaging behaviors restricted by a lifestyle of few choices, such as malnutrition in
childhood; 2) exposure to mentally and physically unhealthy environments; 3)
inaccessibility to basic healthcare or other public services; and 4) health-related social
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isolation or downward mobility (Whitehead, 1991). It should be noted that whether a
factor is avoidable depends on current knowledge, public acceptance, culture, and
ideology (Carter-Pokras and Baquet, 2002). For instance, some gene-related diseases can
now be cured or prevented by gene therapy, although they were regarded as unavoidable
in the past.
Among these factors, the avoidable factors are the ones which should be focused
on in efforts to eliminate health disparities. Unhealthy and unsafe living environments,
for example, can lead to disparities in infant mortality rates across space, or affect brain
development in children and, in turn, hinder both their educational attainment and health
in adulthood. To minimize the gap caused by inadequate environment, ameliorating
living standards, providing clean water, or limiting children’s exposure to heavy metal
are all potential actions that can be taken. In summary, in order to establish a more equal
society, it is crucial to identify the avoidable causes underlying health disparities.
At the area-level analysis, the above-listed avoidable factors can be categorized
into the social and physical environments. The former includes the following dimensions:
interactions with friends, colleagues, and others within the community; the social
institutions, such as churches, schools, and workplaces; neighborhood characteristics; and
the presence or absence of crime. The social environment not only has a profound effect
on individual health but it also strongly affects the health of a community. Social
environments differ according to among other things, culture, custom, religion, and
demography. In addition, the physical environment encompasses what can be touched,
seen, heard, smelled, and tasted, as well as intangibles such as radiation. Like the social
environment, the physical environment can affect both community and personal health.

8
When residents are exposed to toxic substances, carcinogens, and other health-risky
materials, the health of both the individual and the community is jeopardized. Thus, clean
air and water as well as safe environments can promote health. Though potential
explanations for the rural paradox can be found in the social and physical environments,
little research has attempted to examine the pathways underlying the health disparity
caused by residence in one type of environment or the other.
Overcoming the three flaws in the literature should break new ground in
answering the question of why rural mortality rates are lower than urban ones. The
concept of rurality deserves further deliberation. Although population size is one
important aspect of rurality, it fails to explain why rural residents are generally healthier.
Thus, additional dimensions of rurality should be considered in studies of residential
mortality differentials. In addition, the burgeoning awareness of the importance of the
spatial perspective in demographic research may broaden our current knowledge. In order
to diminish the influence of geographic dependency, it is necessary for area-based
mortality analyses to employ spatial analytic tools. Finally, social and physical
environments have substantial effects on both individual and community health. To
further explore the rural paradox, factors that are embedded in the environments and lie
hidden behind geographic locality should be uncovered so that the existing health
disparities can be fully explained and addressed politically. The research framework of
this study starts from the assumption that these shortcomings are avoidable, and the goal
of the thesis is to fully explain why mortality rates differ between rural and urban areas.
The next section will further explain the research framework of this study.

9
Research Framework

The existing research model of residential mortality differential directly links
rurality to mortality (see panel A in Figure 1). As discussed earlier, the concept of rurality
has not been fully explored; moreover, the traditional definition of rurality – population
size – fails to capture important dimensions of rurality. In addition, the spatial
dependency of the data is overlooked, meaning that the spatial analysis approach is
underutilized. Finally, this study argues that it is not rurality itself that affects the
likelihood of death, but the factors hidden behind rurality. This means that those variables
that are differentiated by rurality and have an impact on mortality should be included in
order to improve the existing research model. Four components--population composition,
social capital, internal inequality, and environmental hazards--are regarded as the missing
pieces of this puzzle.
Panel B of Figure 1 illustrates the proposed research framework, in which
previous methodological shortcomings are overcome. First, the concept of rurality, which
is fully discussed in the next chapter 2, is not considered a single-dimensional concept.
Population size is an undeniable aspect of rurality, but it is not the only aspect. For
example, economic structures and geographic isolation are also important aspects
affecting the four mediators between rurality and mortality. Second, the entire research
model will be analyzed using a spatial approach where the potential biases caused by
spatial dependency are eliminated. Finally, since a direct linkage between residence and
health is questionable, the four determinants of health disparities are introduced in the
proposed model. The four determinants differ according to residence in an urban or rural
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area, and they all have theoretical influences on human health. The following paragraphs
will provide a cursory discussion. The next chapter will present a detailed review of the
literature.

Population composition

It is important to consider whether it is the inhabitants of places or the places
themselves that cause the rural paradox. Apart from the characteristics of places, unique
social, demographic, and economic characteristics of local populations can predispose
them to higher levels of mortality. Accordingly, population composition needs to be
considered. According to previous findings, age-structure, gender, ethnicity, family
composition, and occupational status are all determinants of life expectancy (Rogers et
al., 2000). In a sense, the population composition comprises the local demographic
ingredients within the geographic unit and is an important dimension of differences
among places.
An important consideration when it comes to demographic composition is
migration. Of course, individuals are not stationary, but move from place to place. This
may have implications for mortality. Most obviously and directly, even if it is less
common, migration may select for those who are ill, driving up mortality in destination
locations. More indirectly but more frequently, migration may select for people with
certain health-related characteristics that place them at risk of higher mortality (Verheij,
1996). It is important to consider whether socio-demographic groups known to have
higher mortality rates cause the residential mortality differentials. In this regard, an

11
explanation that works against the rural paradox is the tendency for in-migrants from the
elderly, groups that ceteris paribus often have more health-related issues, to strongly
prefer urban locales over rural ones (Rosenwaike, 1991).

Social Capital

According to Granovetter’s work (1973), strong ties refer to the social
relationships between ego, close friends, and kin. Weak ties indicate the associations
between a person and his/her acquaintances. Distance and dispersion prevent rural
individuals from developing weak ties with the community. Indeed, it has been argued
that rural residents have more strong ties than weak ones (Wilkinson, 1991). The lack of
public service and transportation in rural locations increases the need for interpersonal
cooperation and exchange. Consequently, rural inhabitants have a greater sense of
responsibility to others than do their urban counterparts. Social capital is assumed to be
stronger in rural areas and to constitute the last safety net for human health. For instance,
stronger social capital may bring more direct and indirect health support, like food,
money, and convalescent care. Therefore, with these buffering effects, rural areas would
be expected to have lower mortality.
Moreover, extending Durkheim’s theory (1951), large-scale societal crises of an
economic or political nature correlate with higher social disorder. In this situation, social
control and norms are weakened and hence it is difficult to accumulate social capital. In
locales with weak social capital, violence, crime and safety concerns will be high and
thus reciprocity and mutual trust will be lower. In turn, social ties among the population
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will be fragmented. Consequently, the buffering effects of social capital become
increasingly difficult to maintain. Psychologically speaking, perceived stress will be
higher and place-attachment will be weaker. Interpersonal contact shrinks, thus further
threatening mental and physical health (Hayward et al., 1997). Physically speaking,
weaker social capital will increase direct exposure to violence, crime, and other injuries.
Finally, availability of, and access to, resources and goods may be lower in places
characterized by lower social capital. All these factors place upward pressure on
mortality.

Internal Inequality

Another concept that should be considered in the study of the rural paradox is
internal inequality. Socioeconomic and demographic variables are often used to explain
urban-rural differentials, but the level of inequality is rarely considered. There are two
perspectives concerning how inequality affects health and mortality outcomes. The first
perspective, the material dimension of the inequality link, regards income inequality as a
set of economic, political, social, and institutional processes that reflect systematic
underinvestment in human, physical, health, and social infrastructure (Daly et al., 1998).
The second perspective, the social dimension of inequitable income distribution, links the
level of inequality with personal perceptions of the social environment, which in turn
may impact morbidity and mortality (Wilkinson, 1994). Theoretically, highly inequitable
communities expose low-status individuals to higher levels of stress, which negatively
affects their well-being (Kawachi et al., 1997; Kaplan et al., 1996). Such forces
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contribute to mortality independently of the scarcity of material sources. Coupled with
the recent findings that the degree of inequality is higher in urban areas (Shelnut and Yao,
2005; Wu et al., 2006; Fallah and Partridge, 2006), internal inequality is believed to be
able to account for the lower mortality observed in rural areas.

Environmental Hazards

The insight that where one lives makes a difference to one’s health can be traced
to seventh-century England, where increasing urbanization triggered a special interest in
the relationship between health and environment (Macintyre and Ellaway, 2003).
Environmental quality reflects any environmental hazard in a local area, such as higher
levels of air pollution or exposure to toxic materials from industrial waste sites that may
increase mortality rates. Air pollution is detrimental to those with existing respiratory
conditions, although support for a causal relationship between particulate matter and
mortality is mixed (Bates, 2000; Zanobetti and Schwartz, 2000). Exposure to chemical
toxins in the water, air, and soil can influence a number of organ systems (Kamrin et al.,
1994). In addition, anthropogenic actions, such as driving, cooking, and energy
consumption, lead to abundant pollutant emissions. All of these environmental hazards
are thought to be higher in urban areas and hence may explain why the residential
mortality differential exists.
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Figure 1: Conceptual Framework Comparison

Objectives

The primary goal of this research is to investigate the relationship between
rurality and mortality. Corresponding to the three shortcomings in the literature – the
underexplored concept of rurality, the uncovered determinants of residential mortality
differentials, and the lack of spatial perspective, three specific objectives are proposed as
below:
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The first objective is to provide a thorough review of the literature on rurality
with an emphasis on how it affects both the four mediators and mortality. Most previous
research uses dichotomous measures of rural/urban residence. This thesis will argue that
a more nuanced measure of the content of rurality will provide a richer understanding of
the place characteristics that affect mortality through internal inequality, social capital,
environmental hazards, and population composition. Discussion of how these factors
differ by residence is rare in the literature; still lacking is a systematic review of the
associations among the four mediators and mortality. Therefore, the first objective is to
fill the theoretical gap through a thorough literature review.
The second objective is to validate the hypothetical associations proposed in the
conceptual framework. This study will break new ground both by incorporating
ecological variables into the analysis and by investigating the impact of the four
mediating factors, thereby achieving a more complete appraisal of the etiology of
mortality. The prevailing literature pays insufficient attention to ecological factors. It is
essential to integrate social and ecological explanations to better understand the rural
paradox. Hence, the second objective is to confirm the empirical relationships among
death rates, population composition, social capital, internal inequality, and environmental
hazards.
The third objective is to explore how rurality affects mortality by building a
spatial mortality model that incorporates spatial adjacency. This study will take both
spatial adjacency and rurality into account, thereby advancing our understanding of the
relationship between mortality and residence. The first law of geography--“everything is
related to everything else, but near things are more related to each other” (Tobler, 1970,
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p236)--suggests the dependency of social indicators. Previous research fails to consider
spatial associations that this study is expected to uncover. Once spatial dependency is
controlled, the question of whether residence affects health can be answered with greater
precision.

Organization of Dissertation

Chapter 2 will establish the theoretical foundation for the research framework.
The existing literature on residential mortality differentials will be reviewed first,
followed by a discussion of the nature of rurality. After this, the relationships between
residence and the four mediating factors will be elucidated. That is, whether and how
rurality affects the proposed explanations of the rural paradox will be unveiled. The next
section will link these explanatory concepts to mortality, and thereby complete the
theoretical framework of this study. Chapter 3 discusses how the concepts are measured,
it explains the analytic strategies behind this work, and it introduces the spatial analysis
approach. Also, the data resources are described there. The following chapter contains
both descriptive and explanatory statistical results from both aspatial and spatial analyses.
Based on these empirical results, the final chapter will offer both an overview and a
thorough discussion of this study, and will draw conclusions and policy implications
from the findings. It will also suggest several avenues for future research.

Chapter 2
Literature Review

Introduction
This chapter is designed to clarify several empirical questions, and thereby establish
theoretical relationships among the factors in the research framework of this study. First,
the concept of rurality will be clarified, and the question of how to conceptualize and
measure rurality in the U.S. will be discussed. Next, the question of whether residential
mortality differentials actually exist will be answered, and if they do, which groups are
favored in terms of mortality will be discussed. After addressing these issues, the focus of
the discussion will shift to the relationships between rurality, mortality, and the four
mediating concepts within the framework. Specifically, both how these mediating
concepts differ by type of residence and how they affect mortality rates will be examined.
The chapter will close with a summary and a listing of the research hypotheses of this
dissertation.

Conceptualization of Rurality
In the literature, the dichotomy between rural and urban environments has been
widely used to represent where an individual lives, for either descriptive or explanatory
purposes. Most studies assume that the audience understands to what this classification
refers. However, the concept of “rural” is more sophisticated than the dichotomy
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suggests. The goal of this section is to provide a review of the conceptualization of
rurality, and to introduce two widely used rural indices. These discussions will determine
how the concept of rurality is measured in this study.

What is rural?
A discussion on the concept of rurality must begin with Sorokin and Zimmerman’s
effort to distinguish rural from urban (1929). This study suggests nine criteria intended to
capture the intricacies between rural and urban worlds: occupational differences,
environmental differences, differences in community and population sizes, homogeneity
and heterogeneity, social mobility, migration patterns, social differentiation, and
differences in social interactions. The nine principles include not only the basis of the
rural/urban scheme, such as community and population size, but also social factors like
mobility, homogeneity, and heterogeneity. This landmark work set the stage for the later
research in the U.S. (Smith, 1947; Loomis, 1957; Miller and Luloff, 1981; Willits et al.,
1990). Regarding the rural-urban continuum, Sorokin and Zimmerman stated that “In
reality the transition from a purely rural community to an urban one…is not abrupt but
gradual…. There is no absolute boundary line that would show a clearly cut cleavage
between the rural and the urban community” (Sorokin and Zimmerman, 1929, p.14).
At the early stage of rurality conceptualization, the mainstream of social science
accepted the rural-urban continuum. In the ensuing decades, however, scholars
increasingly questioned whether a multiple-dimension index might capture rurality better
(Bealer et al., 1965; Willits and Bealer, 1967; Willits et al., 1990; Miller and Luloff,
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1981), and as a result, the rural-urban continuum was ultimately called into question
(Duncan, 1957). However, in the tradition of Sorokin and Zimmerman, the pursuit of a
multi-dimensional rural index continued. Though there was no precise consensus on
exact number and content of dimensions, a general agreement could be found in the
literature. Rurality was thought to encompass ecological, occupational, and sociocultural
dimensions (Bealer et al., 1965).
The ecological component concerned the spatial distribution of a population. In this
context, “ecological” referred to a geographical unit, as well as to the human settlements
within this unit. Conventionally, areas classified as rural were regions occupied by a
dispersed population relatively isolated from other areas. This system of classification
was advocated by Bealer et al (1965). These authors felt that this classification not only
complied with the most common usage of the term “rural,” but it was easily
operationalized in research, and particularly in analysis of secondary data. Consequently,
the ecological rurality dimension was, and still is, frequently used as a proxy of rurality
(Miller and Luloff, 1981).
The occupational dimension has long been used to define rurality. Communities
where livelihood was based in the primary industries–agriculture, mining, fishing, and
forestry–were considered “rural.” Due to the expansion of other industrial sectors in
recent decades, this occupational dimension is perhaps the narrowest definition of the
broad concept of rurality (Willits and Bealer, 1965; Miller and Luloff, 1981).
In contrast to the ecological and occupational dimensions, the sociocultural
perspective is relatively difficult to delineate and define. According to Bealer et al.
(1965), there can be two sub-dimensions: social and cultural. The former encompasses
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actions and behavioral traits, while the latter reflects common values or shared ideas that
guide interactions within a community. In this context, rural cultures are generally
portrayed as provincial, conservative, traditional, or even fatalistic (Bealer et al., 1965;
Loomis, 1950; Miller and Crader, 1979; Sorokin and Zimmerman, 1929).
Bealer et al. (1965) suggested that a distinction be made between establishing a
single criterion of rurality and specifying a composite rurality index where all
components are rationalized and weighted. In 1967, a study by Willits and Bealer
attempted to integrate the previous three dimensions--ecological, occupational, and
sociocultural--and establish a composite definition of rurality. To examine the power,
breadth, consistency, and meaningfulness of this composite definition, they used multiple
correlation analysis with data from Pennsylvania adolescents. Unfortunately, the weak
correlations found among the selected measures of rurality, which included traditionalism
and distance to the metropolis, prompted Willits and Bealer to conclude that “a composite
definition offering constant weightings to the various factors may obfuscate more than it
enlightens” (p.165). While the limited quality of the sample may partially account for this
unsatisfactory conclusion, their results agreed with their earlier assessment that the
correlations among different dimensions of rurality could change over time (Bealer et al.,
1965).
The failure to coordinate multiple dimensions of rurality raised a fundamental
question for researchers: Does rurality exist as an identifiable concept? Miller and Luloff
(1981) addressed this question using a typological approach to examine rurality. They
maintained that both ecological and occupational dimensions were crucial to
understanding rurality, and examined a question of whether the rural cultural dimension
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could be connected to the other two. Based on results of a factor analysis by data from the
1977 National Opinion Research Center, they asserted that both rural and urban cultures
existed in American society at that time. Moreover, in establishing whether ecological or
occupational characteristics were valid indicators of the sociocultural dimension, the
authors used current residence as a predictor, and found it to be a valueless variable. This
finding suggested that residence as a sole criterion failed to capture rurality well,
particularly in terms of social norms and values in rural areas. This supported the
movement toward a composite definition of rurality (Bealer et al., 1965; Willits and
Bealer, 1967; Willits et al., 1973, 1974; Miller and Luloff, 1981).
In summary, while the literature shows little agreement on the most relevant
measures of rurality, the concept of rurality is widely used in social research, both as
explanans and as explanandum. Thus, the concept of rurality is of indisputable
significance in sociology, and knowledge of where an individual lives or has lived is
imperative to understanding attitudes, behaviors, and other social outcomes. Population
scale, primary industries, and sociocultural features are three major indicators of rurality.
However, it is more simple and accurate to measure ecological and occupational
dimensions than more nebulous sociocultural features. The next section will introduce
commonly used rurality indices and discuss their main features.

Rurality indices: the conventional measure of rurality
Before introducing the commonly used rurality indices, the concepts of
metro/nonmetro and rural/urban need to be clarified. U.S. Census Bureau (2000) defines
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a metropolitan area as “one of a large population nucleus, together with adjacent
communities that have a high degree of economic and social integration with that
nucleus” (p A-16). The population, housing units, and territory in a metropolitan area are
all referred to “metropolitan.” Each metropolitan area should have a population of at least
100,000. “Nonmetropolitan” could be understood as the territory, residents, and housing
units locate outside “metropolitan.” One the other hand, “urban” is subdivided into two
types: urbanized area and urban cluster. The former should contain at least 50,000 people,
and the latter only has a population between 2,500 and 50,000 residents. Similar to
nonmetropolitan, “rural” is defined as all territory, population, and housing units located
outside of urbanized areas and urban clusters (U.S. Census Bureau, 2000).
Previous literature conveys an important message: rurality is a complex and
dynamic concept. The conceptual complexity leads to an empirical difficulty in
measuring rurality. Neither a composite index nor measurement of a single criterion
convincingly captures the concept of rurality. Therefore, increasingly complex rurality
measurements have been proposed and designed according to different purposes or even
for specific geographic regions (Weinert and Boik, 1995; Ocana-Riola and SanchezCantalejo, 2005). Apparently, rurality may be measured using different indicators in
order to describe various components, so long as the categorization is theoretically
meaningful and verified methodologically. Despite the lack of a universal definition of
rurality, two rural indices are widely employed in the U.S. literature (McKibben and
Faust, 2004): the urban influence codes (UIC), and the rural-urban continuum codes
(RUC).
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These two county-level coding schemes consider both population size and
adjacency. UIC incorporates the impact of urbanization to describe the effects of urban
sprawl on local economic opportunities. This method assumes that the economic
opportunities of a region are associated with the region’s population size and its
adjacency to metropolitan areas. Among the metropolitan counties, UIC further classifies
them as large or small metropolitan counties. For the nonmetropolitan counties, the
adjacency to a large or small metro county affects the UIC classification. The Economic
Research Service (ERS) (2004) emphasized that access to larger metropolitan areas
implies a greater probability that a rural area is integrated into a regional economy. All
the counties in the U.S. have been categorized into 12 groups (Ghelfi and parker, 1997;
USDA, 2003).
Calvin Beale first developed the fundamentals of the RUC in 1975, and he updated
it in 2003 to reflect changes in metropolitan areas (McKibben and Faust, 2004). Similar
to UIC, Beale codes distinguish metro from nonmetropolitan counties by population scale
(USDA, 2004). One difference between the two coding schemes is that RUC takes into
account only the proximity of a county to metropolitan counties. The type of metropolitan
counties (i.e. large or small) is not considered in the RUC scheme. All U.S. counties are
hence subdivided into 9 groups. In addition, it should be noted that both codes pay
attention to different size of urban population within a nonmetropolitan county. UIC uses
2,500 residents as the single threshold and RUC employs 20,000 and 2,500 dwellers to
further differentiate nonmetropolitan counties. Table 1 shows the classification schemes
of both UIC and RUC.
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Both measures use adjacency and total population as crucial factors in defining
rurality. Thus, we have added adjacency to a metro area (or the impact of urbanization on
economic opportunities) to the three elements of rurality discussed in the previous
section. Coupled with the difficulty in measuring the sociocultural dimension of rurality
at the aggregate level, this study will use the following three characteristics to measure
rurality: denseness, primary industries, and adjacency. Based on the discussion above, the
concept of adjacency is related to the economic integration status. Therefore, this thesis
will expand “adjacency” into the concept of “exogenous economic integration (EEI)” that
focuses on the economic interactions between counties. In summary, “denseness” and
“farming, fishing, and forestry (FFF)” are derived from ecological and occupational
perspectives, and “EEI” is derived from urban influence on local economic opportunities.
The specific measures of these three parameters will be discussed in the methodology
chapter.
Table 1: RUC and UIC Classification Schemes

Data Source: USDA
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Residential Mortality Differentials: Are Rural People Healthier?
Rural and non-metropolitan populations are generally characterized by a lower
percentage of the population covered by health insurance, a higher proportion of people
with chronic diseases, and generally inferior access to preventive medical services
(Kitagawa and Hauser, 1973; Norton and McManus, 1989; Hummer, 1993). Each of
these factors is associated with poor health outcomes among rural populations. Previous
studies suggest that rural dwellers have had an equal or higher prevalence of chronic
disease, higher infant mortality rates, more restricted activity days for the elderly, and
worse self-assessed health conditions (Miller et al., 1987; Rogers et al., 2000).
However, these disadvantages do not seem to affect overall mortality. Though rural
areas exhibit higher crude death rates, adjustment for demographic composition (age, sex,
and race) eliminates most of the rural-urban differences in mortality, and can even
uncover an inverse mortality gap in favor of rural areas (Clifford and Brannon, 1985;
Clifford et al., 1986; Miller et al., 1987). This paradoxical health disparity can be
interpreted as the mixture of adverse socioeconomic profiles and lower mortality risk in
rural areas compared to the situation in urban areas. Generally, the disproportionately
high percentage of older people inhabiting rural areas makes the crude death rate higher
there, but adjusting for age removes the residential disparity. In order to obtain
comparable statistics, standardization is necessary, and most mortality studies apply
standardization methods before drawing conclusions.
Kitagawa and Hauser (1973) connected individual data to death registration, and
assessed the national age-adjusted mortality from all causes of death. Metropolitan areas
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had mortality rates five percent higher than non-metropolitan areas, and the highest
mortality risk was found in the metropolitan areas containing central cities. Similarly,
Smith and his associates (1995) compared data from the Current Population Survey and
the National Death Index, and identified almost 130,000 individuals 55 years of age and
over. Central cities were reported to have the highest risk of death, whereas rural
residents were found to have the lowest mortality. This finding did not change even when
major demographic and socioeconomic factors were included in the analysis.
Moreover, in the 1980s, several studies recognized this rural mortality paradox. The
lowest mortality rates were found in the rural parts of the Great Plains and the Western
Corn Belt (Clifford et al., 1986). Counties with fewer than 2,500 residents showed lower
age-adjusted mortality rates in North Carolina and Pennsylvania (Clifford and Brannon,
1985; Keppel, 1981). Thus, despite the socioeconomic disadvantages, rural dwellers
enjoyed lower mortality risk.
Hayward and colleagues (1997) also investigated increased longevity in rural
populations, and they mapped how mortality varied spatially. This work led them to
propose how residential features and individual characteristics interact. Their assessment
of the residential gap was based on the National Longitudinal Survey (NLS) of Older
Men, conducted from 1966 to 1990. Residence was measured using three categories:
urban/central cities of Standard Metropolitan Statistical Areas (SMSAs), suburban areas
of SMSAs, and rural/outside SMSAs. Not only did Hayward et al. include those
demographic and socioeconomic variables in their risk model, but they estimated and
included longitudinal information on health status and individual behaviors such as
drinking and smoking. After carrying out complex statistical analyses, the authors

27
concluded: “This study provides evidence that rural men have a significant health
advantage, in terms of lower mortality, over urban and suburban men, net of other social
and economic explanatory factors. Longer life for men is a characteristic of rural places
of residence and less so of urban places” (Hayward et al., 1997, p.326). Interestingly,
individual levels of high-risk behaviors failed to explain the rural-urban mortality gap,
and the authors emphasized the importance of social structure and institutional factors
endemic to the place of residence. Although the authors stressed the potential effects of
both environmental hazards and social capital, contextual variables were not considered
because of the limited amount of data available.
McLaughlin and colleagues (2001) examined the relationship between mortality and
income inequality. They employed a weighted least squares model, and analyzed the
Compressed Mortality File for 3,067 counties in the coterminous U.S. using 1990 data.
Residence was classified into a binary variable according to the 1990 census definition:
non-metropolitan or metropolitan. Once mortality rates were corrected for age, sex, and
race, non-metro counties demonstrated a lower mortality rate compared to metropolitan
counties. These findings were not only consistent with earlier research, but they also
revealed the influence of income inequality in the non-metro communities.
A similar study (McLaughlin et al., 2007) estimated the influence of regional
inequality. In contrast to earlier work, they further considered social conditions and
safety, health care availability, and other two toxic density variables. They endeavored to
explore whether these additional covariates accounted for the effect of inequality on
mortality. It should be noted that the authors introduced two variables of
urbanity/rurality, namely percent of population employed in farming, forestry, and
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fishing, and an old urban area factor score that was associated with the following five
variables: log of the population, percent of the population living in urban places, the
violent crime rate from 1988 to 1992, percent of the population without a well, and
counties with a superfund site. As expected, the former was associated negatively with
mortality, while the latter was found to have a positive effect on county mortality. The
opposite effects of the two measures imply that not all rural dimensions have consistent
effects on mortality.
Four conclusions can be drawn from these previous studies. First, rural
disadvantages are commonly reflected in higher infant mortality rates, lower
socioeconomic status, fewer medical resources, and more days of restricted activity.
However, these liabilities do not result in higher mortality rates in rural than urban areas.
On the contrary, living in rural communities increases life expectancy. As Smith et al.
(1995) concluded, “Despite the cumulative urban advantages in terms of social and
economic development, urbanization does not necessarily translate into lower mortality
risk” (p.284).
Second, there is no consistent residential measurement. Some studies adopted the
information from death certificates (Kitagawa and Hauser, 1973; Silver, 1972) and
rural/urban residence was defined as the location where an individual died. Others argued
that residence during midlife was more meaningful, since the link between contextual
factors and death was more explicit (Hayward et al., 1997). A difference between these
two residential measures is in their causal assumption. The former presumes that the
current environment accounts for mortality, but the latter attributes death to where an
individual spent most of his or her life.
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Third, at the aggregate level, different measures of rurality would yield different
conclusions. For instance, Morton (2004) assessed rurality with urban influence codes,
and he analyzed the U.S. county age-adjusted death rates from 1968 to 1997. He found
that rural counties had higher average mortality, and he suggested that nonmetropolitan
counties of a certain population size (10,000 - 49,999) are correlated with high mortality
in the U.S. His contradictory findings raised the important question of whether the
commonly used rural indices provide a sufficient understanding of residential differences
in mortality.
Finally, though the urban/rural mortality differential is well documented, most
research describes death rates differ according to residence, and little research has sought
to determine why this discrepancy exists. Several papers have explored the relationship
between mortality and social, economic, and demographic factors (Kitagawa and Hauser,
1973; Rogers et al., 2000), but the causes of the health gap between various living
situations remains less fully explored. The next section will follow the research
framework to discuss the factors potentially responsible for residential differences in
mortality.

Factors Potentially Responsible for the Mortality Differentials
Previous research shows that urban mortality is higher than rural mortality. The
factors responsible for the mortality differentials result from one of the following two
conditions: 1) ignored factors that increase mortality (direction of influence) and occur
more frequently in urban areas (frequency/intensity), or 2) omitted factors that decrease
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mortality and occur more frequently in rural areas. The etiology of these two types of
explanations is intuitive. Clearly these are two sides of the same coin. But the distinction
underscores the tendency to think about the difference in terms of unknown
disadvantages of urban residence. Alternatively, factors capable of suppressing the
probability of death in rural areas are overlooked in the literature. As the research
framework suggests, four potential factors may prove crucial in understanding the
rural/urban mortality differential: population composition, internal inequality,
environmental hazards, and social capital. The following sections will discuss each of
these four concepts, and will focus on their associations with rural/urban residence and
human health outcomes.

Population composition
Population characteristics are important determinants of mortality (Curtiss and
Grahn, 1980; Rogers et al., 2000). To explain the rural paradox, it is first necessary to
understand the composition of the population. Within geographical boundaries,
socioeconomic profiles are the foundations for aggregate social and physical
environments. For instance, ethnic composition is related to racial segregation, and
family structure is associated with neighborhood stability and social order. The following
discussion will attempt to highlight differences between rural and urban areas, and
discuss how these differences affect mortality rates.
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Migration patterns
Health-selective migration is a puzzling factor in describing mortality. Whether the
healthy are more likely to move than the unhealthy and what the impacts of movement
are remain unsolved empirical questions. The traditional perspective asserts that longdistance migration is positively associated with age, education, and occupational status,
and that migrants are likely to be healthier than non-migrants. Hence, receiving areas
should benefit from these migrants and these regions, other thinks equal, should have
lower mortality or morbidity rates (Boyle et al., 1999; Davey Smith et al., 1998).
Nonetheless, a growing number of studies show that residential movement is strongly
associated with diminished health status, and suggest that as societies age, receiving areas
show the effects of the unhealthy migration (Findley, 1988; Bentham, 1988; Verheij et
al., 1998; Larson et al., 2004).
Verheij and colleagues (1998) examined how migration contributes to the
rural/urban health discrepancy. Their research setting was not the United States, but
another developed country, the Netherlands. They acknowledged that people residing in
urban areas are often less healthy and they proposed that a higher proportion of either ill
or high-risk persons in urban areas accounted for the urban disadvantage. Unlike other
cross-sectional studies, the authors used the Netherlands Longitudinal Study on SocioEconomic Health Differences data including 15,895 respondents aged 20-74 in 1991.
The authors identified stayers and movers by comparing their addresses in 1991 and
1995.
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As expected, urban residents reported more health problems, worse self-reported
health, more alcohol consumption and smoking, and less exercise than did rural residents.
When comparing “rural-to-urban” with “urban-to-rural” migrants, there was no visible
difference in terms of socioeconomic features including employment status, education, or
marital status. Furthermore, the bivariate analyses on movers and stayers revealed that
movers were healthier at the initial stage of analysis. However, the multivariate logistic
regress showed that movers exhibited more health complaints and more risky behaviors
(Verheij et al., 1998).
Another investigation on mobility and health revealed a clearer picture. In this case,
the setting was Australia. Two waves of data on middle-aged women (45-50) from the
Australian Longitudinal Study on Women’s Health were used, and over-sampling
methods were applied to the female residents in rural and remote areas. Migration types
were classified into three categories: local moves (within the same postal code), longdistance moves (between postal codes), and inter-region moves (from rural or remote
areas to urban). Due to the rarity of urban-rural migration, this type of movement was
ignored. Regarding health measurements, six domains utilized nine indicators, which
included physical assessment, mental health, and health service needs. Rurality was
associated with better mental health, lower stress, and fewer doctor visits.
There was no significant difference with respect to socioeconomic characteristics
between local-movers and non-movers, but all movers tended to be single and to live
alone. After controlling for socioeconomic status and marital status, stepwise logistic
regression revealed several findings. First, significant predictors of local moves were
anticipation of deteriorating health, the presentation of over five symptoms, the
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experience of more than two chronic diseases, and smoking. Second, the likelihood of a
long-distance move was associated positively with chronic diseases, smoking, and
frequency of visits to medical specialists. Third, migration from rural to urban was
significantly related to the number of doctor visits. The authors concluded, “Our findings
are consistent with the UK and US studies that have found mobility to be more strongly
associated with poor health than good health in mature adults” (Larson et al., 2004,
p2149).
Based on these studies, in-migration seems to be related more to health issues,
particularly the elderly migration. Accordingly, the receiving areas would anticipate
excessive mortality. Couple with the fact that urban areas attract more elderly inmigration, taking the elderly in-migration into consideration may advance our knowledge
of the rural/urban health discrepancy.

Transformation of household and family: second demographic transition
Since the 1950s, the U.S. population has experienced dramatic changes in both
households and family types. Some significant changes include increasing age at first
marriage, decreasing number of childbearing women, declining average number of
persons living together, soaring percentage of single parent households (particularly
female-headed households), higher incidence of cohabitation, and increasing divorce
rates (Weed, 1980; Lerman, 1996; Ruggles, 1994). Most researchers take these signs as a
transformation of American families rather than a harbinger of social collapse (Cherlin,
1981; Preston and McDonald, 1979; Weed, 1980). All these changes in the household
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and family structure, marriage, and childbearing behavior are related to the concept of the
second demographic transition (SDT). In the U.S., SDT refers to postponement of
marriage and fertility, premarital cohabitation, and childbearing in the context of
cohabitation (Lesthaeghe and Neidert, 2006).
While the transformation of family and household structure is well-documented,
little is known about the impact of SDT on mortality. In human society, the family is the
institutional unit where socialization and the life trajectory begin. The decrease in number
of married households indicates a less stable society, and the increase in single-parent
households, especially female-headed households with children, suggests less security for
youth and greater burdens for the heads of households. Moreover, single-parent or
cohabitating households are more likely to be at an economic disadvantage. For instance,
mother-maintained households show a higher poverty rate than households in general.
Although the poverty rate dropped from almost 40 to less than 30 percent from 1993 to
2003 among the female-headed households, custodial mothers are still more likely to live
in poverty than any other types of household (U.S. Census Bureau, 2005).
Rural areas tend to contain more traditional households and family structures, less
cohabitation, earlier marriages, and greater childbearing (U.S. Census Bureau, 1998;
McLaughlin et al., 1993; Fuguitt et al., 1991). In other words, urban residents are more
characterized by the second demographic transition than are their rural counterparts. If
the traditional household and family formations establish a more stable environment and
provide protective effects on health, then a rural lag in the second demographic transition
may be invoked as a possible explanation for the rural paradox.
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Race/ethnicity and residential segregation
Historically and today, apart from American Indians, almost half of who live in
nonmetropolitan areas, the concentration of racial minorities has been lower lower in
non-metropolitan counties than in metropolitan ones (Fuguitt, 1994). In 2000, African
Americans, Hispanics, and Asians made up 40 percent of the population living in
metropolitan counties with a central city. More than 20 percent of residents in
metropolitan counties without a central city were minorities, but in non-metropolitan
counties, these minorities made up only 17 percent of the population (Murdock and
Johnson, 2001). The lower prevalence of racial/ethnic minorities in rural areas has
relevance here to the extent that there is race/ethnic variation in mortality. Compared to
non-Hispanic whites, African Americans have a higher risk of death (Rogers, 1992;
Rogers et al., 2000). However, Hispanics persistently demonstrate a lower mortality rate
despite the fact that their socioeconomic profiles are similar to those of African
Americans (Markides and Coreil, 1986). Even when social conditions are controlled,
these differences in mortality persist. The countervailing effects on mortality are
provocative, and clearly suggest that race/ethnic composition is a crucial factor that
should not be ignored when explaining residential mortality differentials.
Another critical factor related to racial distribution is “residential segregation.”
According to Williams and Collins (2001), “Segregation refers to the physical separation
of the races in residential contexts. It was imposed by legislation, supported by major
economic institutions, enshrined in the housing policies of the federal government,
enforced by the judicial system, and legitimized by the ideology of white supremacy that
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was advocated by churches and cultural institutions” (p.405). Since the 1990s the
attention of most scholars has been focused on major American metropolitan areas, since
most minorities lived in central cities or suburbs of metropolises (Fischer 2003; Logan et
al., 2004; Wilkes and Iceland 2004).
Somewhat less attention has been paid to the intensity of rural segregation.
Traditionally, segregation is regarded as a feature of urban areas, but recent studies show
that segregation is more intense in rural areas. Hwang and Murdock (1983) reported the
highest segregation scores in the non-metropolitan locations not adjacent to metropolitan
counties in Texas. A similar study by Murdock et al. (1994) claimed that decreases in
both absolute and proportional segregation in non-metropolitan areas were smaller than
those in big cities. Fuguitt (1994) measured segregation with dissimilarity indexes,
concluding that non-metropolitan counties were more racially segregated, meaning that
more residents residing in rural areas would need to move to reach a homogeneous racial
distribution. Moreover, Parisi and colleagues (2007) applied the spatial information
theory index to measure racial segregation at the census block level, and compared
noncore areas to both metro and non-metro areas.1 The highest values were obtained in
noncore blocks, supporting the argument that rural locations tend to isolate subcultures
instead of assimilating them (Parisi et al., 2007).
How does residential segregation affect health? Yankauer (1950) linked the
residential segregation of African Americans to infant mortality in New York City health
areas. The percent of non-white live births in a region, which served as the measure of

1

Noncore counties refer to the counties without urban cluster of 10,000 residents or more.
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segregation, was positively associated with both non-white and white infant mortality
rates.2 After this work, an extensive literature investigated how black-white segregation
influences various health outcomes (Massey et al., 1987; La Veist, 1989, 1993; Potter,
1991; Polednak, 1991, 1993; Hart et al., 1998, Guest et al., 1998; Collins and Williams,
1999). These studies shared three conspicuous features.
First, residential segregation was defined as “black-white” segregation, and a
unanimous finding was that segregation was directly and adversely related to health
outcomes of African Americans. Second, the subjects of study were all metropolitan
areas or major cities, such as Philadelphia tracts (Massey et al., 1987), Chicago tracts
(Guest et al., 1998), and New York City (Yankauer, 1950). Third, the quality of
neighborhood and other material conditions failed to account for the impact of “blackwhite” residential segregation.
Obviously, the effects of segregation on mortality between other minority groups
and whites have not been sufficiently explored. Studies on education and delinquency
suggest a protective effect of Latino-white residential segregation (Massey and Denton
1993; Jencks and Mayer 1990; Sampson 1988, 1999; Sampson and Raudenbush 1999;
Sampson and Wilson 1995; Sampson and Bean 2006). Their findings suggest that
residential segregation must bring some benefits for minorities, at least Hispanics. Is it
possible to isolate a similar effect on health so that the rural paradox could be explained?
As discussed above, thought the adverse effect of black-white segregation on health

2

The measure used here is not really a measure of segregation.
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outcome has been uncovered, little attention has been paid to the segregation of other
minorities, and the potential protective effects of segregation need to be explored.
Fang and associates (1990) explored 177 zip code areas in New York City and
concluded, “Whites living in the higher (mainly white) socioeconomic areas had lower
mortality rates than whites living in predominantly black areas” (p. 469). For African
Americans, living in areas with more African Americans correlated with lower mortality
from all causes. Some elements of residential segregation may enhance health conditions.
For instance, isolation may result in better mental and physical health for minorities
living in close proximity because minorities residing outside the groups may experience a
stronger sense of hostility and discrimination (Williams and Harris-Reid, 1999; AcevedoGarcia and Lochner, 2003).

Inequality: the unequal wealth distribution
The second factor thought to be able to account for the rural paradox is internal
inequality. The following discussion will explore its association to residence and health.
A study examined the relationship between economic growth and income inequality for
all Arkansas counties using tax and commuting data (Shelnutt and Yao, 2005). Income
inequality was measured by the ratio of households in the top 25 percent to households in
the bottom 25 percent of the tax brackets. They compared metropolitan and
nonmetropolitan areas and found, “Within the state, the difference between MSA and
non-MSA, or urban and rural, is analogous to the core and periphery case, where MSAs
attract most industries and jobs and thus have higher income inequality” (Shelnut and
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Yao, 2005, p.58). Their findings were consistent with the observations of Wheeler (2004)
for seven states in the Federal Reserve’s Eighth District. Wheeler (2005) also analyzed
census data from 1950 to 1990. The weekly wages of the 90th, 50th, and 10th percentiles
were logged and were calculated for the following three groups: all individuals,
individuals living in metropolitan areas, and individuals residing in non-metro areas.
Individual wage inequality was assessed for each of the groups as having “90-10,” “9050,” and “50-10” differences. Over the last four decades, inequality increased in both
urban and rural locations, but urban inequality nearly doubled for all three groups.
Further analyzing by region, the West, Midwest, Northeast, and South, also reflected
similar findings: inequality was greater in urban areas than in rural ones. This conclusion
was supported by two recent studies (Wu et al., 2006; Fallah and Partridge, 2007).
The British Medical Journal published two independent studies carried out at the
level of U.S. state investigating the association between wealth distribution and mortality.
Kaplan et al. (1996) defined the degree of income inequality as the percentage of total
income received by the households in the bottom 50 percent of wealth. Therefore, the
larger their degree of income inequality, the more even the wealth distribution was in a
state. Based on this analysis, a more even distribution of wealth correlates with lower
mortality rates. Moreover, they further linked their inequality measure to the following
health/social outcomes: age-specific mortalities, low birth weight rates, homicide, violent
crimes, work disability, expenditures on medical care and police protection, smoking, and
sedentary activity. They are all negatively correlated with their measure of income
inequality (Kaplan et al., 1996).
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Kennedy and associates (1996) measured income inequality with the Gini
coefficient and the Robin Hood index. Although the Gini coefficient is the most popular
measure of income inequality, little correlation with various cause-specific death rates
was found. The other indicator, however, showed a different pattern. The Robin Hood
index indicated the proportion of aggregate income that had to be transferred from
households above the mean to those below the mean for the purpose of even distribution.
A higher Robin Hood Index indicated more unequal income distribution. Age-adjusted
mortality, infant mortality, coronary heart disease, cancer, and homicides were positively
associated with the Robin Hood Index. Even after adjustment for absolute living standard
(i.e. the poverty level), significant effects remained. Their explanation for the unexpected
finding was “the use of the Gini coefficient may result in more of a test of the effects on
health of extreme deprivation rather than relative deprivation” and the authors asserted
that “Robin Hood Index has a plausible interpretation” (Kennedy et al., 1996, p.1007).
How does inequality increase the risk of death? Two methods have been employed
to understand this relationship. First, wider wealth inequality is likely to increase the
sense of relative deprivation and relative disadvantage because people in lower income
brackets will feel that they are left behind the rest of the society (Wilkinson, 2006). For
instance, most poor people in developed countries still have electricity, heat, and other
basic living equipment. Their poverty status is determined through contrast with other
residents, and those living in less-developed countries may consider themselves relatively
rich. Thus, the absolute level of living standard does not prevent the emergence of
relative deprivation; rather, the climate of inequality in the surrounding society does.
Higher internal inequality will cause a stronger sense of relative deprivation, resulting in
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stress, frustration, depression, anxiety, hostility, or other mental pressures. All of these
psychosocial characteristics can translate into detrimental high-risk behaviors like
smoking, excessive alcohol consumption, or even antisocial behavior (Kawachi et al.,
1994; Wilkinson, 1997). The negative effect of inequality on health does not apply only
to the bottom of the social hierarchy, but also to the upper class, because there is always
someone richer (Lynch and Kaplan, 1997).
The other bridge between inequality and health is the underinvestment in human,
physical, health, cultural, and civic resources (Lynch and Kaplan, 1997; Daly et al., 1998;
Kawachi et al., 1997). An area with less inequality is expected to be characterized by a
society where people enjoy equal opportunities to education, housing, medical care, and
other social services. In a study by Kaplan et al. (1996), the authors found that among the
50 states of the U.S., more equal income distribution indicated higher educational
expenditure per capita, more library books per capita, fewer people without health
insurance, lower rate of violent crimes, and a smaller proportion of people in jail. To
some extent, investment in social programs is a type of wealth redistribution policy and
by providing access to various public services, the sense of relative deprivation can be
mitigated. Furthermore, the underinvested society undermines the development of selfesteem, mutual respect, and the confidence of residents. Friendship, social trust and
affiliations, and reciprocity, are difficult to establish in an environment of high inequality
(Kawachi et al., 1997; Marmot, 2004; Wilkinson, 2006). The impacts associated with
social capital will be discussed in the next section.
Theoretically then, inequality does harm to health through psychosocial pathways
and underinvested environments. The former may lead to both mental and physical
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problems, including a sense of relative deprivation, anxiety, smoking, and drinking. The
latter hinders the development of social and human capital and therefore social mobility
and health. As discussed earlier, inequality is more severe in urban areas, which means
that unequal wealth distribution should help to explain mortality differences between
rural and urban areas.

Social capital
One of the attributes of a community is human interaction (Wilkinson, 1991; Flora
and Flora; 2003). Social capital is accumulated by frequent interactions, and it can be
diminished through isolation and indifference. Putnam’s work, The Prosperous
Community: Social Capital and Public Life, refers to social capital as “features of social
organization, such as networks, norms, and trust, that facilitate coordination and
cooperation for mutual benefit. Social capital enhances the benefits of investment in
physical and human capital” (Putnam, 1993, p36). Social norms and interactions link
individuals to the broader social context, and when someone falls on hard times, the
close-knit network can provide important social resources (McKenzie et al., 2002;
Woolcock and Narayan, 2000).
Based on Granovetter’s concept of social ties, (1973), it is difficult for rural
inhabitants to develop weak ties due to the spatial dispersion and distances in the
population. Wilkinson (1991) argued that rural residents have more strong than weak ties.
Geographical isolation, and transportation inconvenience, increase the need for
interpersonal cooperation and exchange (Coward and Rathbone-McCuan, 1985).
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Consequently, a stronger sense of responsibility to families or even neighbors, as well as
more reciprocity and trust will be developed and consolidate the social capital in rural
areas.
Rural sociologists have demonstrated significant differences in social capital
between rural and urban aeas. In contrast to metro residents, non-metro dwellers report a
longer time in a location and more mutual references in a personal network (Beggs et al.,
1996). Hofferth and Iceland (1998) examined social exchanges (in dollars) in rural and
urban areas, and found that rural families were more likely to have exchanges with kin
than were their urban counterparts. Specifically, compared to the urban dwellers, rural
families were more likely to receive money from kin, and younger rural householders
were inclined to give greater support to kin. A study investigating the effect of mass
media on social capital in rural and urban communities also indicated that rural
community trust was higher than urban community trust (Beaudoin and Thorson, 2004).
Other evidence suggested social capital to depend on the size of the community.
Altruism, volunteering, and philanthropy, participating in community projects, helping a
stranger, charitable giving, and even blood donation were all more common in small
towns than in metropolitan areas (Putnam, 2000). Returning overpayment when shopping
in stores, or assisting a wrong number phone call were more likely to be observed in a
community of smaller scale. Conversely, it was three times more likely for city dwellers
to cheat on taxes, insurance claims, and bank loan applications. Even in small towns,
fewer unnecessary automobile repairs were performed (Blumberg, 1989; Scholz, 1998;
Milgram, 1970; Brehm and Rahn, 1997).
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Urban inhabitants are also less socially engaged in the communities. People residing
in central cities attended 10-15 percent fewer group membership organizations and club
meetings than their rural counterparts. Conversely, rural inhabitants went to church about
10-20 percent more frequently, and were 30-40 percent more likely to serve as officers or
committee members of local organizations. After controlling for a wide range of
individual features including parental status, financial circumstances, and
homeownership, Putnam (2000) concluded, “Metropolitans are less engaged because of
where they are, not who they are” (p.206).
The translation of these findings is that altruism, volunteering, philanthropy,
reciprocity, honesty, and trust are expected rural areas, and informal social connections
are weaker in urban areas. The explanation for urban disadvantage is the relatively
unstable social structure, social order, and control. As the old saying goes, “City air
liberates.” Fewer informal social connections and weaker social control make urban areas
freer places to live, at the price of less social capital and loose order.

The impact of social capital: the safety net for health
Both longitudinal and cross-sectional studies demonstrate that social capital has
beneficial effects on human health (Berkman and Syme, 1979; Seeman et al., 1987;
Kaplan and Reynolds, 1988; Reynolds and Kaplan, 1990; Roberts et al., 1997; House et
al., 1982; Bruhn and Wolf, 1979; Wolf and Bruhn, 1993; Egolf et al., 1992). While the
studies employed different measures of social capital, they all concluded that more
interactions among residents, a stronger sense of responsibility, frequent reciprocity,
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stronger mutual trust, and more participation in local activities, are good for a wide range
of health outcomes, including better self-rated health, lower risk of death, and better
mental health.
There are four plausible theories to explain the beneficial effect of social capital on
health. First, social capital enhances both tangible and invisible assistance, in such forms
as money, food, convalescent care, and health information (Putnam, 2000; Kawachi et al.,
1999; Rogers, 1983). For instance, the diffusion of innovations is found to be more rapid
in a community where residents know and trust one another and are have close-knit
relationships (Rogers, 1983). Once a new preventive medical service is created, more
people will adopt it due to the diffusion of information, thereby improving population
health. Moreover, if an individual goes to church regularly, the community is more likely
to notice when someone is absent due to sickness, and social capital may provide prompt
assistance.
Second, social capital reinforces healthy behaviors and exerts control over deviance.
People who are socially isolated tend to display more unhealthy behaviors, including diet
disorders, heavy smoking, and excessive alcohol consumption (Kaplan et al., 1977;
Berkman, 1985; Kawachi et al., 1999). Stronger social capital discourages unhealthy
behavior because of the potential damage to the group caused by these risk factors.
Conversely, good behavior such as regular exercise is encouraged because of the possible
benefits. Furthermore, a community with higher social capital is more likely to fight for
its rights, such as in the case of ensuring that a cut in the budget will not affect access to
health care or other amenities. The degree of mutual trust within a neighborhood
determines the extent of social capital. The higher the community social capital, the less
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frequent the crime and deviant behaviors such as adolescent drinking and delinquency
(Sampson et al., 1997; Kawachi et al., 1999).
Third, social capital can advance health through psychosocial well-being. Showing
off personal wealth in a place with considerable social capital is a scorned behavior, and
offering help is respectable (Bruhn and Wolf, 1979; Wolf and Bruhn, 1993; Egolf et al.,
1992). Hence, social capital can be regarded as a source of self-esteem, reciprocal regard,
and mutual respect. Social ties and networks have been used to explain why socially
isolated individuals living in a more cohesive society demonstrate fewer symptoms of
psychological illness than their counterparts in a less cohesive community (Seeman et al.,
1993; Schoenbach et al., 1986; Reed et al., 1983).
Finally, as an additional positive psychosocial effect, social capital may serve as a
catalyst for enhanced immune systems, which combat disease more efficiently and enable
faster recoveries. According to current biomedical theory, low social capital and extreme
isolation are chronically stressful conditions (Berkman, 1988) that induce the “fight or
flight” response, which has two stages (Memmler et al., 1996; Thibodeau and Patton,
1997). Initially, hormones released from the adrenal medulla cause an increase in heart
rate, blood pressure, and respiration rate; dilation of the blood vessels of the heart, lungs,
and muscles; stimulation of the sweat glands; and suppression of the salivary glands.
These endocrine responses to environment may be experienced as illness if the responses
happen frequently and are detached from appropriate stimuli (Pike et al., 1997). At the
next stage of “fight or flight,” the adrenal cortex releases hormones that repress pain,
inflammation, allergy, and immunity. The substances associated with both phases not
only reduce the physical ability to combat infections and cancer (Glaser et al., 1999), but
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also make lymphocytes unable to detect and destroy abnormal or infectious cells.
Consequently, social and psychological pressures directly harm the human immune
system and thereby impair health. Ross and Mirowsky (2001) asserted that neighborhood
disorders had independent and negative effects on health. People residing in a
neighborhood with weak social control, dirty and dangerous streets, more vandalism, and
a weaker sense of safety were more likely to suffer from illnesses like obesity and high
blood pressure even after controlling for other potential explanations (Caspersen et al.,
1992; Duncan et al., 1991).
The literature supports the assumption that higher social capital leads to better health
outcomes. At the individual level, more social activities, tight-knit networks, and
extensive community involvement facilitate personal health because of the access to
tangible resources and the intangible connection to an information network. A
community with less stress and more reciprocal respect and concern is a pleasant place to
live. First, residents have healthier mental conditions due to stronger social capital.
Second, fewer social and psychosocial threats and pressures strengthen immune systems
and thus reduce the likelihood of ailments. Even at the level of the state, lower mortality
remains associated with a higher social capital index after a range of individual factors
are taken into account (Kawachi et al., 1999)
In conclusion, combining earlier discussions on the difference in social capital
between rural and urban places, social capital can decrease mortality and is stronger in
rural areas. Previous studies have not fully investigated the possible role of social capital
in the residential mortality differential. The inclusion of social capital in this study will
shed new light on this area.
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Environmental risks
Environmental risks are the events initiating potential negative impacts on value
characteristics intrinsic to the living environment. It is generally assumed that
environmental hazards, both physical and social, including pollutants and violence , are a
more common feature of urban areas than of rural ones (Hayward et al., 1997). Indeed,
perhaps this is too obvious to be investigated, and little evidence validating the
assumption can be found in the literature. The purpose of this section is to provide
support for this conventional assumption. Differences in various pollutants and other
potential hazards between rural and urban will be discussed in the subsequent sections,
followed by a section introducing their adverse influence on health.

Air pollutants
Air pollutants can be classified into the traditional major air pollutants (MAPs),
which includes sulfur dioxide, nitrogen dioxide, carbon monoxide, particles, lead and
ozone, and the hazardous air pollutants (HAPs), which consist of chemical, physical and
biological agents of different types (Wiederkehr and Yoon, 1998). In contrast to HAPs,
MAPs generally exist in the atmosphere in larger concentrations and are less harmful to
human health. It is much more difficult to deal with HAPs not only due to their lower
concentration in the air but also because so many components of the HAP hazard remain
unidentified (Fenger, 1999).
Most of the MAPs and HAPs, such as sulfur dioxide (SO2), carbon monoxide (CO),
nitrogen oxides (NOx), and particulate matters (PM), are derived from combustion or the
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consumption of fossil fuel (EPA, 2007). In European cities, Stanners and Bourdeau
(1995) found that over 50 percent of lead and carbon monoxide were from transportation,
in particular from gasoline consumption, and both diesel and gasoline vehicles contribute
over 25 percent of nitrogen dioxide and other organic particulates. Similarly, many cities
in the U.S. are found to have heavy smoke or other air pollution. Pittsburgh has had
pollution problems since 1804, and did not practice effective smoke control until the
1940s, after experiencing serious pollution caused by steel production (Davidson, 1979).
Similarly, the Los Angeles region has the largest ozone problem nationwide. Many Los
Angeles counties fail to comply with the new ozone standard of 0.08 part per million
(ppm) (Brown, 1997; EPA, 1999).
Sexton and Ryan (1988) recorded the level of nitrogen dioxide during a working day
and discovered that the peaks of nitrogen dioxide appeared at three time frames:
preparing breakfast and driving to work, lunch time, and preparing dinner and driving
home. These three time periods all involve car driving and intensive human movement
and activities. As discussed previously, vehicle exhaust dominates air pollution, and
human activities are usually associated with the consumption of fuel, e.g., heating,
cooking, or using electricity.
Hence, locations with more vehicles, traffic, and higher population density are
expected to have more severe air pollution problems. In contrast to rural areas, urban
regions are characterized by denser concentrations of people, more human activities, and
a higher demand for resources. Therefore, cities involve more environmental hazards in
terms of pollution, and larger negative effects with respect to physical health. Two EPA
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publications provide plausible evidence that urban air is more polluted than rural air
(EPA, 1972; Langan et al., 1980).

Water contaminants
Besides air pollution, urbanization is associated with lower water quality. EPA
reports pointed out that almost 300,000 miles of rivers and streams do not comply with
water quality standards. Furthermore, storm sewers, urban run-off, and waste pollute over
3,000 miles of ocean shoreline. All these pollutants may increase the turbidity, bacteria
loadings, and noxious particles in the water (EPA, 1998, 2000). With rapid population
growth, land use conversion from forest or arable places into developed areas hinders
infiltration of water, (Brezonik and Stadelmann, 2002; Lee and Bang, 2000; Dunne and
Leopold, 1978), and therefore increases the overland flow volume. Consequently, stream
degradation (Schueler, 1995; Bledsoe and Watson, 2001), increased sediment loads
(Waller and Hart, 1986; Wahl et al., 1997), heavy metals (Callender and Rice, 2000), and
bacteria loadings (Gregory and Frick, 2000) are commonly observed in highly urbanized
areas (Schoonover et al., 2005, Lalor et al., 1999; Rose, 2002).
With respect to heavy metals in the water, lead and zinc have a long history of
human use over the past two centuries. Smelting effluent, stack emission from
combustion, and wastewater effluent are the major point sources of these two metals in
aquatic systems (Forstner and Wittmann, 1979; Campbell, 1976; Crecelius et al., 1975).
The explosion in automobile use in the 1950s accounts for most of the lead pollutants in
the environment. With the removal of lead from fossil fuel, environmental lead
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concentrations have declined dramatically. Nonetheless, due to the lack of effective
action regarding zinc, environmental zinc concentrations have remained the same or have
increased (Callender and Rice, 2000).
Nowadays, anthropogenic activities still play an important role in elevating the
environmental level of zinc and lead. Despite being phased out of petroleum, lead is still
used in ceramics, plastics, and paper. Also, zinc is added to most commercial metals,
including brass and galvanized metal, and it is used as an accelerator during the
vulcanization process when making tires (Callender and Van Metre, 1997; Christensen
and Guinn, 1979). Several investigations have suggested that the total concentrations of
lead and zinc can be predicted by population density and traffic density (Callender and
Rice, 2000; Leahy et al., 1990; Mielke, 1993; Wiesner et al., 1998; Yousef et al., 1990),
implying that urban residents are at higher environmental risk than rural residents.

Other environmental hazards
In the literature, a number of studies focus on pollution sources registered and
tracked at the national level. Complete databases are available, including listings of the
Toxics Release Inventory (TRI) facilities, Superfund sites, and transfer, storage, and
disposal facilities for hazardous waste. Among them, the TRI list has been the most
frequently studied (Burke, 1993, Bowen et al., 1995; Pollack and Vittas, 1995; Centner et
al., 1996; Sheppard et al., 1999).
The most interesting result was reported by Perlin and associates (1995). They
pointed out the uneven geographic distribution among counties according to the degree of
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urbanization. They categorized all U.S. counties into rural or urban based on the
definition of being in a metropolitan statistical area identified by the Census Bureau in
1990. Explicitly, a dichotomous rural/urban variable was applied in examining the spatial
distribution of TRI facilities, air emissions, and other socioeconomic variables. Of over
3,000 U.S. counties, 696 counties were categorized into urban; 14,408 TRI facilities were
located in these counties, and these facilities contributed over 64 percent of the total air
emissions for all TRI chemicals. However, only 34 percent (7,456) of TRI facilities were
associated with 36 percent of the total air emissions for all TRI chemicals found in 2,441
rural counties (Perlin et al., 1995). Apparently, urban counties attracted more potentially
poisonous substances than did rural ones. The authors alluded to implications for
environmental justice by noting that a substantial proportion of the nation’s blacks,
Hispanics, and other non-whites, lived in urban counties, where more TRI facilities were
located.
This national study highlighted the unequal levels of exposure to environmental
hazards, and emphasized the regional and county-level variations across the country. A
spatial distribution of harmful substances was shown to be concentrated in urban areas.
Certain northeastern states, including Ohio, Illinois, Pennsylvania, New York, and
minority-concentrated cities, like Houston, Los Angeles, Chicago, Baton Rouge, and
Cleveland, showed a robust pattern in the distribution of hazardous materials, and it was
therefore more likely for them to be affected by toxic pollutants (Cutter and
Tiefenbacher, 1991; Cutter and Ji, 1997; Lejano and Iseki, 2001; Glickman et al., 1994;
Mennis, 2002).

53
While few studies directly compared the environmental risks in rural vs. urban areas,
the circumstantial evidence above suggests that pollutants are concentrated in urban
areas. Anthropogenic factors like population settlement, heavy traffic, fuel combustion,
abrasion of tires (Christensen and Guinn, 1979), and industrial effluents, dominate the
sources of major pollutants. According to the discussion on rurality previously,
population scale and adjacency to metropolitan could be used to delineate rurality. These
features of rural areas protect rural residents from severe environmental pollution because
of fewer human activities and moderate fuel consumption.

The influences of environmental pollutants
Although the negative health effects of environmental risks seem to be self-evident,
it is essential to explicate how the pollutants affect human health. The next section is
designed to reveal the associations between various pollutants and health. Many studies
have shown that the so-called “threshold pollutant concentration” does not exist (Vedal et
al., 2003; Schwartz and Zanobetti, 2000; Daniels et al., 2000; Dominici et al., 2002). In
other words, even for areas with very low pollutant concentrations, the adverse effect of
pollutions on mortality is statistically significant. It therefore seems safe to conclude that
the greater the exposure to environmental risks, the greater is the probability of becoming
unhealthy.
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The impact of air pollutants
Generally, carbon oxides can be classified into carbon monoxide and dioxide. The
former is a toxic odorless gas generated mainly from incomplete fuel combustion (EPA,
2007; IEH, 1996). Its affinity for oxygen-carrying proteins on red blood cells, like
haemoglobin, is 200 times greater than that of oxygen. Carbon monoxide will replace
oxygen and decrease the ability of blood to carry oxygen (Roughton and Darling, 1994).
Consequently, the organs with high oxygen requirements, the heart and brain, are
intensely affected (EPA, 1991). Chronic exposure to carbon monoxide can cause several
easily-ignored symptoms including headaches, fatigue, and dizziness (Stewart et al.,
1970), and can cause cardiovascular diseases to progress further (Dahm et al., 1993).
Coma and death can also be observed when one suffers acute carbon monoxide poisoning
(Choi, 1983).
Carbon dioxide is an odorless and colorless gas. Like carbon monoxide, fuel
combustion is the major source of carbon dioxide (Moriske et al., 1996). Although
humans continuously exhale carbon dioxide generated through metabolic processes, high
levels of this substance can lead to health problems. Because carbon dioxide is an
asphyxiant, it may induce respiratory diseases like asthma or a sense of stuffiness. The
easily overlooked symptoms mentioned above are similar to the problems that may be
caused by carbon dioxide (Maroni et al., 1995; Schwarzberg, 1993). A recent study
further showed that carbon dioxide can hinder the activity of cells within the visual cortex
and influence perception of motion (Yang et al., 1997).
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Combustion at high temperatures produces nitrogen dioxide, a highly soluble
chemical with a pungent acrid odor (Maroni et al., 1995). Apparently, traffic and other
anthropogenic operations of fuel contribute most to the production of this pollutant.
Nitrogen dioxide is detrimental to the respiratory system, as well as any physiological
process associated with water or vapor. Nitrogen dioxide damages human health by
irritating mucous membranes of the lung and combining with water in the body
(Spengler, 1993; Spicer et al., 1993). Dysfunction of the lung and inflicted toxic damage
in the body have been linked to a higher probability of death (Tunnicliffe et al., 1994).
Abrasion of vehicle tires and the consumption of fuel containing sulfur generate
sulfur and sulfur dioxide (EPA, 2007). Sulfur can be oxidized to sulfur dioxide and it is
readily soluble in water. Moreover, its solubility makes it easy to combine with water,
even the airborne water droplets. Direct contact with aerosol acid or water may cause
health problems, and excessive inhalation of sulfur dioxide may also lead to impaired
lung function and increased death rates (Maroni et al., 1995; Qin et al., 1993; Jin et al.,
1993).
Particulate matter (PM), also known as particle pollution, varies in diameter, which
is linked to potential for causing health problems (EPA, 2007). In addition to particulate
size, the chemical composition of PMs is also responsible for the adverse impacts on
human health (U. K. Department of Health, 1995). Generally, particulates smaller than 10
micrometers are likely to pass through the throat and nose, thereby causing lung and heart
diseases. The soluble chemicals and substances account for pulmonary toxicity and
respiratory illnesses (Adamson et al., 1999; Harrison and Yin, 2000). The air quality
index (AQI) heavily depends on PMs and other pollutants discussed above.
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Heavy metals
Lead and copper are two common heavy metals existing in the environment. Both of
them are widely used in household plumbing materials and water service lines. Heavy
metals can cause a range of health problems. The neurological impairment and
dysfunction of the central nervous system that they cause can retard both physical and
mental development in children, leading to deficits in learning and attention span. In
adults, heavy metals can lead to increased blood pressure and kidney diseases
(Needleman and Bellinger, 1991; EPA, 2007). Moreover, heavy metals like zinc and
cadmium accumulate in the human body, and it is quite common to observe chronic
diseases or cancers induced by the accumulation of heavy metals in the body.
Exposure to other toxic wastes that can cause injury or death, is due to Superfund or
hazardous waste disposal. Toxic wastes are generated mainly by industry or commerce,
but they can also be produced by residential areas, agriculture, medical facilities,
radioactive sources, and other light industries (EPA, 2007). These harmful substances
penetrate the entire ecosystem. The Love Canal area in New York, one famous tragedy
caused by toxic wastes, has demonstrated the injurious effects on health. Buried with
19,000 metric tons of organic solvents, acids, and other hazardous materials, the residents
residing close to Love Canal have shown higher rates of birth defects, miscarriages,
cancer, illness, and chromosome damage. Higher exposure to these poisons accounts for
these abnormally high incidences (DHEW, 1980; Levine, 1982; Goldman et al., 1985;
Mazur, 1998).
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This section has outlined the detrimental effects of various pollutants. With the
knowledge that urban inhabitants are exposed to more pollution, the favorable health
status of rural dwellers turns out to be reasonable rather than paradoxical. Little effort has
been made to consider environmental risks as explanations for the rural/urban health
discrepancy, although many studies point out the potential association between these
phenomena (Curtiss and Grahn, 1980; Roberts et al., 2000). Two reasons may explain
why environmental risks are seldom explored. First, it is often regarded as forgone that
urban environments are much worse than rural ones. As a result, many studies focus on
urban pollution only, to the neglect of rural areas or rural/urban comparisons. Hence, the
assumption remains empirically weak, and a systematic review is needed. Second, the
presence of pollution does not necessarily imply human exposure to hazardous materials.
Proper assessment of exposure is still a matter of debate among environmental scientists
(Nicole et al., 2001; Kramer et al., 2000; Nakai et al., 1995). Our purpose is to outline the
current scientific difficulty rather than contribute to the debate.
To summarize, the distribution of environmental hazards is uneven across the
country. Urban inhabitants are placed in greater environmental jeopardy. Greater
accumulation of heavy metals, more toxic air emissions, and more potentially harmful
hazardous disposals endanger populations in all cities. As expected, environmental risks
are greater in urban areas, but the effects of hazardous materials on the mortality
differences between urban and rural areas have not been fully explored. The insufficient
number of direct comparisons of environmental risks between the two areas may be the
main reason why hazardous substances were not included in earlier research of residential
mortality differentials. Furthermore, the presumption that urban areas are more polluted

58
is taken for granted, and fewer efforts have been made to prove this intuitive assumption.
This review section endeavors to bridge the gap and place rural mortality research on
firmer empirical ground.

Summary of the Theoretical Relationships
Given the mortality gap in favor of rural areas, each of the factors explaining the
rural paradox must satisfy one of the following two conditions: either it increases
mortality and occurs more frequently in urban areas, or it decreases death rates and
occurs more often in rural areas. The preceding discussion integrates evidence from the
existing literature, and establishes the theoretical relationships among rurality, mortality,
and the four proposed concepts.
Based on the preceding review, rural areas are known to have better social capital
and more even internal wealth distribution, whereas more environmental risks are found
in urban areas. Internal inequality has an injurious effect on health. When internal
inequality is included, the rural advantage may be explained. In addition, social capital
benefits members of a group because of the prompt supply of tangible resources when
needed, because of healthy behaviors, and because of the less stressful environment.
Coupled with the fact that social capital is stronger in rural areas, integrating social
capital into the research framework may be helpful for understanding the rural advantage.
Population composition is less clear in its relation to the rural advantage. More
traditional families and stable household structures are found in rural areas, but less
segregated residential conditions are typical of urban areas. The impacts of these
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population composition features on mortality have not been adequately explored. Recent
studies indicate that migration is related to the need for health care, and migrants are at
higher risk of death. Considering the fact that urban areas receive more in-migrants than
rural areas, migration should contribute to increased mortality. In addition, although most
studies on segregation and health in urban areas reported an adverse effect, the protective
effect of segregation is worth considering, as described in this study.

Return to the Research Framework
Previous literature has shown that rural residents have lower mortality despite their
disadvantaged socioeconomic profiles, and this observation is known as the rural
paradox. This study argues that the rural paradox can be explained by four mediating
factors: population composition, internal inequality, social capital, and environmental
hazards (see Figure 1 in previous chapter). To determine what omitted factors account for
the residential mortality differential, two criteria should be applied: the frequency or
intensity of a factor within a geographic unit, and the influence on mortality. These two
thresholds are described in more detail below.
The frequency and intensity of a factor describes how a factor differs by residence.
The focus is how well or how often a factor is observed in a particular area. Earlier
discussion has shown that urban areas contain more environment hazards and pollution,
as well as higher internal inequality; in contrast, greater social capital is more a
characteristic of rural areas than of urban ones. Population composition not only captures
fundamental differences between the two types of residences, but also provides several
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possible explanations for the rural advantage, such as migration patterns and the second
demographic transition.
The influence on mortality addresses the question of how these factors affect
mortality. In other words, the main concern is whether a particular factor increases or
decreases the probability of dying. Apparently, not only do toxic wastes and other
pollutants have detrimental impacts on health, but internal inequality increases mortality.
Better social capital knits a strong safety net, and ensures help in cases of need. Within
the context of population composition, three potential explanations should be considered.
One is the segregation within a unit. The effects of segregation found in earlier
urban studies have not been fully explored, despite the unanimous conclusion that blackwhite segregation adversely affects a wide range of health outcomes for African
Americans. This study assumes that segregation is associated with decreased mortality, or
at the very least, that the effects of residential segregation on mortality will differ by
minority groups. The second is migration. Its effect on health is ambiguous, though a
growing amount of literature shows that migration is more associated with the unhealthy.
From these empirical findings, we can conclude that urban areas collect more people with
illnesses or at high risk of death, which may explain their higher mortality. Finally, the
transformation of household and family structures, postponement of marriage, and
changes in childbearing behavior are related to the concept of SDT. Few existing studies
employ these features to explain the residential mortality differentials.
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Research Hypotheses
The main research question is why rural mortality rates are lower than urban rates,
and what can explain this rural paradox. As discussed previously, four elements based on
residence are expected to explain the mortality gap between rural and urban areas.
According to the review and framework, nine research hypotheses are proposed:
1) The effects of rurality on mortality will be eliminated completely when all
concepts are included in the analysis. According to the research framework, the
four mediating factors are expected to account for the influences of rurality.
Hence, after all factors are taken into account, rural and urban areas will not show
any statistically significant difference in mortality rates. Statistically, the impacts
of rurality will not contribute significant effects.
2) Higher percentages of African American in the population will lead to increased
mortality, but a higher concentration of Hispanics will lead to decreased
mortality. Earlier discussion revealed that, despite similar socioeconomic profiles,
these two minority groups have opposite effects on mortality.
3) Social conditions are predictors of mortality. Enhanced socioeconomic profiles,
like higher education and income, will result in lower mortality, while worse
social indicators, such as high poverty and unemployment rates, will raise death
rates.
4) Little is known about the effect of the second demographic transition (SDT) on
mortality. Later marriage, more cohabitation, and fewer traditional couple
families result in a less stable social structure and hence will increase mortality.
5) The locations in which elderly in-migrants concentrate will have higher death
rates. In other words, mortality rates will be greater in places with high elderly
in-migration.
6) Independently of the race/ethnicity effect, black-white segregation will elevate
mortality rates. However, for other minority groups, a higher level of segregation
implies stronger social cohesion and more support and will lead to lower death
rates.
7) Stronger social capital will lead to lower mortality rates. As the literature
suggests, social capital will enhance human health via material support like
money and food, intangible help, such as convalescent care, encouraging healthy
behaviors, such as exercise, and a less stressful environment. Therefore, when
social capital is included in the statistical model, it will decrease mortality rates.
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8) More pollutants and hazardous materials in an area indicate the residents are at
higher environmental risks, which will result in a higher mortality rate. The
damages caused by pollutants, chemicals, and other potential hazards have been
introduced in this chapter. Rural dwellers have a cleaner physical environment.
When environmental hazards are included, they should attenuate the impact of
rurality and show a positive relationship with mortality.
9) Since internal inequality indicates underinvestment in infrastructure and the
sense of relative deprivation and disadvantage, mortality rates should be
positively associated with internal inequality. Higher inequality will cause health
problems through two pathways, namely underinvestment in various types of
social infrastructure, and a sense of relative deprivation. The influence of unequal
wealth distribution will be positively correlated to death rates.
To test these hypotheses, the next chapter will first explain the method used for
further analysis and will describe the data sources and structure. Subsequently, methods
of measuring the concepts listed in the framework are considered, and the definitions of
both dependent and exogenous variables are presented, followed by the discussion of
reliability of these measures. Finally, the analytic strategies will be laid out.

Chapter 3
Research Methodology

Introduction
The previous chapter built a theoretical framework to explore the rural paradox.
The purpose of this chapter is to describe in detail a design that will be used to answer the
key research questions. The chapter is divided as follows: The measurements of concepts
and data sources are described in the first section. The descriptive statistics of all
covariates are shown. This is followed by a section where the reliability of these
measures is discussed. The third section details the analytic strategies for both
exploratory and explanatory purposes, and introduces the statistical methods and tools
that will be employed in this study.

Measures and Data Sources
According to the conceptual framework, there are six concepts that need
measurement: mortality, rurality, population composition, internal wealth inequality,
social capital, and environmental risk. Before launching into the discussion of measures,
the unit of analysis is described and justified. The stability of mortality rates and data
availability guided the choice of individual counties as the unit of analysis.
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Unit of analysis
Counties in the contiguous United States constitute the entirety of analytic units.
Though many studies have investigated the impacts of smaller units of analysis on
mortality, such as zip code areas and census tracts (Fang et al., 1998; Cubbin et al.,
2000), the geographic units at the sub-county level exhibit several limitations. First and
foremost, the administrative hierarchy capable of carrying out effective policy solutions
is made up of the federal, state, and county governments. The policy-making structure
does not always extend to the units below the county, though municipalities could have
policies. That is, the county is the smallest analytic unit with useful policy implications.
Smaller units would not be as practical as the county (Allen, 2001; Lobao and Hooks,
2003). Second, county-level data are more readily available and diverse. They are
available from the U.S. decennial census and also obtainable from many official
government sources such as the Environmental Protection Agency (EPA) and the Federal
Bureau of Investigation (FBI). Though many city governments have tract or zip code data
available, the use of such datasets does not take into account the stability of mortality
rates and other related information. Third, census tracts or zip code areas cannot capture
dwellers’ social, economic, and living environments as completely as county-level data.
Because daily life is not confined by a census tract or zip code area, analytic units smaller
than the county might not reflect all of the features of people’s living environment.
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Mortality data
The Compressed Mortality Files (CMF), 1989-1998 and 1999-2003, from the
National Center for Health Statistics (NCHS) are the sources for the calculation of
mortality rates (NCHS, 2003, 2006). CMF comprises both death and population files for
all counties of the U.S. and allows the calculation of standardized mortality with respect
to age, sex, and race. The five-year average of deaths, 1998-2002, is used to calculate
age-sex total mortality rates, which are standardized with the 2000 U.S. population
structure. The purpose of standardization is to compare the levels of mortality in different
populations. Here direct standardization is used.
Direct standardization is used to control for the influence of one or more variables
that are not of interest and thus to facilitate comparisons between populations on the
variable of interest. In this thesis, the desired outcome is to compare the mortality of all
counties, controlling for the effect of age-sex composition. The crude death rates of all
counties could be compared if they had the same age-sex composition as the 2000 U.S.
age-sex population structure, which is used here as the standard population. Thus, the
direct standardized death rate for a county, say, B, is:

∑ m ( x) P ( x)
=
∑ P (X )
B

DS

B

2000

2000

where m B (x) is the death rate for age-sex group “x” in county B and P 2000 ( x) is the
number of persons at age-sex group “x” for 2000 U.S.
CMF only categorizes races into three groups: white, black, and others. If race
were to be included in the standardization process, two factors would be ignored: the
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growing Hispanic population and the uneven distribution of minorities in the country. As
discussed in the previous chapter, metropolitan areas have great racial diversity, and the
Hispanic paradox is not fully understood. Once the effects of race are eliminated by
standardization, the potential explanations for residential mortality differentials are
overlooked.
Many studies have used a weighting method to adjust for the uncertainty in
calculating mortality rates for counties with fewer deaths (McLaughlin et al., 2007;
McLaughlin and Stokes, 2002; Neter et al., 1985). Generally, areas with widely varying
mortality rates are given less weight in contrast to those with stable rates. This procedure
is necessary for the frequentist approach analysis because the data, rather than the
unknown parameters, are regarded as random variables (discussed in detail in a later
section). Since this study adopts the Bayesian approach, the uncertainty is accounted for
during the estimation procedure, and thus no weights need be imposed on the mortality
rates.

Rurality
As discussed in the previous chapter, there is no consensus on how to measure
rurality. While Rural-Urban Continuum codes (RUC) and Urban Influence codes (UIC)
are widely used, only total population and adjacencies are considered in both systems.
Several important perspectives on rurality are overlooked or measured indirectly in the
literature. In this thesis, rurality is measured by six variables (described below) derived
from the 2000 Census of Population and Housing SF3. Echoing Deavers’ suggestions
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(1992), at the factor loading threshold of .50, a principal component analysis with the
Quartimax rotation method indicates that the six variables could be summarized into
three dimensions of rurality: industrial structure, denseness, and exogenous economic
integration. To incorporate these variables more appropriately, the factor scores
calculated with regression methods are used to represent rurality.
The first dimension, “farming, fishing and forestry industries (FFF)”, comprises
only one variable: percent of the population employed in farming, forestry, and fishing
(factor loading is .934). Although the occupational structure in rural areas has changed
greatly over time, the natural resources-dependent industry is still a distinctive feature of
many places in rural America, mirroring the industrial structure for rural areas. The factor
loadings of other variables are all lower than .40, which excludes their involvement in
this element.
The second, denseness, consists of three variables related to the total population
of a county: population density (total population divided by land area; factor loading is
.931), road density (the length of major roads per squared kilometer; factor loading is
.800), and percentage of workers commuting by public transportation (factor loading is
.947). Also, the highest factor loading among other variables relevant to this concept is
.20, which provides strong evidence that other variables should not be considered for this
dimension.
The third characteristic of rurality is exogenous economic integration (EEI),
which indicates the potential interaction between a county and its neighbors and is similar
to the concept “adjacency” used by UIC and RUC. Two variables are identified to
capture exogenous economic integration: percent of workers traveling over an hour to
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work (factor loading is .866) and percent of workers working outside their county of
residence (.821). Higher scores should be observed in counties bordering metropolitan
areas. As with the previous two concepts, the highest factor loading of the remaining
variables is low, failing even to reach .10.
In summary, this study divides rurality into three independent dimensions:
farming, fishing, and forestry industry score (FFF), denseness, and exogenous economic
integration (EEI). In contrast to UIC and RUC, the three-dimensional measure of rurality
has two advantages. First, the existing rurality indices employ both absolute population
size and adjacency to metropolitan areas to categorize U.S. counties and yield a set of
single-dimensional sequential codes. This approach mingles the effects of total
population and adjacency on mortality. With separate factor scores, this study is able to
distinguish the independent impacts of various aspects of rurality. Second, the factor
analysis approach adds one important aspect of rurality into the existing indices. Neither
UIC nor RUC consider local industry structure. Though the primary industry segment has
been shrinking for the past few decades, it is still a feature of rural areas. To strengthen
measurement, the rurality measures in this study not only follow earlier criteria, but also
include indicators of the primary industry structure.

Population composition
The dependent variable, age-sex standardized mortality, has not taken the effects
of race/ethnicity into account because the racial mortality differentials are significant. It
is inappropriate to eliminate the race/ethnicity effect by standardization since people of
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racial minority status tend to concentrate in metropolitan areas. Thus, a fundamental
factor in population composition is the race/ethnicity structure of a locale. The
percentages of Hispanics and blacks are two variables that should be included in further
analysis. Although both races are minorities and share lower socioeconomic status than
the white population, it is well documented that Hispanics demonstrate lower mortality
than Whites. This phenomenon is also known as the Hispanic paradox. However, blacks
have a higher mortality rate than both Hispanics and Whites.
As described in the literature, socioeconomic status and other related measures of
social class are associated with rurality and have significant impacts on mortality. To
measure population composition, residents’ socioeconomic profiles should first be
considered. To conduct a principal factor analysis for the purpose of reducing variables
and eliminating multi-collinearity, the log of per capita income (factor loading is .88),
percent of population age 25 or older with at least a bachelor’s degree (.93), percent of
population employed in professional, administrative, and managerial positions (.78), and
percent of families with income over $75,000 (.92) are collected to conduct a principal
factor analysis aimed at reducing variables and eliminating multi-collinearity. The results
suggest that one single factor could explain 78 percent of the variance, and thus, a single
factor score is used to represent the degree of social affluence.
In contrast to social affluence, the second measure of population composition is
concentrated disadvantage. Poverty rate (factor loading of .89), percent of persons
receiving public assistance (.85), unemployment rate (.87), and percent of female-headed
households with children (.78) constitute the indicators of concentrated disadvantage. The
principal component factor analysis indicates that 72 percent of the variance is shared by
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these variables. The factor score of the four variables is produced by regression analysis
and is used in the explanatory analysis.
Moreover, two variables correlated with the concept of second demographic
transition (SDT) and population composition deserve further investigation: marriage
postponement and cohabitation. It was found that states or counties that enter SDT earlier
in history, such as the northeastern region of the U.S., had lower fertility rates
(Lesthaeghe and Neidert, 2006). If this effect stands, the question of whether SDT bears
implications for mortality should be answered. In addition, postponed marriage and
cohabitation could affect the family formation process and the population structure, two
important dimensions of population composition. Following Lesthaeghe and Neidert
(2006), these two variables are measured by the percent of people aged 25 to 29 and
never married and the percent of all households headed by unrelated adults, respectively.
To simplify the measures, the percentages are standardized, and the averaged values yield
a single SDT score.
The four dimensions above, race/ethnicity, affluence, disadvantage, and SDT
score, cover most individual, family, and household variables within population
composition, but two additional issues require further attention: elderly in-migration and
residential segregation. As discussed in the previous chapter, migration could explain the
residential mortality differential - elderly in-migration in particular. That is, while the
impact of population structure has been controlled by standardized mortality rates, the
movement of the elderly still has its independent impact. Their movements imply the
conglomeration of a population at a higher risk of death, despite controlling for other
factors. Using The Migration Data derived from the question pertaining to the residence
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five years prior in Census 2000, two variables, percent of elderly in-migrants (aged 55
and over) and the percent of young in-migrants from 20 to 29, are used to reflect local
migration patterns. It is noteworthy that the effects on mortality caused by the youth and
the elderly are different. The inflow of young people potentially decreases mortality rates,
but an increased concentration of the elderly has the opposite result. To re-scale the
percentages, both variables are standardized into z-scores, and the average of z-scores is
the final indicator of concentrated elderly migration.
The last population composition indicator is residential segregation. As
emphasized in the previous chapter, the issue of segregation and its impact on mortality is
under-explored. This study follows the work by Litcher et al. (2007) and uses the index
of dissimilarity (D) to measure residential segregation. Each county could be decomposed
into numerous block groups. These block groups are employed to assess the county-level
segregation, which is weighted by minority population size. Four races are identified:
non-Hispanic white, non-Hispanic black, Hispanic, and others. Relative to Whites, the
dissimilarity indices for other three groups are calculated and the weighted average of the
three values expresses the degree of racial segregation of a county. In other words, the
black-white, Hispanic-white, and other-white dissimilarity indices are included in our
analyses. The index score could be interpreted as the proportion of one of the two groups
in calculations that have to move to other geographic areas in order to obtain a
completely even distribution. A higher dissimilarity index score indicates a condition of
greater residential segregation in a county.
Six components comprise the concept of population composition: social
affluence, concentrated disadvantage, the SDT score, racial structure, concentrated
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elderly migration, and residential segregation. Principal component factor analysis is
applied to social affluence and concentrated disadvantage to prevent multi-collinearity
and reduce variables. The SDT scores are the average standardized values of marriage
postponement and cohabitation, and the elderly concentration is measured by the mean zscore of both elderly and young in-migration. The index of dissimilarity is calculated for
blacks, Hispanics, and others, providing three variables for which non-Hispanic whites
are the reference group. The 2000 Census of Population and Housing SF3 and The
Migration Data are the data sources for all previously mentioned variables.

Social Capital
Though the concept of social capital concept is widely adopted in various
disciplines, such as economics, health, and poverty studies (Goetz and Rupasingha, 2006;
Kawachi et al., 1999; Jensen et al., 2006), there is no consensus on how to measure social
capital at the county level of analysis. The nationwide surveys like the General Social
Survey (GSS) by the National Opinion Research Center gauge social capital by
measuring “civic trust,” “perception of reciprocity,” and “association membership” of
about 1,500 respondents annually. Although these surveys are informative and useful,
their methodological design limits their validity to the national or regional level only,
hardly supporting analyses at lower levels of aggregation.
Rupasingha et al. (2006) developed a county-based social capital index which
includes several variables. Based on Putnam’s (1993) work, the total number of certain
establishments per 10,000 people in a county represents the first variable, “association
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density:” These establishments include civic organizations, bowling centers, golf clubs,
fitness centers, sports organizations, religious organizations, political organizations, labor
organizations, business organizations, and professional organizations. To constitute a
broader view of social capital, Rupasingha and colleagues also incorporated into the
social capital concept the percentage of voters participating in presidential elections
(Alesina and La Ferrara, 2000), the county-level response rate to the decennial census
(Knack, 2002), and the number of tax-exempt non-profit organizations. A single social
capital index is created by extracting the first principal component out of the four
variables (Rupasingha et al., 2006).
Their social capital index covers two periods, 1980-1990 and 1990-1997, and is
analyzed with the County Business Patterns (CBP) dataset. In this study, the 1997 index
will be used as one of the social capital measurements; this date comes from the website
http://nercrd.psu.edu/Social_Capital/index.html (Rupasingha et al., 2006). There are two
reasons for the inclusion of other variables. First, the index of Rupasingha et al. focuses
mainly on the “structural” difference of social capital. In other words, the number of
associations fails to capture the cultural diversity among counties. Second, the production
of social capital is related not only to certain establishments, but also to other factors such
as neighborhood safety or residential stability (Glaeser et al., 2000; Glaeser et al., 2002).
If only the Rupasingha et al. index is included, however, the measurement of social
capital would be incomplete and insufficient. Consequently, other related variables
should be added to complement the social capital index.
Furthermore, measures of religious adherents, neighborhood safety, and
residential stability are also included to gauge the concept of social capital. The 2000
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Religious Congregations and Membership Study (RCMS), designed and completed by
the Association of Statisticians of American Religious Bodies (ASARB) from the
Association of Religion Data Archives (ARDA), provides the rate of religious adherence
per 1,000 population in a county.
Neighborhood safety is a factor score calculated from the following crimes: total
part one property crimes (.77), forgery/counterfeiting (factor loading is .83), fraud (.59),
and embezzlement (.63). The principal component analysis suggested that no rotation
was required and that one factor could capture over 50 percent of variance among these
variables. These crimes could be interpreted as indicators of the degree of mutual trust
and sense of safety in a community. In other words, these crimes would undermine the
development of mutual trust and personal sense of neighborhood safety and hence
produce lower social capital. To reduce variation, the five-year average rates calculated
from the Uniform Crime Reports (UCR) 1998-2002 by the FBI are used.
Finally, the formation of social capital takes time; a recent study suggests that
homeownership is a good indicator of social capital (Glaeser et al., 2002). Hence, an
index of residential stability is included as a measure of social capital. The index is
created by standardizing the percent of the people living at the same address, the percent
of the owner-occupied housing units, and the percent of mobile homes, respectively, and
then averaging the three z-scores. The 2000 Census of Population and Housing SF3 Files
enables the calculation of residential stability.
In closing, to measure the social capital concept, four major indicators are
considered. First, the social capital index created by Rupasingha et al. is adopted. The
overemphasis on structural differences in their index motivates adding the following
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three additional measures. Religious participation has an effect on social capital and
health, and the rates of religious adherence in a county should be added as a second
indicator of social capital. The final two indicators, neighborhood safety and residential
stability, are both composite scores. The former is measured conversely by considering
crimes to be associated with mutual trust and the sense of safety and is expressed by a
factor score. The latter is the average z-score of three variables correlated with residential
stability, which facilitates the establishment of social capital.

Internal Wealth Inequality
Income inequality is widely used as the indicator of internal wealth distribution.
This study is no exception. Generally, there are three common measures of inequality: the
Gini index, the coefficient of variation, and Theil’s index. Although several theoretical
and methodological differences among them are reported (Allison, 1978), their adverse
impacts on health and mortality are unanimously acknowledged (Kawachi and Kennedy,
1997; McLaughlin and Stokes, 2002; Lopez, 2004). Due to its popularity in government
reports and elsewhere, the Gini index is selected to measure the distribution of household
income. The Gini coefficient is defined as a ratio with values between 0 and 1. The
numerator is the area between the Lorenz Curve of the household income distribution and
the uniform distribution line, and the denominator is the area under the uniform
distribution line. In other words, a smaller Gini coefficient indicates a more even
distribution of household income. The Gini index is calculated by multiplying the Gini
coefficient by 100, and hence the value spans from 0, perfect income equity, to 100,
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extreme income inequality. To explore the potential nonlinear relationship between
mortality and income inequality, the suggested technique is to divide the Gini index into
quartiles, create three dummy variables, and use the lowest quartile as a reference group
(McLaughlin et al., 2006).
The unfavorable effect of income inequality is well-documented, but one question
remains: How can the inequality “perceived” by residents be measured? As the literature
suggests, inequality can affect physical health through mental illness. That is, when
wealth inequality is more easily perceived, the damage to human health is greater. For
most people, the largest investment in life is real estate, and in contrast to household
income, where and how one lives is more easily perceived and would result in a more
direct and stronger sense of inequality. This is not completely captured by the Gini index
of household income. Therefore, one additional measure related to inequality is
suggested: a house price inequality index. The interval-level data of the values for all
owner-occupied housing units within a county are used to calculate the Theil index. Like
the Gini coefficient, the Theil index is a measure of inequality, but it is not bounded by 0
and 1. The maximum of the Theil index is infinite (Alison, 1978). A higher Theil index
represents a more uneven distribution of housing prices. As with the income inequality
index, the Theil index of house prices is divided into quartiles, and the lowest quartile is
used as the reference group.
In sum, internal wealth inequality is assessed by two indicators: the Gini index of
household income and the Theil index of owner-occupied house price. The 2000 Census
of Population and Housing SF3 Files provides all the variables used for these measures.
In addition, all counties will be divided into four equal groups based on their inequality
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measures, and, in contrast to the group of lowest inequality, three dummy variables will
be included in further analysis to capture the potential nonlinear relationship between
inequality and mortality.

Environmental Risks
The pollution information website http://www.scorecard.org/, launched by
Environmental Defense (a leading environmental advocacy organization) in 1998 and
owned by Green Media Toolshed since 2005, provides free environmental hazard
information at both the state and county levels. Scorecard generates profiles of
community’s environmental quality and toxic chemical releases by integrating over 400
scientific and governmental databases. The majority of data sources comes from the U.S.
Environmental Protection Agency (EPA) and includes the Toxics Release Inventory
(TRI), the Air Quality System (AQS), and the National Priorities List (NPL).
The TRI offers information about chemical releases and waste management
reported by major manufacturing facilities like metal mining and electric plants. The first
indicator, “toxics density,” is calculated by dividing the sum of all reported on-site
chemicals in environment by county area. While the TRI is one of the most
comprehensive sources of information about toxins, two major flaws need to be
overcome. One is that not all toxins that have potential negative effects on human health
are included. The other is that toxic releases do not directly measure exposure to
contaminants.
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Scorecard follows standard risk assessment procedures and estimates health risks
for hazardous air pollutants (HAPs) that are not covered by the TRI. Two indicators are
reported: added cancer risk and cumulative hazard index. Based on scientific models, the
former indicates the estimated risk of getting cancer due to lifetime exposure to outdoor
HAPs, and the latter encompasses all non-cancer health risks (Scorecard, 2007). It should
be noted that these indicators only take harmful chemicals into account and do not
consider cancer rates or related mortality. For both indicators, higher values imply greater
environmental risks, which could lead to both acute and chronic respiratory,
dermatologic, and other diseases, such as asthma or lung cancer. These diseases are
associated with mortality. The inclusion of these two indicators not only extends the
coverage of pollutants, but also takes the issue of exposure into consideration.
Moreover, to fully utilize the TRI, Scorecard takes advantage of a scoring system
developed by the University of California at Berkeley, which accounts for the differences
in toxicity and exposure potential of TRI chemicals and creates two risk scores. In a way
similar to HAP indices, the TRI cancer risk score transforms the carcinogenic chemicals
into pounds of “benzene-equivalents,” which makes comparisons among various
carcinogens possible. Also, the TRI non-cancer risk score converts the chemicals that
cause diseases other than cancers into pounds of “toluene-equivalents” (Scorecard, 2007).
Because not all chemicals share the same toxicity or have identical exposure potential for
humans, both TRI risk scores address this issue and are used as measurements of
environmental risk to human health. Despite the inclusion of model-based HAP and TRI
indicators, the literature review suggests that particulate matter, sulfur dioxide, carbon
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monoxide, nitrogen dioxide, ozone, and lead are important substances causing diseases
and deaths.
The Air Quality Index (AQI), a system developed by the EPA that measures the
first five pollutants above, should also be considered. An AQI level above 100 means that
the pollutant concentration is beyond the satisfactory range and might lead to diseases.
With respect to lead, Scorecard calculates the percent of housing units with high risk of
lead hazards by dividing the number of housing units at risk by the total number of
occupied housing units (Scorecard, 2007).
To sum up, environmental risks are composed of seven variables: toxics density,
HAP added cancer risk and cumulative hazard index, TRI carcinogens and non-cancer
scores, AQI, and the percent of housing units at risk of lead. These variables are expected
to cover as many contaminants in air, water, and land as possible, and they adjust for two
issues: toxicity and potential exposure to these pollutants. Standardizing these variables is
desirable because the distributions of these data are skewed and the range of values for
each variable is large. That is, in explanatory analysis, the standard scores of these
variables will be used instead of the raw data.
In this study, there are six concepts requiring measurements. All the variables
discussed above are summarized in Table 2, where the definitions of variables and related
data reduction methods are shown. Also, the descriptive statistics for these variables are
listed in Table 3. The 2000 census SF3 is the main data source, and is accompanied by a
variety of additional datasets. There are a total of 41 independent variables employed to
reflect the conceptual framework, and several data reduction methods, such as factor
analysis and averaged z-score, are used. The issue of reliability deserves further
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discussion. The next section will introduce the coefficient theta, one of the reliability
assessment methods, and demonstrate the reliability results of the major concepts:
rurality, population composition, social capital, environmental risk, and internal
inequality.
Table 2: Measures and Definitions of Conceptsa
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a. The numbers in parentheses indicate the number of variables.
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Table 3: Descriptive Statistics of Covariates
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Reliability of Indicators
Following the previous section, where the variables used in this study were
described, a methodological question should be posed: Are these measures reliable?
There are various methods that could be employed to assess reliability, such as a splithalves method, and an internal consistency method. Carmines and Zeller (1979) note that
“one of the assumptions underlying these methods is that the items in the scale are
parallel, which implies that the items measure a single phenomenon equally (p. 59).”
When the indicators/items are expected to measure a single phenomenon unequally, or
assess more than one dimension equally or unequally, this assumption is violated (Armor,
1974). To solve this problem, Carmines and Zeller (1979) proposed an approach by
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which researchers could take advantage of factor analysis to be applicable in both of
these situations: coefficient theta, which is grounded in the principal components model.
The goal of factor analysis is to discover clusters of interrelated variables.
Typically, factor analysis will unveil more than one cluster/factor among a set of
variables, and each factor is determined by those items that are more correlated with each
other, which implies that it is the association of variables that determines a factor rather
than the number of items. Besides, the factor loading indicates the particular contribution
of a variable to a factor. Apparently, factor analysis takes the fact that each variable
measures the concept unequally into account. Based on these benefits, the formula for
coefficient theta is as follows:

θ = ( N /( N − 1))(1 − (1 / λ ))
where θ indicates theta, N is the number of variables, and λ represents the largest
eigenvalue calculated by factor analysis (Carmines and Zeller, 1979).
As discussed in the literature review, most of the concepts used in this study have
multiple dimensions. For instance, the concept of rurality has multiple perspectives,
which makes a unanimous measure of it hardly possible. Social capital has the same
problem. Although the social capital index of Rupasingha et al. is used in this study, other
indicators could help to capture other dimensions of social capital. In addition,
Cronbach’s alpha, one of the most widely used reliability indicators, is affected by the
total number of variables. That is, when there are few items/variables, the reliability
index might not be as informative as it could be. Therefore, to assess the reliability of the
measures in this study, the coefficient theta will be employed. Table 4 shows the results
drawn on the eigenvalues and the formula above.
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The lowest value for coefficient theta is found in the measure of inequality, but it
is still higher than 0.5. Other reliability assessments are all higher than two-thirds, which
indicates that the variables used to measure the five concepts are reliable. While the
measurements and their reliability have been determined, the analytical techniques and
approaches used to test the research hypotheses need to be specified. The following
section lays out the strategies for further analysis and proposes an appropriate analytic
approach for this study.
Table 4: Assessment of Concepts’ Reliability

Analytic Strategy
Three fundamental goals of social research are: First, to describe a particular
group, society, or situation of interest as precisely and completely as possible; second, to
explore a phenomenon within a community or society in order to obtain insight into the
relationship between it and other variables for further analysis; and third, to explain what
causes the observed phenomenon and testing the associations between covariates and
response variables (Singleton and Straits, 2005). The analytic strategies of this study,
designed to achieve these goals, can also be divided into three stages: descriptive layout,
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exploratory spatial data analysis (ESDA), and explanatory spatial modeling. The
subsequent content will elucidate the objectives of different stages and explain how to
implement the analysis.

Aspatial descriptive layout
As the name implies, the objective of this stage is to describe the phenomena of
interest with detailed numerical descriptions and thus familiarize the reader with the data
at hand. For example, this section contains a rough sketch of how mortality rates are
distributed in the United States. Table 2 has shown the basic descriptive statistics of U.S.
death rates, and the next chapter will contain more related information. It should be kept
in mind that the descriptive layout only provides auxiliary knowledge and that further
investigations are still needed. Besides, since secondary data analysis is used as the
methodological approach, it is always beneficial to have a sense of available data before
jumping into complex analysis. The doubts about missing information, unusual values, or
the coding process of data would be either dispelled or confirmed with descriptive
analysis.
To obtain the numerical descriptions of variables, the statistical software R is
used, which provides a language and environment where numerous statistical techniques
are implemented and can be extended easily via installation of different packages. For
this stage, the package named “base” will be employed. Several basic statistics such as
mean, median, and quartiles are reported (R Development Core Team, 2005). If
necessary, the graphic displays of descriptive results will be shown as well.
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Exploratory Spatial Data Analysis
The previous discussion was focused on the basic characteristics of social data,
but descriptive layouts of variables fail to account for other features, such as spatial
association within each variable or among variables. On the other hand, collecting more
information on the relationships between dependent variables and covariates is helpful in
specifying the explanatory models in later analysis. To overcome the defect of descriptive
analysis and link future spatial modeling, ESDA comprises the second stage of the whole
analytic strategy. The following is a discussion of how to implement ESDA and the
introduction of analytic tools.
The objectives of ESDA are to detect spatial association in data and assess their
fitness for advanced spatial modeling. According to Anselin (2003), ESDA embraces a
range of techniques to visualize data, capture spatial autocorrelations, unveil spatial
clusters, and offer insight into complex models. As Tukey (1972), one of the pioneers in
exploratory data analysis, noticed, “[G]raphs intended to let us see what may be
happening over and above what we have already described (p.293).” The current analytic
strategy echoes his assertion. A rough image of data has been displayed at the first stage;
however, the main concern of this study, spatial relationships, is not considered in this
setup. How does the data look across space? Are there any conspicuous mortality
clusters? Does space really matter? Is spatial analysis necessary? ESDA will answer these
questions.
As such, the first step of ESDA is to connect tabular attributes to their
corresponding spatial locations and create informative graphs. ArcGIS, a commercial
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product of Environmental Systems Research Institute, Inc. (ESRI), will be employed. It
integrates a collection of geographic information systems (GIS) software products and
enables users to manage spatial data and create cartography. The major functionality of
GIS is to visualize data and show “suspicious” trends that are not obvious in descriptive
layout. While GIS has been gaining popularity recently, it has been developed mainly for
spatial data management and publication quality maps rather than ESDA (Haining and
Wise, 1997). Cartography could be used to either demonstrate interesting patterns or
cheat human eyes. The perils of interpreting maps without performing detailed
investigation have been noted elsewhere (Gelman and Price, 1999; Gelman and Nolan,
2002). As ArcGIS is less capable of analyzing data and hence confirming whether the
suspicious trends have statistically significant meaning, the second step of ESDA should
compensate for these weaknesses.
Fortunately, Anselin (2003) and his associates have developed software for spatial
areal data analysis: GeoDaTM, which combines various techniques for ESDA. After
visualizing the data, the question of whether space really makes a difference is raised.
Implementing global univariate spatial autocorrelation analysis for dependent variables
could determine the existence of space dependency and identify mortality clusters, which
could not be detected by earlier analyses. Moran’s I (Moran, 1950) is a weighted
correlation coefficient in which spatial structure is taken into account. It could provide
the answer to whether mortality rates are distributed randomly across space. Usually, the
value of Moran’s I falls between 1 and -1, but it is not bounded in this interval. Positive
values indicate that the nearby areas have similar attributes, and conversely, negative
values represent the dissimilarity between neighboring areas.
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Moreover, to further determine if there are any spatial mortality clusters in the
U.S., the local indicator of spatial association (LISA) could evaluate the spatial
arrangement of a given variable (Anselin, 1995). In other words, LISA could determine
four spatial clustering patterns: high-high, low-low, low-high, and high-low. The first two
groups indicate that “birds of a feather flock together,” whereas the last two groups are
generally regarded as spatial outliers (Anselin, 1995). For instance, a county with a high
mortality rate that is surrounded by counties of similarly high values would be classified
into the high-high cluster. Similarly, a county that has a low mortality rate, but with
neighbors exhibiting a high mortality rate, would be listed in the low-high group.
All the work at this stage endeavors to legitimize later explanatory analysis.
Without ESDA, one cannot tell if space plays an important role, as expected. Similarly, it
is meaningless to implement complex spatial modeling without understanding the
significance of space. If the ESDA results suggest a spatial dependency in the data, then
ordinary regression methods will not be appropriate for explanatory analyses. The main
reason is that ordinary regression methods assume the errors are distributed
independently and identically. Once the existence of spatial dependency is confirmed,
this assumption is violated. Hence, the spatial modeling could rectify this problem and
provide estimations with greater precision. The next section will discuss the third stage of
analytic strategy and introduce potential spatial models.
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Explanatory Spatial Modeling
The final stage attempts to investigate the association between rurality and
mortality in a spatial perspective, coupled with the four concepts: population
composition, wealth inequality, environmental risk, and social capital. After the
descriptive and exploratory analyses of the first two stages, confirming the roles of the
four potential explanatory factors and testing the research hypotheses are the main
objectives here. To accomplish the final tasks, the following models should be
constructed.
First, a base model where only the relationship between mortality and rurality is
examined should be constructed. This model’s purpose is two-fold. One is to investigate
whether rurality affects mortality as found in the literature. The other is to set up a
platform upon which the influences of rurality on mortality in different models can be
compared. With the inclusion of explanatory variables, it is anticipated that the effect of
rurality will decrease or be eliminated. The magnitude of rurality effects on mortality in
the base model will be compared with that in other models, in order to understand
whether the covariates explain the residential mortality differential.
The subsequent work involves adding each of the four factors to the base model.
The purpose is to explore the individual effect of the covariates and test the research
hypotheses. In contrast to the effect of rurality in the base model, if the explanatory
variables reduce the impact of rurality and have statistically significant meaning, they
could explain residential mortality differentials. Finally, a model including all variables
will be presented. According to the conceptual framework, the association between
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rurality and mortality is mediated by the four concepts. Besides their individual influence,
it is necessary to unveil their joint effects on mortality. Similarly, the aim of the final
model is to examine hypotheses and explore whether the independent variables fully
explain the effect of rurality in the base model. Certainly, a complete spatial analysis
would involve a map of the posterior means of the estimated mortality. Hence, cartogram
showing the estimated results will be made according to the final model. In combination
with the map of the raw data, which is already available after stage 2, it will be easy to
tell if spatial perspective extends our knowledge of the rural paradox.
At this stage, two important issues should be noted. One is the spatial structure,
and the other is the model that incorporates space information. Because all counties of the
contiguous U.S. are the analytic units of this study, all spatial analyses should be
classified as areal data modeling. To obtain a spatial weight matrix and introduce spatial
association, a spatial adjacency structure based on the arrangement of the geographic
regions (counties) on the map should be defined. The first-order Queen contiguity matrix,
where two polygons sharing either a common edge or point are regarded as neighbors,
will be employed. The first reason for using this adjacency structure definition is that
counties are not small geographical units, such as census tracts or blocks. The first-order
neighboring structure should be enough to capture the underlying spatial relationship.
The other reason is more empirical. Certainly, higher-order neighborhood structure could
be used; however, the higher the order is, the weaker the spatial association will be found
to be. To avoid mixing or attenuating the impacts of spatial effect, the first-order Queen
method is commonly used (Clayton and Kaldor, 1987; Xia and Carlin, 1998; Banerjee et
al., 2004).
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In closing, the whole analytic strategy consists of three stages. The first of these is
to describe the data at hand with basic statistics, followed by exploratory data analysis
techniques to further investigate the potential problem of spatial dependency embedded
in the data. Once the existence of spatial dependency is confirmed, the spatial clustering
pattern in the U.S. can be explored and further spatial modeling can be conducted. The
final stage is to implement spatial regression models, which can be used to test the
hypotheses and hence advance our knowledge of residential mortality differentials. The
analytic plan has been proposed, but the types of spatial regression models that will be
employed is still unclear. Thus, the next section will discuss four common spatial
methods -- spatial error, spatial lag, mixed, and conditionally autoregressive (CAR)
methods -- and the statistical approaches used to implement these methods.

Spatial Analysis Methods
The major reason of using spatial analytic methods is to account for spatial
dependence and adjust for unknown, unmeasured covariates that may be spatially
varying. As discussed earlier, the analytic unit is the county, and all data are presented as
aggregated values over a county with well-defined boundaries. In terms of spatial
statistics, this study is focused on modeling “areal data.” Hence, Markov random fields
(MRFs) should be employed, because they are suitable for data on countable spatial units,
such as zip codes, census tract, and counties. Among these units, a joint distribution of y i
(for i = 1,…,n, where y i is the spatial process at unit i) is determined by a set of locally
defined conditional distributions for each areal unit conditioned on its neighboring units
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(Arab et al., 2007). In other words, the joint distribution of all mortality rates among the
counties in the U.S. is determined by each county’s mortality, which is conditioned on its
adjacent counties. The joint distribution covers a wide variety of random variables, such
as Gaussian, binary, and Poisson distributions. The mortality rate is reflected more
accurately by a Gaussian distribution, and therefore the focus here is on auto-Gaussian
models. The following paragraphs will discuss this in detail.
First, I estimate an OLS model where no spatial relationship is considered:
M = βX + ε

(1)

ε ~ N (0, σ 2 I ),
where X is a matrix including all independent variables and β represents the parameters
to be estimated for the explanatory variables. M is a vector containing county-level
mortality data, and W is a standardized square matrix reflecting the first-order spatial
relationships among counties. That is, W is a matrix where the diagonal are all zeros and
the elements that are not equal to zero represent the spatial adjacencies among counties.
Next, the spatial lag model will be conducted by adding a spatial lag term to the
OLS model:
M = ρWM + βX + ε

(2)

ε ~ N (0, σ 2 I )
The spatial lag method takes the mortality rate weighted by adjacent neighbors as one
explanatory variable and assumes there is no spatial dependency in the error terms. The
scalar ρ is a spatial autoregressive parameter. If it is significant, the existence of spatial
dependency is re-confirmed.
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Besides spatial lag, I also employ the spatial error method, which captures the
spatial dependence through the disturbance term:
M = βX + u

(3)

u = λWu + ε

ε ~ N (0, σ 2 I ),
where λ is a scalar spatial error parameter and u is a disturbance term. This disturbance
term is used to estimate the effects of unknown factors which are not included in the
models.
The fourth method is to consider both spatial lag and error terms simultaneously,
a maneuver called mixed method, as below:
M = ρWM + βX + u

(4)

u = λWu + ε

ε ~ N (0, σ 2 I )
After implementing these models, it is necessary to determine which model is the
most preferable. The Akaike’s information criterion (AIC) is an indicator developed by
Hirotsugu Aikaike (1974) and a measure of the goodness of fit of a statistical model. It is
widely used in the maximum likelihood/frequentist approach. The four statistical
methods will be implemented with MATLAB, and AIC will be used as an indicator of
model comparisons. A smaller AIC value represents better model fitting.
The fifth method, CAR, was proposed by Besag (1974) and popular for modeling
areal data in a Bayesian approach. The CAR method could be expressed by using n
conditional distributions, as below:

yi | y j ,τ i2 ~ N ( µ i +

∑c

j∈N i

ij

( y j − µ j ),τ i2 )

i, j = 1,..., n,

(5)
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where τ i2 is the conditional variance, and cijτ 2j = c jiτ i2 , Ni is defined as a set of neighbors
of area i, E(yi) = µ i , and cij are constants. The joint distribution of y could be written as

y ~ N (µ, (I − C) −1 M ),

[ ]

where C = cij

nxn

(6)

, and M = diag (τ 12 ,...,τ n2 ). It should be noted that (I − C) must be

invertible and (I − C)−1 M must be symmetric and positive-definite (Cressie, 1993).
Wall (2004) shows that the spatial correlations among different areal units
implied by the five methods above can be rather different. Generally, the complexity of
spatial models would lead to a non-identifiability problem, which means that the number
of parameters that need to be estimated is larger than the degrees of freedom. This nonidentifiability problem makes CAR models preferable (Cressie, 1993; Arab et al., 2007).
However, the traditional covariance-based (frequentist approach) methods are
computationally inefficient and inappropriate for CAR models. In addition, the
conventional methods are incapable of handling uncertainties corresponding to the large
number of parameters, which is a common issue in spatial models (Gilks et al., 1996;
Carlin and Louis, 2000; Arab et al., 2007).3 In this study, there are 3,109 counties in the
contiguous U.S., which means that there are at least 3,109 spatial parameters that should
be considered regardless of the number of independent variables. Needless to say, a full
model where all four concepts are included will involve more parameters to be estimated.
Spatial models are typically high-dimensional (numerous parameters to be
estimated), and this feature complicates the modeling procedures and requires an efficient

3

Appendix A demonstrates the debates between the frequentist and the Bayesian approaches and includes
an example of how they are implemented.
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computational algorithm. As Banerjee et al. (2004) have asserted, “[T]he CAR model is
computationally convenient for Gibbs sampling used in conjunction with Bayesian model
fitting” (p.7). Following their suggestion, the next section will discuss how to use
simulation techniques to implement complex spatial models using the strengths of the
Bayesian approach.

Implementation

The Bayesian approach is the analytic tool used in this study. The purpose here is
to briefly, but clearly, demonstrate its statistical philosophies and computational methods.
With the advancement of computational techniques, Markov chain Monte Carlo methods
(MCMC) became increasingly popular in the later years of the 20th century. To
implement sophisticated spatial models with Bayesian statistics, MCMC methods are the
major tools employed. They are discussed below.
Bayesian Computation: Markov Chain Monte Carlo methods
Historically, a major challenge for Bayesian modelers has been the high
dimension integration. Thanks to the emergence of Markov chain Monte Carlo methods,
implementing Bayesian analysis is no longer impossible. Markov chain Monte Carlo
sampling is founded on a simple idea: drawing from a specific distribution repeatedly can
tell us everything about the distribution. In earlier illustrations, it was the posterior
distribution of the unknowns that attracted researchers. If one can draw samples from a
distribution and summarize the observations, one can learn everything about the posterior
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distribution. If one is interested in the expected value, for instance, of an unknown
parameter ( θ ) given y , one can compute it using:

E (θ | y ) = ∫ θ f (θ | y ) dθ

(7)

Alternatively, if one can “randomly” draw Q samplers, say θ 1 ,..., θ Q ,
from f (θ | y ) and take the average of all samplers, an estimated expectation of the
unknown value can be obtained. The precision of the estimation depends on the
simulation algorithm and the number of samplers. It is noteworthy that, for the Monte
Carlo sampling, the Strong Law of Large Numbers (SLLN) and the Central Limit
Theorem are used to assure the accuracy of estimation (Gilks et al., 1996; Carlin and
Louis, 2000). If the Q samplers are not generated randomly, but are rather generated
dependently, they are thought to be drawn from a Markov chain. This type of method is
known as MCMC; it anticipates that the draws will converge to a steady status regardless
of the starting values (Carlin and Louis, 2000). Gibbs’ sampling and Metropolis-Hastings
algorithm are two widely-used MCMC methods. The following introduces their basic
algorithm procedures.
The Gibbs sampling assumes that the full conditional distributions of random
variables (the unknown parameters) are available and that one can draw samplers from
the distributions (Carlin and Louis, 2000). An example follows to explain this. Two
unknown parameters, β and σ2, have their own marginal distributions, p(β) and p(σ2),
respectively, and share a full joint distribution p(β, σ2). If two full conditional
distributions, p(β|σ2) and p(σ2|β), are available, one can draw from the full conditional
distribution with a set of starting values, (β(0), σ2 (0)), and the algorithm works as follows:
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Draw β (1) ~ p ( β | σ 2( 0 ) ),
Draw σ 2(1) ~ p (σ 2 | β (1) ),
With sufficient iterations, say T, it is expected that both unknown parameters will
converge to a steady state (β(T), σ2 (T)), and the joint distribution is revealed:
d
( β (T ) , σ 2 ( T ) ) 
→
( β , σ 2 ) ~ p ( β , σ 2 ) as T → ∞

With the full joint distribution, the marginal distributions are now available. One
could thus make statistical inferences with the information (Geman and Geman, 1984;
Gelfand and Smith, 1990; Schervish and Carlin, 1992).
Metropolis-Hastings’ (MH) algorithm was first introduced by Metropolis et al.
(1953) and developed by Hastings (1979). Like Gibbs’ sampling, one begins with a set of
starting values of the unknowns and draws from the known distribution. However, unlike
Gibbs’ sampling, where every draw is accepted automatically, MH employs a proposal
distribution to determine how the Markov chain looks. Recall the illustration, f( θ | y ) is
the joint distribution of interest. One could begin with a set of starting values, θ
draw θ * from a proposal distribution pt( θ *| θ

(0)

, and

(t-1)

), which is usually the uniform or

multivariate normal distribution. The following algorithm is used to determine if θ * is
accepted or not:

θ * with probability α
θ t =  t −1
θ with probability (1 - α )
where α is defined as :
 f (θ * | y ) × pt (θ t −1 | θ * ) 
α = min 
, 1
t −1
*
t −1
 f (θ | y ) × p t (θ | θ ) 
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The theory of the irreducible Markov chain is used to prove that the MH
algorithm could lead to plausible results with respect to the posterior distribution
(Tierney, 1994). MH is a more generalized MCMC method, and the Gibbs sampling can
be regarded as a special case of MH with α always equals to 1.
Convergence is a very important condition if one wants to make valid inferences
from the MCMC posterior distribution. Convergence refers to what the Markov chain
reaches in its steady status. Without convergence, the MCMC results should not be
trusted. Generally, some might use different sets of starting values to ensure the
irrelevance of an arbitrary beginning. Others might use “tuning parameters” of the prior
distributions to examine convergence (Cowles and Carlin, 1995; Brooks and Roberts,
1998). A non-convergent Markov chain suggests either that more iterations are needed or
that the whole model is inappropriate. Therefore, when using MCMC to implement the
Bayesian approach, it is always necessary to diagnose whether the chain reaches
stationary status and yields coherent results. Practically, running two different Markov
chains simultaneously is an easy way to confirm MCMC convergence. When these two
chains are assigned different starting values, but converge to a similar set of final values,
convergence is reached.
This study will use WinBUGS (Windows version of the Bayesian inference Using
Gibbs’ Sampling) to estimate CAR models. WinBUGS aims to solve both spatial and
aspatial statistical models with MCMC techniques (Spiegelhalter et al., 1999). Regarded
as one of the most reliable Bayesian statistics software packages, it has been used since
1989, and a huge number of its applications can be found in published enterprises.
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To sum up, this chapter has extended the conceptual framework of this
dissertation by proposing different measures of key concepts. To minimize multicollinearity and integrate data, the principal component factor analysis and averaged
standard scores have been applied. There are 26 variables covering all major concepts of
this study. Also, an analytic plan consisting of three stages from aspatial data description
to spatial explanatory modeling has been presented. Furthermore, while the literature
suggested that the CAR method (which requires the MCMC approach to implement) is
preferable, an additional three existing spatial analytic methods and the traditional
regression method are included in this study. After discussing spatial methods and the
Bayesian approach, the whole analytic picture is clearer. It should be noted that the main
purpose of this chapter is to clarify the methodological issues related to this study rather
than to emphasize Bayesian modeling. More details about Bayesian modeling with the
MCMC method can be found elsewhere (Carlin and Louis, 2000; Gilks et al., 1996;
Casella and Berger, 1990). Also, readers are referred to Appendix A where an example of
Bayesian modeling with the MCMC method is included. The subsequent chapter will
present the empirical results that result from the analytic strategy proposed here.

Chapter 4
Empirical Results: Aspatial and Spatial Data Analyses

Introduction

This chapter presents the analytic results. The first section will describe both the
spatial and aspatial relationships among the variables used in this study, as well as the
associations among variables. The exploratory spatial data analysis results are presented
in the second section, and the third section presents the spatial regression results as well
as a comparison with the ordinary least square regression methods. Ultimately, the results
indicate why a spatial perspective and analytic methods should not be ignored. Following
this presentation of the descriptive, exploratory, and explanatory statistical results, the
final section will summarize and discuss the findings.

Descriptive Layout of Variables

There are a total of 26 variables used in this research. In addition to mortality, the
concepts of rurality, social capital, population composition, internal inequality, and
environmental hazards contribute 3, 4, 9, 2, and 7 variables, respectively. Table 3 in the
previous chapter showed the basic descriptive statistics of these variables. However, the
following questions have not yet been answered. First, what are the relationships between
mortality and independent variables? Second, is rurality indeed associated with those
mediating factors? If so, do the three independent dimensions of rurality demonstrate a
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similar correlation pattern with other covariates? Third, if rurality affects mortality, how
does death rate vary by the three indicators of rurality? Fourth, do Urban Influence Codes
(UIC) and Rural-Urban Continuum Codes (RUC) demonstrate the rural paradox? Finally,
because the measure of rurality described in this thesis has not been used before, what is
its relationship with the commonly used indices UIC and RUC? This subsection provides
empirical answers to these questions.

What are the associations among variables?

Table 5 demonstrates the bivariate correlations among mortality, rurality, and
other covariates. The second column of Table 5 addresses the first question described
above. It should be noted beforehand that bivariate correlations only indicate the general
associations among variables, and nothing further can be inferred from these results.
More sophisticated statistical techniques are required to draw conclusions or infer
causality. The data indicate that mortality is associated not only with rurality but also
with the other four concepts proposed in this research. Among the three perspectives of
rurality, only denseness does not significantly correlate with mortality. A higher FFF
industry score is associated with a lower death rate, but being highly incorporated with
metropolitan areas is related to higher mortality. This primarily implies that different
aspects of rurality have different impacts on health.
Furthermore, the following factors are, as expected, positively correlated with
mortality with respect to population composition: more African Americans, a higher
degree of black-white residential segregation, and higher social disadvantage scores. The
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other two dissimilarity indices for Hispanic and other races are also positively correlated
with mortality, although the associations are weaker. On the other hand, the factors of
better socioeconomic status and aggregation of Latinos imply lower death rates. While
concentrated in-migration and second demographic transition scores do not show
statistically significant correlations with mortality, this does not mean that they will not

Table 5: Bivariate Correlations among Mortality, Rurality, and Other Covariates.

* Correlation is significant at the 0.05 level (2-tailed)
** Correlation is significant at the 0.01 level (2-tailed).
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have implications for explaining the residential mortality differentials.
Moreover, as the literature suggests, mortality rates fluctuate with the four
indicators of social capital. Better social capital indicates fewer deaths. However, the
positive relationship between religious adherence and death rates counters previous
findings. Consistent with expectation, the counties in the dataset with higher mortality
also tend to have both a higher Gini coefficient of income and a higher Theil index of
housing prices. That is, internal inequality is positively associated with human deaths
based on the correlation matrix. Finally, mortality seems to increase with the rise of the
six indicators of environmental hazards. In contrast to other concepts, the associations
between death rates and environmental hazards are weaker despite their statistical
significance.
The last three columns of Table 5 provide empirical evidence that rurality is
actually related to the other main independent variables. Also, the three aspects of rurality
seem to have different correlation patterns with the covariates. First, denseness positively
associates with environmental hazards, but the higher percent of farming, fishing, and
forestry industries indicates a better physical environment, which echoes the earlier
findings that urban areas have more pollutants and that rural dwellers live in cleaner
places. EEI has a more neutral status. It is positively correlated with hazardous air
pollutants (HAP) scores but has negative relationships with other environmental risk
variables.
Second, residential stability and neighborhood safety (measured conversely) are
generally higher in those more populated counties. On the contrary, counties with higher
EEI and FFF scores have more stable and safer neighborhoods. This is not surprising
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because people who work in the metropolitan areas yet dislike the associated living
environment would instead reside in the suburbs of metropolitan areas, which are
counties with higher EEI scores. Farming, fishing, and forestry industries indicate
stronger relationships between residents and land, and it is thus less likely for the people
working in these industries to move frequently. Also, Rupasingha’s index and religious
adherence are negatively correlated with the EEI factor. As Putnam (2000) discussed,
commuting to work and urban sprawl are two important reasons for the collapse of social
capital because they reduce opportunities to interact within communities and lessen the
time available to participate in collective activities. Higher industry structure scores also
associate with more religious adherence. Because rural areas are typified by the primary
industries, this correlation strengthens the argument that social capital is weaker in urban
rather than in rural areas.
Third, the relationship between rurality and internal inequality also differs by
rural dimensions. In accord with the literature, when rural/urban is defined by population
size, the more populated places tend to have higher Gini coefficients. However, more
laborers in farming, fishing and forestry industries indicate a more unequal distribution of
income. This is not unexpected because these industries are more fragile than other
industrial segments, and people working in agriculture, fishing, and forestry generally
have a lower income than their counterparts. Therefore, this is more likely to yield a more
unequal income and housing price distribution.
To summarize, the correlation matrix has provided preliminary evidence that
mortality is correlated with the explanatory covariates, and their associations seem to
generally follow the theoretical expectations. Also, rurality is related to mortality. The
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data shown in Table 5 suggest that the impacts of rurality on death rates would differ by
different perspectives, and it is necessary to decompose rurality into multiple dimensions.
The commonly used rurality indices not only mingle the effects of population size and
adjacency to metropolitan areas, but they also neglect the influence of farming, fishing,
and forestry industries. Hence, the relationship between residence and mortality found in
the literature deserves further investigation. The research framework of this thesis has
connected both rurality and mortality with the other covariates and established the
relationship between mortality and rurality (see Table 5). However, again, the
associations found here should not be translated into causality. The purpose here is to
provide an overview of data and reveal the basic statistical relationships among variables.
Because the results in Table 5 suggest that mortality varies by rurality, the next
subsection will discuss how mortality differs by various aspects of rurality.

How does mortality differ by rurality?

The previous subsection revealed that mortality fluctuates with the three rurality
factors, but whether the change in death rates has statistical meaning is unknown. To
explore this, U.S. counties are divided into four groups according to the three continuous
factor scores of rurality, and their mean mortality rates are compared. There are two
panels in Table 6: The upper panel shows the average standardized death rates for each
quartile group, and the t-test results of paired comparisons are listed in the lower panel. A
one-way ANOVA suggests that the mean mortality rates are not equal across quartile
groups for the three rurality dimensions (results are not shown), but pair-wise t-tests are
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necessary to find out where the gap is. The pair-wise t-tests are conducted under the
assumption that variances across the four groups are equal because this assumption could
not be rejected. Assuming unequal variances does not alter the comparison results.
Table 6: Mortality Rates by Rurality Dimensions

a. The value in parentheses indicates standard deviation of the group.
b. The panel demonstrates the t-test results based on the assumption of equal variance.
The unequal variance assumption does not alter results.

First, the first three quartile groups demonstrate a slightly upward trend with
respect to denseness, but mortality drops dramatically in the fourth quartile group. The ttest results clearly indicate that there is no statistical difference for the first three
quartiles, but the group with the highest denseness scores enjoys a significantly lower
mortality. In other words, large population size, which is often defined as metropolitan or
urban, implies fewer deaths. Morton (2004) employed the 1993 UIC and plotted the
average age-standardized mortality rates for the designated nine groups from 1968 to
1997. Though mortality rates fluctuated across groups, increased mortality could be
observed from the most populated counties to the most uninhabited and isolated places.
Nonetheless, Morton did not further compare the mean mortality across groups and
ultimately concluded that more urbanized counties were advantageous in terms of
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mortality. As mentioned earlier, UIC combines the effects of population size and
adjacency; therefore, this conclusion deserves further discussion.
The second dimension of rurality, EEI, which is similar to the concept of
adjacency used in UIC, tells a different story. In the upper panel of Table 6, a clear
upward mortality trend is seen from the first to the fourth quartile in contrast to
denseness. That is, counties that are more incorporated by the major cities tend to have
higher mortality, and those that are more independent have better health outcomes, which
echoes the rural paradox. The pair-wise comparisons are all statistically significant in the
lower panel. In other words, the mean mortality of the first quartile group is the lowest
among the four groups; with the increase of EEI scores, death rates increase considerably.
This finding contradicts Morton’s conclusions and again punctuates the diverse effects of
rurality. In contrast to denseness, EEI has a completely opposite effect on mortality.
Without decomposing rurality into multiple and independent dimensions, the true
influence of rurality would remain enigmatic.
Third, in accord with recent findings (McLaughlin et al., 2007), counties with a
higher percent of the population working in agriculture, fishing, and forestry are in a
favorable position for health. However, this advantage only applies to the fourth quartile
group. The t-test results suggest that there is no statistically significant mortality
difference among the first three quartiles. Also, like the pattern shown by denseness,
death rates go up with the increase of industry structure scores but plunge in the fourth
quartile. The advantage of farming, fishing, and forestry industries here substantiates the
rural paradox.
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So far, this study has found that population size and urban influence have
converse impacts. It would be meaningful to further investigate Morton’s work to
determine whether this striking finding is true or not. The 1993 UIC disaggregated U.S.
counties into nine groups. To explore the effect of population size, the counties coded 3
and 4 could be compared. Based on Morton’s figure 1 (Morton, 2004, p. 40), counties
without a city of at least 10,000 residents (code 4) had consistently higher age-adjusted
mortality rates than did those of the big city (code 3) from 1968 to 1997. The relationship
was also observed from other similar comparisons (e.g., codes 5 and 6 or codes 7, 8, and
9). Moreover, the effect of urban influence could be seen by comparing codes 3 and 7.
Counties adjacent to a large metro area showed consistently higher death rates than those
not adjacent to a metro area. Again, other comparisons (i.e., codes 5 and 7) confirm that
adjacency to metropolitan areas would increase mortality. Apparently, these comparisons,
although lost in Morton’s work, concur with the findings of this study: different
perspectives of rurality exert dissimilar influences.
Table 6 provides an empirical basis for the following possible interpretations.
First, a single-dimensional measure of rurality could blend the individual impacts of
various perspectives of rurality and, hence, yield only crude conclusions. To unravel the
relationship between rurality and mortality, a more precise assessment of rurality is
required. Because this study employs a composite rurality index, this dissertation is
expected to produce more nuanced answers to residential mortality differentials. Second,
among the three indicators of rurality, both EEI and FFF correspond to the rural paradox
literature, but more populated, urban counties have a significantly lower mortality on
average. Third, denseness and EEI generally share a similar mortality pattern, but they
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run conceptually in totally opposite directions in rurality. For instance, higher denseness
scores could refer to more urbanized counties, but a higher percent of laborers in farming,
fishing, and forestry industries indicates that the county is more rural. In explanatory
analyses, their impacts on mortality might be totally countervailing. Also, being more
incorporated by major cities is harmful to mortality, and one should expect to observe a
positive influence of exogenous economic integration on death rates.

Existing rural indices and mortality

The previous results raise the question of whether the commonly used rural
indices, UIC and RUC, also demonstrate the rural paradox. Table 7 employs the 2003
UIC and RUC to calculate the average mortality rates for each group, and Figure 2
demonstrates how mortality fluctuates with both indices. Generally, in both coding
systems, a larger number indicates higher rurality. That is, counties coded 12 in the UIC
scheme are regarded as the most rural places, and those coded 1 are the most urbanized.
UIC and RUC have 12 and 9 categories, respectively; hence, each index has 66 and 36
paired comparisons, respectively. Though all these pair-wise t-tests were conducted, the
results are not shown.
Based on the upper panel of Table 7 and the left chart in Figure 2, there is a
downward trend along with rurality. The lowest age-sex standardized rate is seen at the
rural end of the UIC designation. There are some patterns that should be pointed out.
Counties adjacent to urbanized areas (codes 4, 6, 9) have higher death rates in contrast to
their counterparts that are not adjacent to a metropolitan area. In addition, though the
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variation among the last four groups (codes 9, 10, 11, 12) is greater, the highest average
mortality among them (code 9) is still not significantly different from the death rate of the
most urbanized counties (code 1). Explicitly, the mortality rates in rural areas are at least
equal to, if not lower than, those in urban places. In terms of the effect of population
dimension, the two metropolitan groups are ranked 8 and 9 (1 is the highest mortality
rate). Though their death rates are not as low as rural counties, they are still better than
most of the other groups.

Table 7: Mortality by Urban Influence Codes and Rural-Urban Continuum Codes
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Furthermore, RUC yields similar results. While the descending trend from urban
to rural is not as clear as the UIC shows, the most rural counties yield the best health
outcomes, which is an overwhelming advantage over the other eight groups. For the first
five RUC classifications, no statistical difference could be detected among them.
However, the mortality of code 6 tops the curve, and the second highest is shown by the
8th group. One feature shared by these two categories is that they are both adjacent to a
metro area. Again, adjacency seems to become detrimental to county death rates, just as
the UIC suggests. Another piece of evidence that adjacency is harmful could be found by
comparing the last two groups. When a county is classified as completely rural and not
adjacent to a metro area, its mortality is on average lower than a rural area that is
connected to a metro area county.

Figure 2: Mortality rates as compared by UIC (left) and RUC (right).

113
In summary, like the three measures of rurality used in this study, UIC and RUC
reveal a rural advantage in mortality. Generally, the most rural counties enjoy the greatest
benefit, and being influenced by a metro area is detrimental to age-sex standardized death
rates. Though both indices fail to separate the effects of population size and adjacency,
the rural paradox may still exist. In contrast to the effect of adjacency, the beneficial
impact of population size seems to be weaker because the lowest mortality rates are
consistently associated with the most rural counties. It should be kept in mind that all
these findings so far are preliminary and need to be examined with more sophisticated
techniques.

Multi- versus single-dimensional rural index

The previous two subsections not only support the existence of the rural paradox
but also establish the necessity of decomposing rurality. The commonly used rural
indices are single-dimensional measures of rurality that mix various effects, but this study
proposes a set of indicators to capture the concept of rurality. The relationship between
the multiple indicators and the existing rurality schemes has not yet been explored.
Because all these measures are designed to capture the same concept—rurality—they
should not only have statistical significance but also theoretically logical associations.
Theoretically, the three independent factor scores should be correlated with UIC
and RUC in the following ways: first, the denseness score should be negatively
associated with both codes. As discussed previously, larger rurality codes could be
translated into stronger rurality and fewer populated settlements. Hence, the population
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dimension of rurality, measured by denseness, is expected to descend with UIC and RUC.
Second, industry structure should demonstrate an ascending tendency with the codes
because it is believed that rural places are characterized by the primary industries. Third,
the exogenous economic integration (EEI) scores are more complicated than the previous
two indicators. Those counties adjacent to a metro area should have higher scores in
contrast to those that are more isolated. That is, the scores should fluctuate with
adjacency and it is expected the metropolitan areas should have the higher scores than
others.
Table 8: Rurality Scores by UIC and RUC

**Correlation is significant at the 0.01 level (2-tailed)
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Figure 3: Rurality Scores by UIC (Left) and RUC (Right)
Statistically, the bivariate results among UIC, RUC, denseness, EEI, and FFF
scores concur with the theoretical expectations (see Table 8). The more rural counties are
more likely to have higher farming, fishing, and forestry industry scores, and, in contrast
to denseness and EEI, the industry structure’s correlation coefficients are higher. Figure 3
also displays a conspicuous upward trend of industry structure scores along with both
UIC and RUC codes. Not surprisingly, the primary industry is still one feature of rural
areas. In addition, denseness is more negatively associated with RUC. One possible
explanation is that RUC employs a more detailed criterion of population size than UIC,
which is closer to the continuous and composite measure used in this study. In both charts
in Figure 3, denseness shows a descending trend; however, the trend is slight.
Moreover, as expected, the most urbanized counties exhibit the highest EEI
scores, and those counties that are influenced by cities demonstrate relatively high scores,
like UIC codes 4, 7, and 10 or RUC codes 6 and 8 (see Figure 3). In contrast to the other

116
two indicators, the EEI score varies greatly and is more correlated with UIC than with
RUC. According to the UIC codes, there are three types of urbanized areas: large metro,
small metro, and micro areas. This classification method is more specific than RUC,
where only being adjacent to a metro area is considered; thus, this method leads to a
stronger correlation with the EEI scores.
In closing, this study endeavors to divide the concept of rurality into three
independent dimensions: denseness, EEI, and industry structure. In theory, if they
measure the same concepts as UIC and RUC, they must move in parallel with the urbanrural spectrum. In practice, they are expected to have statistically significant but
relatively weak associations with the existing indices. The main reason for the weak
associations is that these three variables constitute the concept of rurality, but UIC and
RUC embrace all perspectives of rurality with just one measure. If UIC and RUC were
highly correlated with the three separate indicators, the measures of rurality used in this
dissertation would not be different from the current rurality indices. For example, the
correlation coefficient between UIC and RUC is 0.90, which suggests that these two
indices highly agree with each other and that they should not have distinguishable
differences. Table 8 and Figure 3 offer empirical evidence that validates the measures of
rurality of this study and approves the inclusion of industry structure.

Summary

This section, providing a descriptive layout of variables, offers a wide range of
auxiliary analytic results. It begins with a broader discussion on the bivariate correlations
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among all variables, which primarily connect mortality to other independent variables
and link rurality to the four mediators. Afterward, the focus is shifted to the relationship
between rurality and mortality. Two of the rurality measures, industry structure and EEI,
confirm the existence of the rural paradox, though denseness tells a different story. The
contradictory effects indicate that the impacts of rurality on mortality should be further
decomposed. Due to this striking finding, two existing rural indices, UIC and RUC, are
employed to answer the question of whether the rural advantage could be observed if the
measures of rurality change. Statistical analyses indicate that the most rural counties are
in a favorable position to have lower mortality rates in contrast with urbanized counties
and that adjacency to a metro area increases standardized mortality rates. The results
presented here echo the literature and concur with the rural advantage of lower death
rates. The final subsection further explores the relationship between the measures of
rurality in this thesis and the commonly used indices. Not surprisingly, the three
independent factors of rurality not only follow the theoretical directions but also bear
statistical relevance to UIC and RUC. The next section will present the exploratory
spatial data analysis results and further buttress the argument that spatial dependency is
commonly embedded in data.

Exploratory Spatial Data Analysis

One major goal of this thesis is to explore the rural paradox with a spatial
modeling approach. In ecological health studies, the dependency of social indicators is
believed to be hidden in the data. However, few studies, if any, have endeavored to detect
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the spatial dependency of a wide range of variables in research, and few have taken this
potential problem into account. Before rushing to spatial explanatory analysis, it is
imperative to ensure the existence of spatial dependency. Otherwise, the effort of
conducting spatial analyses may be unnecessary. Therefore, this section is crucial, and it
is expected that this work may establish an empirical basis for future sophisticated
modeling. Although the previous section reveals the descriptive associations among
variables, exploratory spatial data analysis (ESDA) adds the spatial factor into the recipe
for social research. Visualizing data, assessing spatial dependency, and detecting spatial
clusters are three major responsibilities of ESDA. With the additional information, these
questions may be answered: whether a spatial dependency exists, how serious it is, and
where it is located.

Spatial Distribution and Dependency

How are mortality rates and rurality scores distributed across space? Figure 4
maps the age-sex standardized death rates by quintiles in the U.S. Obviously, most of the
counties in the fifth quintile are in the southeastern region, excluding Florida, and the
lowest age-sex adjusted mortality rates are found in the Midwest, extending from
Wisconsin to Colorado. Figures 5 to 7 depict the three rurality factors. Not surprisingly,
the highest denseness scores concentrate mainly on the coastal counties (Figure 5). Along
with the Atlantic coastline, the northeastern aggregation stretches from Maine to
Virginia, covering Boston, New York City, Philadelphia, and the District of Columbia.
Florida represents the southeastern corner where the counties with the highest denseness
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scores are located. On the other coast, most of the counties of Washington as well as
those in the Portland metropolitan area in Oregon demonstrate high denseness scores.
The counties surrounding the major cities in California, San Francisco, Los Angeles, San
Diego, and Sacramento fall into the fifth quintile of denseness scores. The least populated
counties are distributed in New Mexico, northern Arizona, Missouri, and Oklahoma.

Figure 4: Age-Sex Standardized Mortality Rates in the U.S. Counties
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Figure 5: Denseness Scores in the U.S. Counties
With respect to industry structure, Figure 6 clearly shows that the Great Plains
counties, as well as Idaho and eastern Oregon, are characterized by a high percentage of
primary industries. It is also apparent that some counties of Alabama and Mississippi
within the Black Belt still remain agriculture-oriented and that the counties of West
Virginia in the Appalachian region have higher industry structure scores due to a wealth
of natural resources. Finally, the EEI score distribution shows that the counties around
New York City, Washington D.C., Minneapolis, Detroit, Atlanta, Houston, Dallas, and
St. Louis are most likely to be classified into the fifth quintile, which indicates the highest
EEI scores. The Great Plains counties seem to be unaffected by major cities, except
Denver and Santa Fe. In contrast to the eastern U.S., the western part of the country has
fewer counties affected by major cities. Comparing New York City and Los Angeles, for
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example, the former is more connected to its neighboring counties than the latter is,
despite the fact that they are the top two largest metropolitan areas in the U.S.

Figure 6: Farming, Fishing, and Forestry Scores in the U.S. Counties

Figure 7: Exogenous Economic Integration Scores in the U.S. Counties
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It is very tempting to draw conclusions from the maps above that mortality and
rurality are not distributed independently across space. Nonetheless, the observed spatial
distribution patterns of mortality and rurality do not translate into spatial dependency and
spatial clustering directly—more steps are required to reach such a conclusion. As
discussed in the methodology chapter, Moran’s I is the most useful indicator for
measuring spatial dependency, and it could further determine the significance of spatial
dependency by simulation. Table 9 examines the potential spatial autocorrelations for all
variables used in this study. First and foremost, the age-sex standardized death rates are
found to have a spatial dependency of 0.51 at the significance level of 0.001. This
indicates that the dependent variable is not distributed randomly in the U.S. The
assumption of random errors employed by most regression methods would be violated;
hence, it is desirable to adjust for the spatial dependency by adopting the spatial analysis
approach.
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Table 9: Spatial Autocorrelations of Variables

Furthermore, all three rurality measures have significant spatial correlations.
Denseness and FFF even maintain stronger geographical relationships than mortality
rates. As Tobler (1970) indicated, “near things are more related than distant things.” All
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variables are not only statistically meaningful but have positive autocorrelations. In other
words, counties with similar features, like high mortality or low social capital, are
geographically closer to one another. Among these social indicators, percent of Hispanics
has the highest Moran’s I (0.83), and TRI cancer scores (Moran’s I is 0.03) are the most
randomly distributed indicator (all the distribution maps can be seen in Appendix B).
Based on Table 9, one of the main arguments of this dissertation is bolstered:
“previous ecological studies neglected the spatial dependency embedded in the data and
failed to employ proper analytic tools to deal with it.” Other independent variables
besides mortality rates are also spatially correlated, which confirms the existence of
spatial dependency. Few studies of ecological analysis mention this common but widely
ignored problem; thus, fewer scholars have made an effort to overcome it and answer
questions with greater precision. Moran’s I provides a numeric, rather than visual, basis
for detecting spatial dependency. As it shows, social indicators do not drop or soar
dramatically across geographic boundaries. Instead, the positive autocorrelation
coefficients point out that closer counties behave more similarly.

Spatial Clustering of Mortality and Rurality

Moran’s I globally assesses the spatial relationship of data, but it cannot clearly
specify spatial clustering. Therefore, the local indicator of spatial association (LISA)
proposed by Anselin (1995), should be employed to further explore spatial clustering.
LISA consists of a series of statistics that assess the spatial clustering of interest (i.e.,
mortality and rurality) and answers the question of whether the areas with high (or low)
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values congregate accidentally. Four types of spatial clusters can be found: high-high,
low-low, high-low, and low-high. The first two exhibit the expected spatial clustering,
where areas with similar characteristics tend to be closer to each other. When areas are
identified as the high-low or low-high clusters, they are considered as spatial outliers.
The purpose here is to explicate the spatial clustering patterns of mortality and rurality
and reinforce the need for spatial perspective.
Figure 8 is the LISA map that shows the four spatial clustering types. The red
counties represent the high-high group, in which counties with high mortality rates are
surrounded by those that also have high mortality. The high-high cluster is concentrated
on the southeastern region, extending from the Black Belt and Appalachian region to the
Mississippi Valley and the lower Delta Region. On the other hand, the low-low groups
(blue region) where low mortality counties close to one another, sit in the Great Plains,
Midwest region, and along the US/Mexico border, echoing the literature on the Hispanic
paradox and residential mortality differentials. Additionally, Indian reservations are
associated with higher mortality rates. For instance, one high-mortality cluster in South
Dakota comprises two Indian reservation counties, and the counties where Indian tribes
are located are classified into the high-low cluster group, indicating they have higher
mortality rates in contrast with their neighboring counties. Both global and local
indicators of spatial dependency agree on the proposition that spatial modeling should be
employed.
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Figure 8: Spatial Clusters of Mortality Rates in the U.S.

Figure 9: Spatial Clusters of Denseness Scores in the U.S.
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Figure 10: Spatial Clusters of FFF Scores in the U.S.

Figure 11: Spatial Clusters of EEI Scores in the U.S.
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While the U.S. population is unevenly concentrated on both coasts of the
continent, the LISA map of denseness (Figure 9) indicates fewer counties in high-high
clusters than expected. Compared with the distribution map (Figure 5), the Miami-Dade
metropolitan area is embraced by very populated counties, but most of them fail to reach
the statistical significance necessary to be identified as a high-high cluster. A similar
situation can also be observed in Los Angeles and San Diego. On the other hand, the
most conspicuous low-low cluster is located at the Four Corners region, surrounded by
the desert plateau. The dissimilarity between Figure 9 and Figure 5 clearly expresses the
advantage of ESDA: “providing a scientific scheme of determining spatial clusters and
eliminating the prejudice caused by visual impact.”
Furthermore, although counties in Mississippi, Arkansas, Alabama, and West
Virginia have higher industry structure scores, they do not consist of any significant rural
hotspots (see Figure 10). Contrarily, the counties around the Great Lakes comprise a lowlow cluster, covering several major cities of the U.S.: Pittsburgh, Cleveland, Cincinnati,
Indianapolis, Chicago, and Milwaukee. Interestingly, cities on the west coast, like Seattle
and San Francisco, do not form cold spots of the farming, fishing, and forestry industry
dimension of rurality. The northeastern region of the country does not rely on these
industries, but the counties east of Rocky Mountains generally have high FFF scores.
A significant geographic pattern of EEI between the western and eastern U.S. is
illustrated in Figure 11. Evidently, the counties around the cities east of the Great Plains
are more inclined to coalesce into a high-high cluster than their counterparts west of the
Rocky Mountains. A potential explanation might be found in the pattern of industry
structure previously discussed. Farming, fishing, and forestry industries link residents to
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where they live more strongly than do other industries. High industry structure scores
imply a considerably self-supported populace; thus, the exogenous economic integration
should be weak. In Kansas, for example, the counties that classified into the high-high
cluster of industry structure are all identified in the low-low cluster of economic
integration. The converse relationship can be found in the northeastern states.
The spatial clustering of mortality and rurality has been shown in their respective
maps. However, the bivariate spatial pattern between them has not yet been explored. As
the previous section found, both denseness and FFF are negatively associated with
mortality, but exogenous economic integration has the reverse relationship. Whether
these findings still hold spatially is another question that will be addressed next.

Bivariate LISA of Mortality and Rurality

The individual spatial clustering patterns of mortality and rurality were revealed
by the LISA maps previously shown. While an embedded spatial dependency was
supported, whether the aspatial correlations listed in Table 5 remain in a spatial context is
still unanswered. This section expands the univariate LISA to bivariate to ensure the
spatial relationships between mortality and rurality, which is the final step necessary to
legitimize spatial explanatory analyses.
The bivariate LISA is an extension of the univariate analysis. The latter only
considers one variable at a time, but the former simultaneously correlates the values of a
variable at a certain location (e.g., rurality) with those of the average neighboring values
of another variable, like mortality. Therefore, to interpret the bivariate, LISA maps
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should be different. Because denseness is the independent variable used to explain
mortality, the high-high clusters indicate that the counties with high denseness scores are
surrounded by high mortality counties. Other spatial clusters could be understood in the
same vein.
Figure 12 illustrates the spatial clustering patterns between mortality and
denseness. This spatial autocorrelation (-0.09 and significant at the 0.001 level) is not
only stronger than the aspatial one but also reaches a higher statistical threshold (-0.03
and not significant at the 0.05 level) than that seen in Table 5. On the map, plenty of
counties in the southeastern region are categorized into the low-high group, where
counties with low denseness scores are embraced by high mortality counties, indicating
negative spatial correlations. On the other hand, the Midwest region shows a conspicuous
low-low cluster, which suggests positive spatial associations and offsets the effect of the
low-high group. That is, there is no universal pattern for counties of low denseness, and
their associations with mortality depend on their geographic locations. Moreover, the
high-low group, which corresponds to highly populated counties with neighbors of low
mortality rates, contributes to the negative spatial correlation. For instance, the
neighboring counties of San Francisco, Denver, and Miami have low age-sex adjusted
death rates. All these impacts lead to the small but negative coefficient of Moran’s I.
Similar to denseness, industry structure (see Figure 13) has a Moran’s I of -0.11,
which is significant at the 0.001 level and comparable to the aspatial bivariate correlation
coefficient (-0.12). Due to the negative spatial dependency, many counties are classified
into either high-low or low-high clusters. In other words, those counties dependent on
farming, fishing, and forestry industries are more likely to have neighbors showing low
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mortality, and vice versa. It should be noted that the counties in the Mississippi Valley
consist of a high-high cluster, and the Midwest region contains a low-low group. Though
both of them suggest a positive link between FFF scores and death rates, the spatial
correlation echoes the aspatial one and further depicts the spatial clustering patterns.
Not surprisingly, exogenous economic integration (see Figure 14) is positively
associated with mortality. The Moran’s I is 0.21 and is significant at the 0.001 level.
Again, the Black Belt, part of the Appalachian region, and the Mississippi Valley are
included in the high-high group. As discussed earlier, the counties in the eastern U.S. are
more likely to be integrated by major cities, and, therefore, no high-high cluster is
identified west of the Great Plains. On the other hand, the less economically integrated
counties in the Midwest are accompanied by their healthier neighbors with respect to
standardized mortality. Among the indicators of rurality, economic integration has the
strongest linkage with mortality both spatially and aspatially.
The spatial relationship between rurality and mortality has been examined by the
bivariate LISA. In contrast to the aspatial correlation results, denseness has a weak but
significant association across space with mortality, and other rurality measures
demonstrate a resemblance to correlation coefficients. The Midwest region, the Black
Belt, and the Mississippi Valley are crucial in determining the spatial relationship
between rurality and mortality, according to Figures 12 to 14. It is now clear that age-sex
standardized death rates vary with all aspects of rurality across space. The lack of spatial
perspective in the literature of residential mortality differentials needs to be fulfilled;
therefore, the research framework proposed in this study is required, and spatial
explanatory analysis is desirable.
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Figure 12: Bivariate LISA Clusters of Mortality and Denseness

Figure 13: Bivariate LISA Clusters of Mortality and FFF Industry Scores
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Figure 14: Bivariate LISA Cluster of Mortality and EEI Scores

Summary

The ESDA results in this section do not solely reveal the geographic distributions
of mortality and rurality; they also introduce their spatial clustering patterns for the first
time. The high mortality clusters concentrate on the southeastern U.S., including the
Black Belt, Appalachian region, and Mississippi Valley, as well as some Indian
reservations in the western part of the country. Low death rates can be found in the
Midwest, Great Plains, and the borders along Mexico. Moreover, the three perspectives
of rurality show different spatial clustering patterns. Denseness shows high-high clusters
in the northeastern regions, from Boston to D.C., and the San Francisco bay area in
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California. The counties west of the Great Plains are more dependent on farming, fishing,
and forestry industries than those in the Great Lakes and the New York metropolitan
area. With respect to exogenous economic integration, the counties around the major
cities in the eastern U.S., like Houston and Atlanta, are more likely to be incorporated
economically than their counterparts on the west coast. To explore the joint spatial
clustering patterns of rurality and mortality, the bivariate LISA maps show that their
associations are significant with or without spatial considerations. In summary, previous
studies fail to explore geographic health disparities from a spatial perspective because the
embedded spatial dependency is not fully revealed. This section provides evidence that
spatial dependency indeed exists in the data and that space plays a role in the rural
paradox. To advance understanding of residential mortality differentials, it is essential to
incorporate a spatial perspective into the research. Currently, both descriptive and
exploratory analysis results confirm the theoretical spatial and aspatial relationships
among variables. The next section will examine the spatial analysis results to understand
whether these independent variables can explain mortality variations in the U.S.

Spatial Explanatory Analysis

Previous statistical results have demonstrated the characteristics of data and
indicated that all variables are correlated. Explanatory analysis could corroborate whether
the independent variables explain the mortality variation and, hence, test the research
hypotheses. This section presents the results and discusses the proposed relationships
between human health and the characteristics of places. While the spatial dependency of
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data was established earlier, the analyses will begin with the commonly used method,
ordinary least square regression (Table 10), and then focus on four different spatial
modeling methods (Tables 11 to 14): spatial lag, spatial error, mixed model, and
conditional autoregressive (CAR) model.
Since CAR model is not often used in social science, a brief instruction of how to
interpret Table 14 is provided. For each sub-model, the estimated impacts of covariates
on mortality are presented in the column of “mean,” followed by the standard deviations
of the estimated values. The third column includes the information of the standard error
for the whole MCMC simulation process. The last two columns consist of the credible
region of the estimated value. If zero falls into this region for a certain covariate, it could
be concluded that this variable is not a statistically significant predictor of mortality.
As discussed in the methodology chapter, there will be five sub-models for each
statistical method, where rurality, population composition, social capital, environmental
risk, and internal inequality are incorporated sequentially. It should be noted that these
sub-models could be compared only within each method, but an effort to seek common
findings will be made. To avoid repetitiveness, the following discussion will summarize
the major findings related to the research hypotheses instead of going through each table
number by number.

Does rurality really matter?

As the descriptive statistics show, the impacts of rurality differ by rural
perspectives. First, farming, fishing, and forestry industry score has a consistent and
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negative impact on mortality. That is, a higher percent of the labor force working in
farming, forestry, and fishing indicates a lower age-sex standardized mortality rate. A
potential explanation for this effect echoing the literature is that these industries require
many physical activities, face-to-face collaboration, and involve fewer environmental
hazards. Many of the tasks of farming, fishing, and forestry industries involve body
exertion and, hence, improve individual health, which is comparable to the benefit of
regular exercise. Although unintentional injuries happen all the time, people generally
enjoy the advantage of the primary industry. Also, the face-to-face collaboration
enhances human interactions and establishes social ties among workers as well as social
capital. The evidence for this path could be seen between models II and III across tables.
When social capital is included (model III), the effect of industry structure decreases but
is still significant. The decreased coefficients between these two models indicates that
part of the influence of FFF scores on mortality is exerted through social capital.
Furthermore, working in agriculture, fishing, and forestry demands a quality natural
environment. For example, uncontaminated soil and clean water are two imperative
factors to cultivate healthy and safe crops. Although Stokes and Brace (1988) noted the
relationship between agricultural chemical use and cancers in the rural U.S. counties, the
empirical results here suggest that dependence on the primary industries would imply
fewer environmental risks. Once environmental risks are held constant across space, we
can expect to observe a decline of the impact of the industry structure. Compared with
model III, industry structure has a weaker influence on mortality in model IV, which
confirms the third path between rurality and mortality.
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Second, EEI consistently demonstrates a positive effect on mortality. Specifically,
the residents in the counties that are more economically integrated with surrounding
counties are typified by higher standardized death rates than their counterparts in more
economically independent counties. Among the five tables, those methods where spatial
error is considered (Tables 12 and 14) illustrate a weaker impact of EEI than do others
(Tables 10 and 11). Because the main purpose of modeling the spatial error is to capture
omitted and spatially correlated covariates that would affect inference, the weaker
coefficient of EEI and significant spatial error term indicate the existence of such
unattended covariates in research. Also, these covariates should affect EEI positively;
otherwise, taking the spatial error into account would not yield a smaller EEI coefficient.
Furthermore, population composition could partially explain why EEI increases
the mortality rate. For instance, between models I and II, the impact of EEI drops
dramatically in Tables 10 and 11 and moderately in Tables 12 and 13. Population
composition lessens the effect of EEI on mortality. Explicitly, those counties with higher
EEI scores should have worse socioeconomic profiles. Recall that affluence is negatively
associated with EEI in the bivariate correlation in Table 5, which authenticates the
decline of the EEI coefficient. The other concept confounding EEI is social capital.
Unexpectedly, the inclusion of social capital exaggerates, rather than accounts for, the
EEI effect. The rise can be seen between models II and III from Table 10 to 14. Social
capital seems to suppress the effect of EEI on mortality. It is believed that commuting
longer and farther undermines community life (Putnam, 2000). The results seem to
support this argument. The economic integration into neighboring counties could hinder
the development of social capital because more residents need to spend more time
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commuting than interacting with local neighbors. Interestingly, EEI is negatively
correlated with the social capital index and religious adherence but positively connected
to residential safety and neighborhood stability. Due to the data limitation, the causality
between EEI and social capital could not be confirmed here. The potential theoretical
routs require further investigations.
While having the coherent negative impact on mortality in models IV and V, the
third dimension of rurality, denseness, has a complex pattern. In the first three models,
the significance of denseness is ambiguous. The methods where spatial errors are
considered (spatial error, mixed, and CAR) indicate a significant positive impact of
denseness, contradicting the descriptive results earlier. In addition, Tables 10, 12, and 13
show that population composition (model II) plays a mediator role between denseness
and mortality, while social capital (model III) does not change the directionality of the
effect of denseness. However, environmental hazards alter the results dramatically.
Denseness has a beneficial effect on health if indicators of environmental risks are
included. This protective relationship is uncorrelated with internal inequality and
corresponds to the earlier findings that mortality is negatively associated with denseness.

Table 10: Ordinary Least Square Models of Age-Sex Standardized Mortality Rates

Table 11: Spatial Lag Models of Age-Sex Standardized Mortality Rates

In other words, the actual effect of denseness is masked by various
contaminations. When these potential detriments to health are controlled, being heavily
populated could be translated into an advantage for human health. Apparently, as the
literature suggests, the living conditions are worse in terms of environmental hazards in
urban areas than in rural areas (see Table 5). Though it was not tested in this study, a
likely possible explanation for the protective effect is health care accessibility. For
instance, nearly 2,800 geographic areas are defined as Health Professional Shortage
Areas (HPSAs), where the physician-to-population ratio is greater than 1:3500, and twothirds of these areas are in rural areas. People living in nonmetropolitan areas are also
more likely to be uninsured (Zimmerman et al., 2004; Hummer et al., 2004). Low
denseness fails to attract and keep physicians or other professional providers. Hence, high
denseness should have a protective impact on residents, as found here.
Based on the explanatory analyses, it is clear that the impacts of rurality on
mortality are far more sophisticated than what the literature currently suggests. First and
foremost, the commonly used rurality indices, like UIC and RUC, could not specify the
divergent effects of various rural dimensions. On one hand, the rural paradox exists if
rurality is measured by industry structure and economic integration status. On the other
hand, urban areas, defined by population size, are in a favorable health position in
contrast to rural places, indicating the absence of the rural paradox. This striking finding
pinpoints the problem that early research failed to deliberate and measure rurality with
multiple dimensions. Undeniably, the existing rurality indices could provide a rough
picture of rurality. However, when rurality is used as an explanatory variable, a more
thorough measure of rurality is desirable.

Table 12: Spatial Error Models of Age-Sex Standardized Mortality Rates

Second, rurality still plays a large role in explaining mortality even if the four
proposed concepts are included. According to the research framework, the influences of
rurality should disappear by introducing other independent variables. While a complete
explanation did not obtain, some explanatory variables do help us understand why rural
residents are healthier. With social capital and environmental hazards, for example, they
abridge the effect of industry structure in models III and IV in comparison with model II.
Similarly, the mediating effect of population composition could be found by comparing
the base and second models within each regression method.
Third, while the final models (model V, where all independent variables are
embraced) generate parallel estimations with different statistical methods, rurality has a
smaller impact on mortality in spatial models (table 11 to 14). Explicitly, without
considering spatial dependency, the ordinary least square (OLS) method tends to
overstate the effects of rurality. Spatial modeling techniques estimate the parameters with
greater precision. The overall effects of omitted variables, which are captured by rho and
lambda (spatial lag and error terms), decrease with the inclusion of other explanatory
variables. The statistical significance of these spatial terms in the full model implies the
existence of unidentified variables. This finding leaves room for future exploration of
geographic health disparities.

Table 13: Mixed Models of Age-Sex Standardized Mortality Rates

Finally, when few independent variables are included in the analysis, the
advantage of spatial error modeling is overwhelming. For example, less than six percent
of mortality variations are explained by the base model with OLS. When spatial errors
are taken into account, the adjusted r-square soars to nearly 40 percent. While the gap
diminishes by adding other independent variables, the final models from various spatial
techniques perform better than OLS. Both AIC and adjusted r-square indicate that spatial
modeling is superior to the traditional approach. More comparisons among these methods
will be presented in the following sections.
This sub-section summarizes the explanatory results on whether and how rurality
affects mortality. The intertwined relationships among all concepts are more
sophisticated than the literature previously suggested. The dissimilar effects of various
rurality perspectives underscore the need for multi-dimensional rurality measures.
Population composition, environmental hazards, and social capital, in part, seem to
function as mediators in understanding why rural people have lower mortality rates, but
internal inequality does not affect rurality as expected. The influences of these concepts
on mortality will be discussed in the subsequent sub-sections.

The effects of population composition on mortality

The main reason for not standardizing crude death rates with race/ethnicity is to
explore whether African American and Hispanic concentrations have opposite effects on
mortality, despite the fact they have comparable socioeconomic profiles. As expected, the
percent of blacks in the population has a positive impact on mortality, while Latinos
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follow the so-called Hispanic paradox, reducing county-level mortality. These
associations with mortality are independent from socioeconomic variables and residential
segregation. The effect of the percent of blacks is attenuated by social capital, which
indicates that social capital mediates between mortality and the proportion of black
residents. Nevertheless, the Hispanic paradox becomes more paradoxical after controlling
for social capital. Greater family support and healthier life styles are believed to account
for the Hispanic paradox (Markides and Coreil, 1986; Scribner, 1994). Civic involvement
and community attachment potentially shrink the time with family or speed the
assimilation process; thus, the observed impact of the Latino population is weaker in
model II due to social capital.
The importance of social affluence and concentrated disadvantage cannot be
overemphasized. As Link and Phelan (1995) argued, social conditions should be regarded
as the fundamental causes of diseases. Based on models II and III, the overall effect of
the concentrated disadvantage on mortality is mediated by social capital. People with
poor socioeconomic profiles cannot afford good housing, healthy food, safe
neighborhoods, and a stable residence. Inferior social conditions affect human health by
malnutrition, direct exposure to violence, or insufficient medical care. Additionally,
living in a community with low social capital may make residents more socially isolated,
receiving less support (e.g., money and food), and such isolation is mentally unhealthy.
The damage to human health is derived from the concentrated disadvantage. Therefore,
when social capital is included in the models, the effect of poor social conditions is
attenuated, which echoes Link and Phelan’s argument.

Table 14: Conditional Autoregressive Models of Age-Sex Standardized Mortality Rates
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With respect to residential segregation, it is not surprising that a high black-white
dissimilarity index may increase county mortality rates. It should be noted that
environmental hazards could partially explain why black-white segregation positively
affects death rates. It is well-documented that the impact of environmental pollutions on
minority communities is disproportionate (Bowen et al., 1995; Been and Gupta, 1997).
Coupled with high black-white residential segregation, the adverse effect caused by
contaminants on health is reinforced. Therefore, controlling for environmental hazards
attenuates the undesirable effect of black-white residential segregation.
Strikingly, Hispanic-white and other-white residential segregation bring
protective effects on mortality. It is generally believed that segregation adversely affects
individual health outcomes through social isolation and limited access to public
resources, such as schools, hospitals, pharmacies, and police (Tiggs et al., 1998).
However, as discussed in the literature review, previous studies overemphasized blackwhite segregation and ignored other races. This study endeavors to advance the literature
by including Hispanic-white and other-white segregations. The protecting effects of such
segregation on mortality found here are similar to those on delinquency observed by
Sampson and his colleagues (Sampson, 1988, 1999; Sampson and Raudenbush, 1999;
Sampson and Wilson, 1995; Sampson and Bean, 2006). They analyzed child delinquency
in Chicago and found that adolescents from poor black neighborhoods were more likely
to commit crimes; notwithstanding, children from Hispanic neighborhood were less
likely to violate the laws, which is also known as the “Latino Paradox” in the delinquency
literature. Social disorganization and a lack of collective efficacy are two explanations for
this phenomenon (Sampson and Raudenbush, 1999). The differences in delinquency
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across neighborhoods are results of the following variables: the density of social
networks, participation of voluntary organizations, and the extent to which neighbors are
willing to supervise youth for the collective good. These variables are relevant to the
concept of social capital used in this study. In other words, if Sampson’s argument could
be used to explain the protective effects of Hispanic-white and other-white residential
segregation, social capital should reduce the effect size. For instance, with other-white
residential segregation, its effect in model II is weaker than that in model III, where
social capital is added. It seems that the residential segregation between white and other
minority groups, except black, contribute to community cohesion and social capital. It
should be kept in mind that the measures of social capital could not completely reflect the
degree of social disorganization or lack of collective efficacy. Future efforts to unravel
the mechanisms between residential segregation and mortality are required.
Apparently, the influence of residential segregation on health is not universal for
all minorities in the U.S. Historically, blacks and whites have lived in the same country
for centuries, but African Americans were discriminated against in the past. A so-called
oppositional culture against mainstream values, like academic success, is necessary to
understand the adverse effect of black-white residential segregation on education
attainment (Jencks and Mayer, 1990). It has been argued that children living in a
segregated neighborhood (black population concentrated) are more likely to be exposed
to adult role models of dependency or single parenthood with low education expectations
toward kids and, hence, fail to appreciate the value of schooling. In addition, the
segregated living environment reinforces the spread of “Black English” and isolates
children from speaking “Standard American English.” Therefore, the racially segregated
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neighborhood constructs a context to maintain and perpetuate the oppositional culture.
People from this area are more likely to fail in job interviews or drop out of school early
(Massey and Denton, 1993). That is, the oppositional culture developed by the black
population undermines educational attainment and mobility, and the segregated
neighborhood would hence damage various aspects of life, including human health.
Other minorities do not share oppositional culture with blacks. In contrast, they
are eager to catch up with the majority. Unlike African Americans, English is not the
mother tongue for most Latinos and other minorities. The best approach for them to
survive is to follow what the majority does and thinks and gain help from kin or
acquaintances of the same origin to overcome language barriers. Explicitly, other
minorities tend to be assimilated by, rather than opposed to, the white culture, and the
segregated residences further enhance the benefits from kinship and social networks. As
Cutler and his colleges (2005) conclude, segregation generally tends to have more
beneficial effects for groups with higher social cohesion and better human capital.
Clearly, the oppositional culture and weaker social ties distinguish blacks from other
racial minorities. Again, these potential explanations for the effects of residential
segregation on health need to be further examined.
This study also addresses whether elderly migration and second demographic
transition bear implications for mortality. The analytic results do not yield a coherent
conclusion. OLS and spatial lag methods demonstrate a significant protective effect of
SDT scores across models. In other words, counties characterized by late marriage and
cohabitation have not only lower fertility rates but also lower mortality rates. However,
this advantage is not supported by other statistical methods. Spatial errors and mixed
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methods where the impacts of unattended covariates are considered do not find a
statistically significant effect of SDT. Moreover, the conditional autoregressive method
even generates a contradicting result: marriage postponement and cohabitation are
positively correlated with mortality.
Elderly migration is expected to increase mortality, but the theoretical relationship
is only confirmed by the CAR method. The counties in which the elder in-migrants
concentrate have higher mortality rates than do others. As recent studies have concluded
(Findley, 1988; Bentham, 1988; Verheij et al., 1998; Larson et al., 2004), elderly who are
characterized by worse health status tend to move to the places where health services are
more readily available. Hence, these movements should carry the negative impact on
mortality rates. While the t-ratios fail to reach significance, other statistical methods
indicate a positive association between elderly migration and mortality.
In contrast to other population composition variables, the effects of SDT scores
and elderly movements are less conclusive. Recall that, in the bivariate correlations in
Table 5, the standardized mortality rates do not have clear associations with both the
elderly migration and SDT scores. The measures of these two variables are limited by
data availability. To further investigate their impacts on health outcomes, a longitudinal
study or more specific measures are necessary.
The association between population composition and mortality is revealed in this
sub-section. The most striking results are the diverse effects of residential segregation.
The black-white segregation elevates mortality rates, but the isolation of other minorities
facilitates human health. Oppositional culture, social disorganization, lack of collective
efficacy, and social capital in the community could be used to understand why African
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Americans are in an unfavorable position in contrast with other minority groups.
Furthermore, social conditions are imperative factors for explaining mortality variations.
Better socioeconomic profiles lead to lower mortality rates, and high death rates could be
observed in counties characterized by concentrated disadvantages. Finally, the influences
of SDT scores and elderly movements on mortality are not as conclusive as others due to
the inconclusive statistical results. The next sub-section will shift gears to social capital
and discuss how it affects mortality.

How does social capital affect human health?

As discussed previously, social capital mediates the effects between other
explanatory variables (e.g., rurality and concentrated disadvantages) and mortality.
Whether social capital has independent impacts on mortality is still unanswered. Various
statistical methods agree on this issue: while the social capital index, neighborhood
stability, and residential safety have beneficial effects on health, religious adherence does
not impose a protective impact on mortality.
Contrary to earlier findings, the current study found that the religious adherent
rate is positively related to mortality. Multiple reasons could be attributed to this finding.
First, the religious adherence is calculated by dividing the total reposted religions by total
population in a county. The respondents in surveys could report more than one religious
belief; hence, this variable may combine the effects of various religions. Further, not all
religions enhance social capital. For example, the Buddhists are not subject to regular
gathering, and there will be fewer opportunities to strengthen social capital. Thus, the
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high religious adherent rate used in this study may not reflect the effect of religions
directly. Additionally, previous studies usually used the frequency of attending church
(e.g., once a month, twice a month, and so on) as the indicator of religious effect.
Religious adherents may not participate in related activities; hence, social capital may not
exert its influence on mortality.
Despite the unexpected impact of religious adherence, other measures of social
capital do follow the theoretical expectations. In contrast to OLS and spatial lag results,
the estimated effects from other methods of the social capital index shrink, which
indicates that some unattended covariates mediate between social capital index and
mortality. The social capital index consists of the number of various associations, degree
of civil engagement, census response rates, and the number of non-profit organizations.
After controlling for unknown covariates, the weaker effects echo Rupasingha et al.’s
paper in which an obvious social capital index cluster was shown (Rupasingha et al.,
2006). Furthermore, this effect is confounded by environmental hazards. The emergence
of non-profit organizations would be stimulated by greater environmental risks; therefore,
when the seven risk sources are included in the model, the protective effect of the social
capital index declines.
Both residential stability and neighborhood safety play important roles in
understanding the variation of death rates. When people live in the same community long
enough, they are more likely to participate in local activities and become attached to
these places. Accordingly, social capital could grow and benefit inhabitants with lower
mortality. Moreover, unsafe neighborhoods hinder the development of mutual trust,
assistance, and reciprocity among residents, thus further negatively affecting the
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establishment of social capital. Dwellers in unsafe neighborhoods are inclined to stay
home and minimize interactions with neighbors. All these individual behaviors could
weaken social capital and generate an adverse effect on health.
Social capital has been found to correlate with human health outcomes (Kawachi
et al., 1997; Kawachi et al., 1999; Lochner et al., 2003), but few studies have explored
this relationship for all U.S. counties. The findings here consolidate the importance of
social capital in health research. The newly created social capital index not only improves
the measure of social capital at the county level but also yields a protective effect on
health. That is, counties characterized by the presence of various associations, non-profit
organizations, and civic involvement show lower mortality rates because these
institutions offer dwellers more opportunities to know each other and develop social
capital. In addition, residential safety and stability show independent effects on mortality.
A safe and stable neighborhood facilitates interactions and enhances mutual trust and
reciprocity among residents. These two variables are designated to capture the noninstitutional dimension of social capital, and, as expected, they are negatively associated
with mortality. Finally, despite the contradictory and puzzling effect of religious
adherence, it raises an issue for future studies of whether different religions bear the same
implication for human health. It should also be noted that, in contrast to other social
capital variables, the impact of religious adherence is relatively small, which implies in
general that human health mainly benefits from other social capital measures.
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Environmental hazards and mortality

Seven environmental risk variables are included in the analyses. Based on the
empirical results, they can be divided into three groups. First, the HAP cancer score and
the toxic release inventory (TRI) non-cancer score deteriorate mortality rates. Second, air
quality index (AQI), TRI cancer scores, and toxic density are consistently insignificant
across methods. Third, the effects of the HAP non-cancer score and the percent of houses
at the risk of lead differ by statistical methods. The next paragraphs will discuss their
impacts and why most of the hazards are insignificant.
Environmental hazards are anticipated to increase mortality due to their poisonous
ingredients. Numerous chemicals are capable of causing cancers and other diseases in
humans after excessive exposure. HAP cancer and TRI non-cancer scores persistently
demonstrate positive impacts on mortality. The former considers recognized carcinogens
in ambient air, and the later embraces chemicals emitted by industry into the
environment. Although this finding could not justify the mechanism of how these
contaminants damage individual health, the escalating impacts of these two cancer and
non-cancer scores on death rates underscore the importance of a clean environment.
Residents living in counties with greater HAP cancer and TRI non-cancer scores
collectively show higher age-sex standardized death rates than their counterparts in
counties with lower risks.
One might argue that the main reason for the insignificance of other variables
results from multi-collinearity among these covariates. However, this argument has been
disproved by variance inflation factor (VIF) statistics. VIF is a measure of how
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explanatory variables correlate with one another. As a rule of thumb, multi-collinearity is
regarded as a problem when VIF is greater than 10. Among the seven environmental
hazards, their VIFs range from 1.07 to 5.03. In other words, multi-collinearity should not
be a problem or an explanation for their insignificance. Thus, what could be used to
explain the unsatisfactory results?
As discussed in the literature review, the best measure of the effects of
environmental risks on health is the degree of exposure to those chemicals. Human health
is less likely to be affected when not exposed to those contaminants. Also, the duration
and intensity of exposure will determine the damage caused by environmental risks. The
seven covariates used in this study only reflect the quantity of these recognized pollutants
and fail to consider the factors above. Hence, the statistical results are not satisfactory.
Statistically, these unspecified factors could be captured by the spatial error (lambda). For
example, the estimated effects of the HAP cancer score with OLS and spatial lag methods
are stronger than those with other methods. Reducing the coefficient could be attributed
to the control of unknown covariates that confound with the HAP cancer score. This
phenomenon could also be used to understand why the effects of HAP non-cancer and
lead differ by statistical methods. Both variables seem to be affected by unattended
variables. Despite the awareness of such shortcomings in data, there is no current
exposure information at the county level for the whole country.
Theoretically, environmental hazards should have positive associations with
mortality. While the other five covariates are not significant predictors of mortality, the
importance of a pollution-free environment is signified by HAP cancer and TRI noncancer scores, which have unanimous impacts on health. On average, every 271 pounds
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of HAP carcinogens (one standardized score, see Table 3) will increase mortality by
about 30 deaths per 100,000 persons. After examining VIF, the suspicion of multicollinearity is eliminated, and the potential explanation for the unsatisfactory finding is
the imperfect measure of this concept. To fully explore the effects of environmental
hazards, the types of chemicals, duration, and intensity of exposure should be considered
simultaneously. For an ecological analysis, the environmental pollution information used
in this dissertation would be the best available dataset, and more accurate measures of
residents’ exposure to pollutants would undoubtedly improve the prediction.

The non-linear relationship between internal inequality and death rates

It is well-documented that income inequality positively affects mortality
(Kawachi et al., 1997; Kawachi and Kennedy, 1997; McLaughlin and Stokes, 2002).
High income inequality would lead to underinvestment in various social infrastructures
and services, such as educational institutions and health care deliveries (Duncan, 1996;
LaVeist, 1993). Hence, dwellers in such places, particularly low and middle class
individuals, will have more difficulties in maintaining healthy lives due to the lack of
resources. Additionally, in areas with high inequality, residents are more likely to
perceive deprivation, social isolation, and economic disadvantages (Daly et al., 1998).
These feelings are thus believed to induce adverse health outcomes both mentally and
physically (Wilkinson, 1991). This study not only follows the traditional income
inequality measure, the Gini coefficient, but also employs the Theil index of housing
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prices to cover the mechanisms between mortality and inequality. As anticipated, Gini
and Theil impose unfavorable effects on human health.
The impacts of internal inequality on mortality illustrate an increasing trend from
the lowest quartile to the highest quartile group. This finding clearly indicates that the
relationship between mortality and inequality is not linear, which echoes another recent
finding (McLaughlin et al., 2007). Both inequality measures share a similar nonlinear
pattern. The inequality effect of the highest quartile is about three times as great as that of
the second quartile and almost doubles that of the third quartile counties. Notably, taking
spatial structure into account only minimizes, rather than eradicates, the impacts of
internal inequality. Internal inequality may be confounded by unspecified covariates in
the model, despite its significant influence on mortality. These unknown factors might be
the collective sense of deprivation, social isolation, or lack of resources. Analyses
conducted by McLaughlin and her colleagues (2007) also reflected the same issue, where
their spatial linear model reported that the inequality effects were half as significant as
those estimated by the weighted least square method.
Kawachi and Kennedy (1997) showed that the choice of income inequality
indicators did not alter the relationship between mortality and inequality. However, few
studies (if any) use the distribution of housing prices to further detect internal inequality
of places. This study argues that residents are more likely to feel deprived or
economically disadvantageous if more luxurious houses can be seen in a community. A
higher Theil index of housing prices translates into worse health status through a
psychological pathway. Some might question whether the Gini coefficient and housing
Theil index are too highly correlated to be included simultaneously. The VIF results
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assuage this concern. When both indicators are treated as continuous variables in the
analyses (results not shown), their collinearity diagnostics are 2.1 and l.9 for Gini and
Theil, respectively. When they are classified into quartiles as the tables show, the highest
VIF among them is still below 2.5. Like environmental hazards, these statistics validate
the usage of the Theil index. Coupled with the significant effects, the Theil index of
housing prices captures effects that were not reflected by unequal income distributions.
This subsection confirms the non-linear relationships between mortality and
unequal wealth distributions. The health of the residents living in the counties with high
inequality is at a much higher risk. By adding the Theil index of housing prices, the
measures of internal inequality have been broadened. Both the Gini coefficient and the
Theil index carry adverse impacts on mortality. Those counties in the first quartile group
enjoy the lowest mortality rates and generally have 30 to 40 fewer deaths per 100,000
persons than those in the highest quartile group.

Method Comparisons: Is the Spatial Perspective Necessary?

Five statistical methods have been used to explore the rural paradox. In addition
to the most commonly used method of OLS, four existing spatial analysis methods are
included: spatial lag, spatial error, mixed, and conditional autoregressive. One major goal
of this dissertation was to build a spatial mortality model incorporating spatial structure.
While the ESDA results indicate strong spatial dependency embedded in the data, the
necessity of the spatial perspective is undetermined. The subsequent discussion will
compare these methods with two model fitting indices and coverage rates.
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Akaike’s information criterion (AIC) is an indicator developed by Hirotsugu
Aikaike (1974) and is a measure of the goodness of fit of a statistical model. It is widely
used in the maximum likelihood/frequentist approach. With respect to the Bayesian
perspective, Spiegalhalter and colleagues (2002) developed the deviance information
criterion (DIC), which is a generalization of AIC and particularly useful in Bayesian
model selection. Smaller DIC and AIC values can be translated into better goodness of fit
for a model. Although the DIC and AIC concepts are similar, they still cannot be directly
compared. Hence, the coverage rate of a model is also employed for the purpose of
methods comparison. A statistical model can generate a 95 percent interval of predicted
mortality rates for all counties. The coverage rate is calculated by dividing the number of
counties whose actual mortality rates fall into the intervals by the total number of
counties. A high coverage rate implies good model fitting.
The OLS method has been implemented by both the Bayesian and frequentist
approach, and the AIC and DIC values are listed in Table 10. The AIC values of spatial
lag, spatial error, and mixed methods are much smaller than those of OLS. Two findings
could be drawn on the AIC comparisons among those four methods. The traditional
statistical method consistently performs the worst in terms of goodness of fit. For
example, in model V, the full model, the AIC of OLS method is 8151.71, which is much
higher than the spatial lag’s 5943, the spatial error’s 5774, and the mixed method’s 2216.
This poor performance of OLS indicates that spatial analysis significantly improves the
goodness of fit of statistical models. Furthermore, from the statistical viewpoint, the most
parsimonious model should be model IV, where the concept of internal inequality is
excluded. In other words, the inclusion of the Gini coefficient and the Theil index could
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not efficiently ameliorate or add more information into model IV regardless of theoretical
implications. The AICs of model V of the spatial analysis methods are either greater or
marginally smaller than those of model IV.
When comparing the OLS with the CAR method, the advantage of the spatial
perspective is also reflected by the smaller DIC values of CAR across models. Similar to
the earlier findings, there is no conspicuous difference between models IV and V of the
CAR method. Combined with the AIC comparisons, OLS always has the worst goodness
of fit of statistical models, no matter what statistical approach is used. As argued in this
dissertation, previous ecological studies failed to incorporate a spatial perspective into the
research framework. The diagnostic results here clearly demonstrate the important need
to do so.
Table 15: Coverage Rates by Methods and Models

Table 15 contains the coverage rates of all models analyzed with the various
methods. The OLS coverage rates extend from 5 to 17 percent, and the other four spatial
methods clearly have better coverage rates, ranging from 40 to 90 percent. Explicitly, the
actual age-sex standardized mortality rates could be better predicted by spatial analytic
techniques. Also, the coverage rates increase with the expansion of models. The only
exception occurs in the mixed method, where model IV has the highest rate of 85 percent.
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Recalling the previous discussion, the effects of unattended covariates could theoretically
be captured by remodeling error terms. The reason why spatial error, mixed, and CAR
methods could predict mortality better than OLS and spatial lag techniques is their ability
to incorporate spatial structure into error terms.
Is a spatial perspective necessary for ecological analyses? The answer to this
question should be in the affirmative. AIC/DIC and coverage rates clearly illustrate how
spatial analysis improves the goodness of fit of models and predicts the actual data with
greater precision. As Odland (1988) pointed out, spatial autocorrelations provide less
information about the data. Without adjustment for spatial dependency, the estimation
could be biased. Therefore, it is imperative to integrate the spatial perspective into
research because of better statistical fitness and data predictions.

Summary

This section mainly addresses two questions. Does rurality still matter after
controlling for the proposed concepts, which are population composition, internal
inequality, environmental risks, and social capital? How do these concepts affect
mortality? The three dimensions of rurality—denseness, exogenous economic integration,
and industry structure—have different impacts on health even after considering other
explanatory covariates. Industry structure and EEI illustrate the existence of the rural
paradox. Primary industries and independence from major cities persistently benefit
human health. On the other hand, high denseness is related to lower mortality. These
significant effects carry two important messages. First and foremost, the single-
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dimensional rurality indices cannot fully reflect these complicated influences of rurality
on mortality. Multiple measures of this concept are necessary. Second, the proposed
research framework of this study fails to fully explain why rural residents demonstrate
lower death rates than their urban counterparts. Despite this disappointing result, several
informative findings are summarized. Residential segregation does not always undermine
health outcomes. An adverse effect is only found in black-white segregation. The
segregation of Latinos and other races from whites reduces county mortality.
Furthermore, social capital is negatively associated with age-sex standardized death rates.
The newly created social capital index by Rupasingha et al. and other related measures
consolidate the findings through state-level studies (Kawachi 1999, Kawachi et al., 1997)
by adding county-level evidence. The counties characterized by abundant associations,
non-profit organizations, and stable and safe neighborhoods have strong social capital,
and, hence, their mortality rates are lower than others. Moreover, adverse effects of
environmental pollutions are also found, while only two indicators are significant
predictors: HAP cancer and TRI non-cancer scores. Seeking information about how
dwellers are exposed to contaminants should improve the unsatisfactory results. As
expected, internal inequality demonstrates a non-linear relationship with mortality. Both
the Gini coefficient of income and the Theil index of housing prices are imperative
determinants of mortality rates. After examining multi-collinearity, the Theil index
indeed captures the effect that could not be accounted for by Gini. Finally, diagnostic
statistics, AIC/DIC, and coverage rates clearly pinpoint the importance of the spatial
perspective in ecological studies. The traditional method consistently shows the worst
goodness of fit and prediction ability; hence, it is concluded that a spatial perspective can
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provide new knowledge about geographic health disparities by providing unbiased
estimations.
This chapter begins with the aspatial descriptive statistics and discusses the
general associations among variables in order to connect mortality with other explanatory
covariates. The second section incorporates the spatial perspective into the relationship
between mortality and rurality. Not only has a conspicuous geographic mortality
clustering pattern been revealed, but the necessity of decomposing rurality is punctuated.
Also, spatial dependency embedded in the data is revealed; therefore, using spatial
analysis should take care of this potential problem. Following the auxiliary analyses, the
explanatory spatial analyses results are presented. The three rural dimensions contribute
to mortality in different ways. Aside from denseness, both industry structure and
economic integration status mirror the rural paradox in the literature. The proposed
research framework fails to fully explain why rural dwellers are healthier in terms of
mortality. However, four concepts are identified as determinants of health, and the spatial
perspective improves the statistical modeling results. The next chapter will further
discuss these findings and draw additional conclusions from this dissertation analysis.

Chapter 5

Discussion and Conclusion

Introduction

This final chapter will be divided into four sections. First an overview will
address the motivations, empirical questions, main findings, and contributions of the
dissertation. The subsequent section will return to the research hypotheses proposed in
the second chapter, examining them with the analytic results presented in the fourth
chapter. The third section will offer a discussion on hypotheses testing, policy
implications, and avenues for future studies. The final section will present the overall
conclusion of the dissertation.

Study Overview

With the advance of preventive medicine and the improvement of public hygiene,
the overall health of the U.S. population has improved over the past century. Not all the
public, however, enjoys the improvement equally. Health disparities arise across
categories of race, gender, sexual orientation and other variables. This study has
attempted to explore geographic health disparities, with an emphasis on mortality rates.
Rural dwellers are less likely to be insured, use preventive screening services, or acquire
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health care services. Furthermore, the socioeconomic profiles of rural residents indicate
poorer socioeconomic status in the aggregate that of urban inhabitants. All of these
disadvantages, however, could not be translated directly into higher death rates in rural
than urban areas. Conversely, rural residents demonstrate lower standardized mortality
rates than urban areas. This phenomenon, also known as the rural paradox, produced the
fundamental question underlying this study: why are rural mortality rates lower than are
urban mortality rates?
By addressing three shortcomings in the literature, more can be understood about
geographic health disparities. First, the complex nature of rurality should be taken into
consideration in the design of the research. Despite what much of the literature indicates,
rurality should not be considered as a single-dimensional index. Several indicators are
required in order to capture the multiplicity of rurality. Denseness, farming, fishing, and
forestry (FFF), and exogenous economic integration (EEI) have been identified as three
independent components of rurality. Second, the residential mortality differentials should
result from factors embedded in the specific locality rather than from the locality’s
geography. Explicitly stated, the elements that interact with both rurality and mortality
give rise to the rural paradox. In order to explain the rural health advantage, these
elements must satisfy at least one of the following conditions: 1) having protective effects
on health and existing more frequently in rural areas than in urban areas; and 2) carrying
adverse impacts and occurring more in urban places than in rural places. This dissertation
proposes four concepts to capture the conditions: population composition, social capital,
environmental hazards, and internal inequality. Third, while geographic health disparities
are not randomly distributed across space, previous studies have failed to investigate the
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rural paradox with spatial analytical approaches. This study employs four different spatial
modeling methods in order to take space structure into account. This study therefore
improves both the parameter estimates and model fit.
Adopting multiple data sources, a nationwide investigation on rural/urban
mortality differentials has been conducted. Several major findings and contributions are
summarized below. First, the relationship between the commonly used rurality indices
and the three rural indicators of this study follows both theoretical and empirical
expectations. On one hand, denseness and EEI are negatively associated with Urban
Influence Codes (UIC) and Rural-Urban Continuum codes (RUC). Specifically, the
counties adjacent to metropolitan areas have higher EEI scores in contrast to non-adjacent
counties. Furthermore, the highest denseness score is observed in the most urban
categories in both UIC and RUC. On the other hand, industry structure correlates
positively with both coding systems. The most rural areas demonstrate the highest FFF
scores, and, expectedly, the most urbanized counties have the lowest percent of
population working in farming, forestry, and fishing industries. Evidently, the three
indicators used in this study successfully decompose the traditional rural indices and
should be considered for use in future studies.
Second, the rural paradox does exist, and the age-sex adjusted mortality rates
differ by various rurality dimensions. Industry structure and EEI reflect the advantage
shared by rural dwellers. Counties that feature a high percent of farming, fishing, and
forestry industries and low levels of economic integration into major cities are in a
favorable position with respect to mortality. Nonetheless, denseness has a protective
effect on human health. These phenomena clearly indicate: 1) the traditional rural indices
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fail to reflect the diverse effects of rurality and only represent a mixed rural impact,
which could undermine the development of rural research, and 2) the opposite influences
of rurality on human health imply that the factors within geographic units engender
differences in mortality rates rather than geography itself. These implications further
buttress both the usage of multiple rurality measures and the strategy of seeking the
explanatory variables behind rural/urban localities that was employed in this study.
Third, this study features a thorough exploratory spatial data analyses (ESDA)
that consist of data visualization, uni-variate spatial dependency and cluster detections,
and bi-variate spatial associations between rurality and mortality. It is believed both that
ecological social data do not vary greatly across geographic boundaries and that spatial
dependency commonly exists in datasets. The ESDA results reveal strong spatial
autocorrelations for all variables by calculating Moran’s I and uncovering the spatial
clustering pattern of mortality. In the U.S., high age-sex standardized death rates
concentrate in the southeastern region, including the Black Belt, the Appalachian region,
and the Mississippi Valley, as well as the lower Delta Region. On the other hand, the
counties characterized by low mortality rates sit in the Great Plains, the Midwest region,
and along the U.S./Mexico border. Furthermore, the bi-variate spatial associations
between mortality and rurality not only correspond to the aspatial relationships but also
strengthen the argument that a spatial perspective is required in ecological studies.
Fourth, the explanatory analyses are implemented with five different statistical
methods, and the impacts of rurality on health differ by perspectives: 1) the protective
effect of FFF scores on mortality could be explained by stronger social capital and
cleaner environments in rural areas, and 2) the adverse influence of EEI could be
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explained by population composition and the statistical methods where spatial errors are
considered. Also, EEI is suppressed by social capital, which indicates that stronger
community involvement and better living environments are negatively related to the
economic integration status. To further explore the association among EEI, social capital,
and human health, those unobserved covariates should be included in future studies and a
longitudinal data could further clarify their causality. 3) Denseness is good for human
health, but its effect is masked by environmental hazards. Controlling for pollution,
denseness could be translated into more convenient living surroundings, more readily
available health care facilities, and ultimately lower mortality rates. These findings,
again, discredit the usage of one-dimensional rural indices in health research and
underscore the complexity of geographic health disparities.
Fifth, the relationship between residential segregation and mortality differs by
race/ethnicity. Echoing the literature, black-white segregation is harmful to collective
health. Strikingly, however, the residential segregation of Latinos or other races from the
white population could significantly reduce mortality rates. The protective segregation
effects of these minority groups can also be found in the delinquency and education
literature. The differences among races/ethnicities could be theoretically explained by
linguistic isolation of other minorities, and discrepancies in human capital. Because this
study does not focus on the effect of residential segregation on mortality, more efforts to
examine these explanations are needed in the future.
Sixth, both institutional and non-institutional dimensions of social capital have
beneficial effects on health. Clubs, associations, and non-profit institutions provide the
residents with opportunities to interact. Also, a safe and stable neighborhood encourages
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the development of mutual trust and reciprocity among its inhabitants. These conditions
help to nurture an area’s social capital and, hence, to reduce the damages to mortality
caused by physical and mental illnesses as well as social isolation. As expected, social
capital is strongest in those counties with higher percentages of farming, fishing, and
forestry industries. This helps explain why rural residents are healthier, despite the fact
that rural industrial structure still has a significant effect on death rates.
Seventh, all environmental hazard measures are positively correlated with
denseness. This evidence points out that urban areas are more polluted than rural areas.
As previously discussed, the effect of denseness is not seen until the various types of
pollution are included in the models. While only two environmental risk variables
persistently demonstrate adverse influences on health, they punctuate the important role
of anthropogenic contaminants in health research, particularly in ecologic studies.
Notably, while the effects of rurality are still significant, the existence of environmental
risks in the analysis shrinks the effects of industry structure and EEI. Apparently,
residential mortality differentials could be partially attributed to the difference in
environmental pollutions across space.
Eighth, the unequal wealth distribution of a county bears not only adverse but also
non-linear effects on human health. In addition to the traditional measure of income
inequality, this study incorporates the Theil index of housing prices as a complement to
the concept of internal inequality. After examining multi-collinearity and statistical
significance, the counties in the highest inequality group (both Gini and Theil) have had
more decedents than those in the most equal quartile. Underinvestment in infrastructure
(or worse living standards) and a strong sense of relative deprivation are believed to be
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the main reasons why mortality rates are higher in counties with high inequality.
Although internal inequality could be used to explain the variation of mortality, it fails to
account for the impacts of rurality.
Finally, an answer is offered to the methodological question of whether a spatial
perspective is necessary for ecological studies. Employing both Akaike Information
Criterion and Deviance Information Criterion (AIC and DIC) and coverage rates, the
traditional regression method has the worst goodness of fit of statistical models and the
lowest data coverage rates. Spatial analysis greatly improves the models with better data
fitting, better predicting ability, and less biased estimations. It should be noted that ESDA
needs to be conducted to ensure the existence of spatial autocorrelations beforehand. If
spatial dependency is detected in the data, there should be no reason not to take care of
this problem through the spatial analysis approach.
This section has provided an overview of this dissertation and has summarized the
major findings and contributions above. Obviously, the relationship between rurality and
mortality is more complex than what the literature suggests. Although the proposed
research framework fails to fully answer the question of why rural residents have lower
mortality rates, the four proposed concepts help clarify how human health is affected by
both social and natural environments. A detailed discussion on why this thesis does not
succeed in unraveling the rural paradox will be given in a later section. The next section
will examine the research hypotheses based on the empirical results.
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Examining the Research Hypotheses

Based on both the literature review and the research framework of this study,
there are nine major research hypotheses proposed in the second chapter. This section
draws on the results of complete models (model V) to test these hypotheses. Though the
five statistical methods yield very similar estimations, there are some disagreements
among them, which will be pointed out in the following content.
1) The effects of rurality on mortality will be eliminated completely when all
concepts are included in the analysis. The coefficients of the three rural
dimensions remain statistically significant in model V, which indicates the
covariates used in this study could not account for their impacts on mortality.
There is not enough evidence to support the first hypothesis. The relationship
between rurality and mortality is far more complex than the literature suggests.
The rural paradox could be observed if “rural” is defined by EEI and industry
structure; however, when rurality is determined by population scale there is no
evidence for the rural paradox.
2) A higher black population percentage will lead to higher mortality, but the
concentration of Hispanics will decrease death rates. While the effect of the
black population in the CAR method is not significant, other analytic results
endorse this race/ethnicity hypothesis. The positive coefficient of the African
American population indicates that mortality rates will rise with an increase of the
black population percentage. On the other hand, age-sex adjusted death rates
would decrease along with the agglomeration of Hispanics due to the negative
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coefficient found in every table. These findings would have been obscured had
mortality rates been standardized by race at the very beginning.
3) Social conditions are predictors of mortality. Better socioeconomic profiles, like
higher education and income, will result in lower mortality; worse social
indicators, such as high poverty and unemployment rate, will raise death rates.
This study divides a wide range of socioeconomic indicators into two variables:
concentrated disadvantage and affluence. As hypothesized, concentrated
disadvantage is positively associated with mortality, and social affluence lowers
death rates.
4) Little is known about the effects of the second demographic transition (SDT) on
mortality. Later marriage, more cohabitation, and fewer traditional coupled
families result in a less stable social structure and, hence, results in an increased
rate of mortality. This hypothesis could not gain enough evidence from the
empirical findings. Only the CAR method concurs with the hypothesis. Spatial
errors and mixed methods do not generate a significant SDT effect. Conversely,
OLS and spatial lag methods indicate that SDT should decrease, rather than
increase, mortality rates. Although this hypothesis has not been supported, these
inconsistent results open another window for demographic research on the
question of whether SDT bears implications for human health.
5) The counties in which elderly in-migrants concentrate will have higher death
rates. That is, mortality rates will go up when concentrated in-migration scores
increase. While all five methods indicate a positive association between elderly
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migration and death rates, four of them did not reach the statistical threshold. In
turn, counties with higher concentrations of elderly in-migrants do not necessarily
demonstrate higher death rates. Though recent studies have concluded that the
movement of the elderly is associated with illness or health-related issues, these
disadvantages were not translated into higher mortality rates in their destinations.
6) Independent from the race/ethnicity effect, black-white segregation will elevate
mortality rates, but for other minority groups, a higher level of segregation
implies stronger social cohesion and more support, thus leading to lower death
rates. Similar to the findings in the literature, county death rates are positively
affected by the level of black-white segregation. The more black-white segregated
a county is, the higher its mortality rate will be. In addition and as expected, the
segregation of Latinos or other races from whites shows protective effects on
health. Apparently, residential segregation does not inevitably bring adverse
influences on mortality. Its impacts differ by race/ethnicity. The relationships
between residential segregation and health deserve further investigations.
7) Stronger social capital will lead to lower mortality rates. The institutional
perspective of social capital is negatively associated with mortality. Associations,
non-profit organizations, and clubs intensify interactions among residents, thus
decreasing mortality through social capital. The non-institutional aspect of social
capital contributes to lower death rates, too. The negative effects of the social
capital index, residential stability, and neighborhood safety support this
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hypothesis. While religious adherence has an unexpected positive effect on
mortality, death rates decrease with the accumulation of social capital.
8) The more pollutants and hazardous materials that exist in an area, the higher the
area’s environmental risks are for its residents, resulting in a higher mortality
rate. According to the empirical results, only two measures of environmental risks
have persistent impacts on health. While mortality rates are not strongly related to
environmental risks, the positive relationships shown by hazardous air pollutants
(HAP) cancer and toxic release inventory (TRI) non-cancer scores support this
hypothesis. If the data of residents’ exposure to contaminants could be obtained, it
is anticipated that more concrete evidence would be seen.
9) Because internal inequality encompasses underinvestment in infrastructure and
the sense of relative deprivation and disadvantage, mortality rates should be
positively associated with internal inequality. As the results suggest, the counties
possessing the highest levels of equality have the lowest mortality rates.
Furthermore, the effect of internal inequality demonstrates a non-linear
relationship with mortality. That is, the effect of the fourth quartile group (the
most unequal) is about three times stronger than that of the second quartile group
and is twice as large as the impact of the third. These findings confirm the
hypothesis of a positive effect and further suggest a curvilinear association
between internal inequality and mortality that is concave upward.
Three out of the above nine hypotheses could not be verified due to limited or
ambiguous evidence. The effect of SDT on mortality is unclear. The estimated results
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from the methods of OLS and spatial lag contradict the hypothetical direction, which
is only supported by the CAR approach. Little research has investigated the question
of whether and how the second demographic transition affects death rates. More
effort should be made to answer this question. In addition to this, although it is agreed
that concentrated elderly migration is positively related to mortality, most estimated
effects are not statistically significant. Explicitly stated, the expected relationship
between the elderly movement and mortality could be explained by other covariates
included in the models. Finally, rurality plays a role in determining mortality rates
even after considering other explanatory variables. While the rurality effects could be
attenuated by some covariates, they remain statistically significant in the final
models. The next section will speculate why the proposed framework was unable to
fully account for the rural paradox.

Discussion

One goal of this dissertation is to explore the rural paradox in the context of a
spatial perspective in order to explain why this phenomenon exists. The previous sections
have clearly pointed out, however, that the impacts of rurality remain important
(statistically significant) even if all covariates are included. The statistical significance of
rurality is indicative of the failure to reach this goal. There are two explanations for this
unsuccessful effort. One is the lack of agreement on the measures of rurality in the
literature, and the other is the complexity of geographic health disparities.
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As discussed in chapter two, because rurality is not one-dimensional, there is no
agreement on how to measure it. Even the commonly used rural indices take both
population scale and adjacency into account. This study, however, has discredited the
approach of combining various perspectives into a set of ordinal codes because each rural
dimension has its own unique impacts on human health. One-dimensional codes blend
different effects together, hence, underestimating or ignoring the complexity of rurality.
Additionally, the lack of agreed rurality measures makes it difficult to compare previous
findings. Some might use a dichotomy, such as rural/urban or metro/nonmetro; some
would employ UIC or RUC; and others might create their own rurality measures.
Therefore, to some extent, different measures of rurality lead to different conclusions. For
instance, Figure 2 in chapter four shows the average mortality rates by UIC and RUC. It
is obvious that some rural codes (RUC codes 6, 7 and 8; or UIC codes 9 and 11) have
higher mortality rates than the urban ones (RUC and UIC codes 1 and 2). The most rural
counties (UIC code 12, or RUC code 9), however, demonstrate the lowest standardized
death rates. Different researchers might have dissimilar interpretations of these two
findings. In other words, different measures of rurality can affect empirical results,
perhaps leading to disparate conclusions.
This study, drawing from the literature, divides the concept of rurality into three
independent components: denseness, exogenous economic integration, and industry
structure. There are two reasons for doing this. First, as shown in Figure 2 from chapter 4,
the variation of mortality rates among “rural counties” is quite large. Without knowing
the independent effect of each rural dimension, it becomes extremely difficult to unravel
the association between rurality and health outcomes. Second, because the literature
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already suggested that rurality has multiple aspects, an effort should be made to embrace
as many perspectives as possible and to avoid using a one-dimensional index. As found
here, multiple rural indicators do advance our knowledge of the rural paradox by
distinguishing one effect from another. This contribution, however, also draws attention
to the failure of this dissertation to explain the geographic health disparities. While the
concept of rural/urban is widely adopted in social science, it is usually used as a
geographic reference; few studies have focused on explaining the actual impacts of
rurality itself. Hence, the existing literature could not provide specific information
concerning the relationships between “denseness,” “EEI,” “FFF,” and other major
concepts of this study, such as mortality and social capital.
Constrained by the generalness of the information, this research framework seems
to overlook the complexity of geographic health disparities. For instance, the empirical
results in this study indicate that social capital can explain the effect of industry structure
but does not account for the effects of other perspectives of rurality. Environmental risks
mask the influence of denseness on mortality but could account for only part of the
impact of industry structure as well. Evidently, not all of these proposed concepts
mediate the rural effects on mortality, especially when rurality is broken down into
multiple dimensions. Moreover, compared with the traditional regression method, spatial
analytic techniques suggest the existence of unobserved covariates, which could be used
to understand why rural residents are healthier than their urban counterparts. The
significant spatial error terms in the tables only summarize the effects of all other omitted
variables. Furthermore, it takes more work to figure them out. Based on these facts, the
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complexity of geographic health disparities is beyond the design of the research
framework.
The failure to solve the rural paradox could be attributed to the two correlated
reasons above. Breaking down the nature of rurality, on one hand, clarifies the ways in
which rurality affects mortality. On the other hand, however, it simultaneously
complicates the rural paradox. Empirically speaking, the associations among the five
concepts related to human health are intertwined and few efforts have been made to
unravel them. While the goal of unraveling residential mortality differentials has not been
reached, this study has employed four spatial statistical methods to build mortality
models where spatial structure and dependency are taken into account, and important
findings have been obtained, as described earlier.

Policy Implications

Several policy implications can be drawn from the empirical findings. First, with
respect to the social environment, the adverse impact of concentrated disadvantages and
beneficial effects of social affluence on health indicate that poverty, unemployment, and
education are fundamental causes of health disparities. To decrease mortality rates, it is
crucial to disseminate useful health-related information to the public in general as well as
specific social groups. For instance, unintended injury is the major cause of death for
youths. Providing either information on how safety belts can save lives or tips on driving
in severe weather could help people protect their lives better. Furthermore, educating
people about screening services, like mammography, and disease symptoms would
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prolong the length and quality of life for many people. As found in this study, denseness
is negatively associated with mortality; this is primarily explained by the greater
thoroughness and accessibility of health care facilities and services are in densely
populated areas. Certainly, making health care services cheaper and more available in
less dense areas will attenuate the economic burden and cost of visiting doctors or
handling of chronic diseases, hence promoting health.
Second, it is essential to build up the social capital of communities. According to
the empirical results, providing affordable housing and low-interest mortgage loans both
stimulates the desire of people to purchase houses and make their neighborhoods more
stable. Thus, the residents would have more time to get acquainted with each other and
become more attached to their communities. All the efforts above can turn out to be a
benefit of collective health due to the stronger sense of mutual trust and reciprocity.
Moreover, funding a wide range of community activities would both encourage residents
to participate in public affairs and produce more opportunities to strengthen social
capital, which would lead to both material and social support regarding needs, such as
money, food, and convalescent care. In addition to this, maintaining and promoting a
sense of safety throughout the neighborhood will enhance the interactions among people,
further reinforcing social capital and health. For example, reducing crime and vandalism
would establish an environment with less mental stress and mistrust. In such a situation,
the residents both devote themselves to the community willingly and pay more attention
to public safety and health. Undoubtedly, stronger social cohesion will also diminish
social isolation and prevent the other severe health outcomes caused by it.
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Third, while the effects of environmental hazards on mortality are not as strong as
expected, they still have abundant implications for human health. As an example, for
those who have respiratory diseases, a prompt warning of acute air quality change should
be announced via all types of media; this would allow residents to take proper actions in
advance to avoid harm to health. In addition to this, it is imperative to strictly manage the
disposal of waste materials, toxic substances in particular, and prevent the public from
being exposed to contaminants. Regular evaluations of both environmental and residents’
health should be imposed in the areas where poisonous materials are deposited. Also, the
government should not only uncover the potential dangers and protect the public from
contacting invisible risks, like radon or other radioactive chemicals, but they should also
educate the nearby inhabitants, so they understand the potential damages they face. In
turn, the residents would be capable of both noticing related diseases and preventing
undesirable health outcomes.
Finally, the more equal wealth distribution should benefit both physical and
mental health. One of the most effective ways to reduce inequality is progressive
taxation. Increasing tax rates for the rich and imposing a high tax on luxury goods could
achieve the goal of wealth redistribution and hence reduce inequality directly. In addition,
to compensate for the adverse impact of inequality, one important step is to increase
investment in both community infrastructure and human capital. On one hand, a complete
social infrastructure should provide residents in lower classes equal opportunities to
acquire basic public services, like health, schooling, and residential safety. Hence, the
gap between high and low social classes would be narrowed, and the effect of inequality
would be mitigated. On the other hand, investing in human capital not only intensifies
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social mobility but also encourage people to pursue a better living standard and pacify
their sense of relative deprivation and disadvantage. Coupled with the development of
social capital, encouraging the wealthy to participate in charitable activities and to assist
the poor in maintaining a quality material life can also alleviate the negative impacts of
internal inequality.
This section offers several policy implications that are drawn from the empirical
results of this study. While this dissertation does not fully explain the rural paradox,
much of its findings are still helpful in policy formation. This section does not include
striking findings regarding residential segregation for the reason that the findings need
more evidence to support the advantages owned by Hispanics and other minorities.
Additionally, although living in a rural place, as defined by EEI and industry structure, is
good for health, it would be too impractical to suggest relocation to these counties. After
all, it is believed that residences should not be the barrier of improving human health.
The next section will discuss work that can be done to solve geographic health
disparities, particularly the rural mortality advantage.

Future Work

One major finding in this study is that not all perspectives of rurality affect human
health in the same way. Following this finding, one should reconsider the relationship
among the three aspects of rurality and mortality when further exploring the rural
paradox. Death rates are negatively correlated with denseness. One important concept
that was omitted in this study but could account for this phenomenon is “the availability
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and accessibility of health care services.” The less dense counties are less attractive to
health care providers, like physicians, nurses, and other specialists, due to economic
reasons. The inhabitants in such places, therefore, have fewer health services and longer
distances to traverse to obtain health care. These disadvantages increase mortality and
cause the gap in health disparities between populated and sparse areas. In addition to this,
the residents’ ability to acquire health services is also important, for the existence of
health care services does not necessarily mean that people are able to use the services.
For instance, insurance coverage rates might be an indicator of this concept independent
of other socioeconomic covariates. Therefore, these two concepts should be included in
future work that investigates the effect of denseness.
Second, while social capital and environmental hazards partially account for the
impact of FFF scores, this significant effect stands for a rural advantage in health. As
discussed in the fourth chapter, farming, fishing, and forestry industries demand
enormous labor input and hence bring a similar protective effect as does regular
exercising. Extending this argument, differences in lifestyles, such as diet and working
out, could be utilized to understand the geographic mortality differentials. For instance,
the percentage of a population that consumes five or more fruits and vegetables a day or
the obesity rates of an area could be added to measure the concept of lifestyle. Moreover,
the environmental risk exposure data could account for more beneficial impacts of
industry structure. One feature of rurality is the relationship between the natural
environment and human society. The environmental risk variables used in this study
could not completely reflect the advantage for the population working in farming,
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forestry, and fishing for the reason that these industries require a clean environment,
where residents are less exposed to contaminants.
Third, with respect to exogenous economic integration, why do those counties
that feature more workers working outside their county of residence and commuting over
one hour demonstrate higher mortality rates? Are these counties more vulnerable
economically? If so, covariates related to economic vulnerability could be included in
future studies. Also, the intertwined relationships between population composition, social
capital, and health deserve more investigations. Why would residents rather commute
longer daily than move closer to places of work? Does social capital play a role in
making such a decision? This study suggests that residential stability and neighborhood
safety influence the integration status of a county. How do these two concepts interact to
affect human health? All these questions need to be answered to fully understand why
residences could make differences in mortality.
Because the rural paradox is more sophisticated than the proposed research
framework, the next step for answering why residential mortality differentials exist is to
seek other possible explanatory variables for each perspective of rurality. The availability
and accessibility of health care services, residents’ capability of obtaining health care,
lifestyles, better measures of pollution exposures, and covariates related to traffic risks
could be employed in future work. It should be noted that exogenous economic
integration is confounded with population composition and social capital. Before its
impact on mortality can be explained, the associations among these concepts need to be
clarified.
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Conclusion

This study was initiated in an attempt to explain both the rural paradox and the
question of why rural residents are healthier than their urban counterparts. In addition to
rurality, social capital, environmental risks, population composition, and internal
inequality are incorporated into the research framework. Although the effort to unravel
the rural paradox has not been a complete success, several important policy implications
can be drawn from the empirical results. Not only does this dissertation reveal the spatial
clustering pattern of mortality and spatial dependency in the U.S., but it also employs
four spatial analytic methods to explore more fully the residential mortality differentials.
In terms of methodology, spatial analysis considerably improves the traditional
regression method in terms of model fitness, prediction, and less biased estimations.
Theoretically speaking, the four proposed concepts help explain why human health varies
by residency. Stronger social capital, more equality in wealth distribution, and less
environmental pollution might explain why mortality rates are lower in rural places. Both
social and natural environments are determinants of mortality.
Once carefully examined, rurality clearly possesses a sophisticated relationship
with mortality. The commonly used rural indices combine various rural effects and are
inappropriate for research on geographic health disparities. Future work should
concentrate on each rural aspect, for each of the aspects does not necessarily share the
same explanatory covariates. Explicitly stated, the fundamental question of what rurality
is determines both whether there is a rural paradox and also the way to solve such a
paradox. Measured by farming, fishing, and forestry industries and economic integration,
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the rural paradox does exist; however, if rurality is represented by a population scale, the
paradox would not continue to be paradoxical. Finally, are rural people healthier?
According to the findings, the answer should be positive in terms of mortality. Why are
they healthier? Controlling for basic socioeconomic variables, the primary explanations
lie in stable and safe neighborhoods, well-established social networks and capital, fewer
health threats from environmental hazards, and higher levels of equality in wealth
distribution.
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Appendix A
A Brief Discussion of Frequentist and Bayesian Inference

Frequentists’ approach to statistical inference begins with the probability model,
where the probability distribution of the observed data conditional on unknown
parameters is defined. The data set at hand is assumed to be sampled from this specific
likelihood model and the unknown parameters are fixed and unknowable (Carlin and
Louis, 2000; Congdon, 2001). Though the Bayesian approach also requires a probability
model, the unknown quantities are given a prior distribution, which could reflect the
degree of belief of researchers on the unknowns. Combining the prior distribution with
the likelihood model and given the observed data, the conditional distribution of the
unknown parameters could be calculated, which is known as posterior distribution. All
statistical inference is then based on the posterior distribution. The following example
translates this description into statistical language and illustrates how they work in real
world.
Every empirical study deals with data and endeavors to establish the relationship
between the dependent variable (y) and other covariates (x). A probability model is
required for both approaches because it connects the observed data y to a set of unknown
parameters θ with the known and fixed covariates x. The observed data are assumed to be
generated from the probability model. Generally, researchers have a collection of
dependent variable, yi, i = 1,…, n: y = {y1, y2, …, yn}, a corresponding series of
covariates, x = {x1, x2, …, xn}(each element is a M x 1 vector), and k unknown quantities,
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θ = {θ1, θ2, …, θk}. The probability model could be written in statistical language as f(y|
θ, x). In social science, normal distribution model and linear relationship between
dependent and independent variables are commonly used. Therefore, the conditional
distribution of a specific yi could be expressed as:
iid

yi | β , xi , σ 2 ~ N ( xi' β , σ 2 )

(1)

In this case, two unknown parameters are β and σ2, θ = {β, σ2}. The latter is the
conditional error variance and the former is a ((M+1) x 1) vector, which includes
intercept and slope coefficients. To extend this conditional distribution of a specific
observation to the whole data set, the complete probability model is:
n

f ( y | β ,σ 2 ) = ∏ φ (
i =1

yi − xi' β

σ

n

)=∏
i =1

1
1
exp[− 2 ( yi − xi' β ) 2 ]
2σ
σ 2π

(2)

, where φ is a function of x and indicates the probability of observing x in a
standardized normal distribution. Although equation 2 is shared by Bayesians and
frequentists, two issues should be raised at this point. First, the probability model is
established on a different random variable assumption. For Bayesians, the unknown
parameters are considered as random variables, which mean the parameters are not
constants but determined by their probability density function, and the dependent variable
data are fixed. By contrast, frequentists regard the observations of dependent variable are
randomly sampled from the population, where the unknown parameters are fixed. It is
important to stress that without the random variable assumption, the probability model
could not be implemented and no statistical inference could be made. Second, the
covariates data are thought of as fixed and known quantities in both approaches.
Apparently, the fundamental difference between these two approaches relies on the
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randomness assumption. Bayesians’ assumption is more intuitive than frequentists’
because the data (y) at hand are treated as deterministic information and the unobservable
parameters are probabilistic. Take the interpretation of confidence intervals (known as
credible sets for Bayesians) for example, a 95% confidence interval should be understood
as the following: if one repeats sampling from the probability model all the time and
calculates a 95% confidence interval for each sample, the true (and fixed) parameter will
be contained 95% of the time, and for the remaining samples, their confidence intervals
fail to capture the unknown parameter. What is more important is that researchers can not
tell whether the current confidence interval contains the true parameter or not (Congdon,
2001). This unnatural interpretation counters the intuitive translation that the probability
of this confidence interval containing the true unknown parameter is 95%, which is
exactly how Bayesians’ credible sets are interpreted.
Once the probability model, equation 2, is determined, how to estimate the
unknown parameters becomes the next issue. The maximum likelihood method is the
most common way of obtaining the estimates of θ for frequestists, where the goal is to
seek the parameters that are most likely to produce the observed data. The probability
model in equation 2 is treated as a function of the unknown and fixed parameters, and
could be expressed as:
n

L( β , σ 2 | y ) ∝ f ( y | β , σ 2 ) = ∏ φ (

y i − xi' β

σ

n

)=∏

1

exp[−

1

( y i − xi' β ) 2 ]

2σ
2
, where L( β , σ | y ) is the likelihood function. The equation above could be solved with
i =1

i =1

σ 2π

partial differentiation with respect to β and σ2, respectively.

2

(3)
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Bayesians treat the probability model in the following way: First, with earlier
information on the unknown parameters θ, a probability density f(θ) is selected, which is
known as a prior distribution and reflects researchers’ belief in the unknown parameters.
Second, a likelihood function f(y| θ) could be obtained from the probability model in
equation 2, which demonstrates our belief about the dependent variable given the
unknown parameters θ. Finally, with the observed data y at hand, one could update the
belief in the prior distribution by calculating the posterior distribution f(θ | y). Bayes’
theorem could clearly express the three steps:
f (θ | y ) =

f ( y | θ ) f (θ )
,
f ( y)

(4)

where f ( y ) is a normalizing constant. Hence the posterior distribution f(θ | y) is
proportional to the numerator. In this example, the likelihood function f(y| θ) is a normal
distribution, and, arbitrarily, two unknown parameters β and σ2 could be assigned to
follow multivariate normal and gamma distribution, respectively. Equation 4 could be
expressed as:
f (θ | y ) ∝ f ( y | θ ) f (θ )
f ( y | θ ) ~ N ( xi' β , σ 2 )
v
f (β ) ~ N (µ ,σ 2 I )
f (σ 2 ) ~ G (a, b)
∴ f (θ | y ) ∝ f ( y | θ ) f (θ ) = f ( y | θ ) × f ( β ) × f (σ 2 )
n

= ∏φ (

y i − xi' β

v
) × N ( µ , σ 2 I ) × G (a, b)

(5)

σ
where f ( β ) is the multivariate normal density function and f (σ 2 ) is the gamma density
i =1

function. How to choose a prior distribution is another controversial issue. The intention
here is not to open the debate but to elaborate how the Bayesian approach works. Based

216
on equation 5, the posterior distribution of the unknowns could be derived from the
product of likelihood function and prior distribution, and it is not difficult to write down
the posterior distribution function. What makes Bayesian unpopular is having to integrate
the posterior function. The simulation topic will be included in the later discussion.
Nowadays, most scholars analyze data and make statistical inferences with the
help of commercial statistical software packages, most of which are designed with the
frequentist approach. That is, maximum likelihood estimates (MLEs) and the p-values
oriented hypothesis testing dominate the social science (Carlin and Louis, 2000). Despite
the popularity of the classical approach, there are three major reasons why Bayesian
approach is getting popular lately.
First, statistically speaking, the interpretation of frequentists’ analyses is not as
natural as that of Bayesians’. It can not even say for sure that the current estimation
captures the true and fixed parameters. In addition, the p-value based hypothesis testing is
problematic. P-value is only the evidence against the null hypothesis instead of the
probability of occurrence. That is, p-value should be understood as: under the null
hypothesis, when repeating the same data generating process, the relative frequency of
obtaining data at least as unusual as the current observations. The smaller the p-value is,
the stronger explanatory power the alternative hypothesis has. For instance, the null
hypothesis asserts one of the unknown parameters equals to zero and the alternative
should be unequal to zero. If the p-value is less than 0.05, one could “reject” the null
hypothesis. On the other hand, a larger p-value does not mean both hypotheses are
equally likely but suggests the lack of evidence against the null hypothesis. This is the
main reason why in introductory statistics classes “accept alternative hypothesis” is
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corrected by “fail to reject null hypothesis” (Congdon, 2001; Wasserman, 2004; Carlin
and Louis, 2000). By contrast, Bayesians’ approach can compare various hypotheses
rather than two nested ones and compute the probability for each model. The less
intuitive and natural interpretation discredits frequentists when voting for the analytic
approach.
Second, in this study, space plays an important role in understanding mortality
because it indicates location in the wider system of social relations. The organization of
medical care, the resources and structural characteristics are unevenly distributed over
space. Without spatial relations, it is difficult to correctly examine the hypotheses
proposed in the second chapter. Also, an old saying goes: “Birds of a feather flock
together.” The most conspicuous feature of social data is the interrelated rather than
independent relationship among social character, persons, and groups. For example,
social deprivation tends to be positively clustered in space. If one endeavors to
understand the relationship between health outcomes and social deprivation without
considering spatial relationship, the underlying spatial correlation will distort the
assessment (Banerjee et al, 2004). Most literature on residential mortality differential
fails to take this fact into account and overlooks the potential harm by autocorrelations
across space. Though frequentists could fit a spatial model more easily in contrast to the
Bayesian approach, their statistical inferences are asymptotic, which means the more
observations the more accurate the estimated parameters are. However, in reality, it is
unreasonable to reach a conclusion based on asymptotic assumption, spatial areal data
analysis in particular. For instance, if one examines mortality for “all counties” in
Pennsylvania with the frequentists’ approach, the asymptotic postulate becomes awkward
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when interpreting results because no more counties could be added into Pennsylvania. To
ameliorate the common shortcoming in literature, a spatial analytical tool integrated with
Bayesian approach would lead us to explore the unknown field.
Third, frequentists have been criticized for not incorporating relevant available
information, for inefficiency, and for incoherence (Gilks et al., 1996). A classic example
suggested by Lindley and Phillips (1976) pinpoints the defect. Suppose one observes 9
heads and 3 tails in an experiment containing 12 independent coin tosses. To test the null
hypothesis that the true probability of heads is .5 versus the alternative hypothesis that
probability is greater than .5, frequentists could employ either binomial or negative
binominal as the sampling distribution. Ideally, whatever the sampling distribution is, one
would expect to reach the same conclusion. However, after computing the p-values for
the two sampling distributions, the statistical inference is not coherent. The binomial
likelihood yields the p-value of .075, but the other produces .0325 instead. Taking the
usual significant level of .05, the former fails to reject the null hypothesis but the latter
does. This example clearly demonstrates how easy it is for the frequentist approach to be
affected by uncertainty and propagate errors. All the criticism has been considered by
Bayesians’ approach, where both variability and existing information are taken into
account. While some might condemn Bayesians for the overreliance on priors and
computation, two advocates of Bayesian approach, Carlin and Louis (2000), have
demonstrated the Bayes’ theorem is excellent for statistical decisions regardless of how
informative the priors are. Also, with recent advances in computation, the constraints on
priors and models have been eliminated and more and more fields apply the Bayesian
procedure to solve problems (Gilks et al., 1996).
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The traditional statistical approach generates more awkward interpretation of
empirical findings and fails to incorporate earlier knowledge into current data. Moreover,
the interrelated social data deserves more attention because the invisible intertwined
relationship embedded in social structure would mislead conclusions. Conversely, the
Bayesian approach is much simpler and more sensible in principle. Not only does it avoid
the aforementioned disadvantages with the traditional approach, but is more capable of
analyzing spatially correlated data. The next section will illustrate an example where both
the Bayesian and frequentist approach are employed to solve the same question.

Example of the Bayesian and Frequentist Approach
Derived from Lindley and Phillips (1976), suppose one tosses a coin twelve times
and observes 9 heads and 3 tails. To test the null hypothesis H0: θ = 1/2 versus the
alternative hypothesis Ha: θ > 1/2, there are two choices for the sampling distribution:
binomial and negative binomial. For frequentists, these two sampling distributions lead to
different conclusions:
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Binomial :
The number of tosses (n) are fixed beforehand and the number of heads (x) is
regarded as a random variable. In this case, x ~ Bin(12, θ ), and the likelihood function
is given by

n
12 
LBinomial (θ ) =  θ x (1 − θ ) n − x =  θ 9 (1 − θ ) 3
 x
9
To compute the p - value corresponding the rejection region,
12 12
 
Pθ =1/ 2 ( x ≥ 9) = ∑  θ j (1 − θ )12− j = .075
j =9  j 

Negative binomial :
Data collection is finished until the third tail is observed. The number of heads (x)
is a random variable required to complete the experiment. Hence, x~NegBin(3, θ ),
and the likelihood function is given by :

12 − 1 9
θ (1 − θ ) 3
LNegative (θ ) = 
9


Similarly, to obtain the p - value,
∞
2 +
Pθ =1/ 2 ( x ≥ 9) = ∑ 
j
j =9 

j j
θ (1 − θ ) 3 = .0325


Using the common type I error (α) .05, the binomial p-value fails to reject the null
hypothesis, but negative binomial results in the conclusion of rejecting the null
hypothesis. However, for the Bayesian approach, no matter which likelihood distribution
is used, a coherent conclusion is reached.

Assume the probability of observing heads is θ (the probability of tails is 1-θ)
and θ is thought to have uniform distribution, U(0,1), as the prior. The total number of
tosses could be divided into heads (x) and tails (r).
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Negative binomial distribution: (Toss until getting x heads)

 r + x − 1 x
θ (1 − θ ) r
P (head = x | θ ) = 
x


The posterior distribution is derived as:

P (θ | head = x) =

P (head = x | θ ) ⋅ U (0,1)
1

∫

0

P (head = x | θ ) ⋅ U (0,1)dθ

=

θ x (1 − θ ) r
1

∫θ

x

0

(1 − θ ) r dθ

Binomial distribution: (Toss r+x times and get x heads)

r + x x
θ (1 − θ ) r
P (head = x | θ ) = 
 x 
The posterior distribution is expressed as:
P (θ | head = x) =

P (head = x | θ ) ⋅ U (0,1)
1

=

θ x (1 − θ ) r
1

∫ P(head = x | θ ) ⋅ U (0,1)dθ ∫ θ
0

0

x

(1 − θ ) r dθ

The two identical formulas indicate that the likelihood distribution does not affect
the posterior distribution. Furthermore, when observing 9 heads and 3 tails, the
probability density function (PDF) of θ could be drawn as below:
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Figure A1: Posterior Distribution of θ
Thus, the probability of θ is greater than .5 is .9539, which suggests that the null
hypothesis should be rejected (or accept the alternative hypothesis). This example not
only briefly illustrates how to apply both approaches to a simple question, but also
punctuates the advantages of the Bayesian over frequentist approach such as more
coherent conclusions and easier interpretation of results.

Appendix B
Descriptive Maps of Covariates

Figure B1: Spatial Distribution of Concentrated Disadvantage.
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Figure B2: Spatial Distribution of Affluence

Figure B3: Spatial Distribution of Concentrated In-migration.
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Figure B4: Spatial Distribution of African Americans

Figure B5: Spatial Distribution of Latinos
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Figure B6: Spatial Distribution of Black-White Segregation.

Figure B7: Spatial Distribution of Hispanic-White Segregation.
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Figure B8: Spatial Distribution of Others-White Segregation.

Figure B9: Spatial Distribution of Second Demographic Transition (SDT) Scores.
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Figure B10: Spatial Distribution of Social Capital Index.

Figure B11: Spatial Distribution of Neighborhood Safety.
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Figure B12: Spatial Distribution of Residential Stability.

Figure B13: Spatial Distribution of Religious Adherence.
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Figure B14: Spatial Distribution of Income Inequality (Gini).

Figure B15: Spatial Distribution of Housing Inequality (Theil).
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Figure B16: Spatial Distribution of Toxic Release Inventory (TRI) Cancer Scores.

Figure B17: Spatial Distribution of Toxic Release Inventory (TRI) Non-Cancer Scores.

232

Figure B18: Spatial Distribution of Hazardous Air Pollutants (HAP) Cancer Scores.

Figure B19: Spatial Distribution of Hazardous Air Pollutants (HAP) Non-Cancer Scores.
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Figure B20: Spatial Distribution of Air Quality Index (AQI).

Figure B21: Spatial Distribution of Lead Risk.

234

Figure B22: Spatial Distribution of Toxic Density..
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