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MAJOR PROFESSOR: Dr. Leslie Duram

Scholars have established that our geographic environments — including infrastructure for
walking and food availability - contribute to the current obesity epidemic in the United States.
However, the relationship between food, walkability, and obesity has largely only been
investigated in large urban areas. Further, many studies have not taken an in-depth look at the
spatial fabric of walkability, food, and obesity. The purpose of this study was two-

fold: 1) to explore reliable methods, using sociodemographic census data, for estimating obesity
at the neighborhood level in one region of the U.S. made up of rural areas and small towns —
southern Illinois; and 2) to investigate the ways that the food environment and walkability
correlate with obesity across neighborhoods with different geographies, population densities, and
socio-demographic characteristics. This study uses spatial analysis techniques and GIS, chiefly
geographically weighted multivariate linear regression and cluster analysis, to estimate obesity at
the census block group level. Walkability and the food environment are investigated in depth
before the relationship between obesity and the built environment is analyzed using GIS and
spatial analysis. The study finds that the influence of various food and walkability measures on
obesity is spatially varied and significantly mediated by socio-demographic factors. The study
concludes that the relationship between obesity and the built environment can be

studied quantitatively in study areas of any size or population density but an open-minded

approach toward measures must be taken and geographic variation cannot be ignored. This



work is timely and important because of the dearth of small area obesity data, as well an absence

of research on obesogenic physical environments outside of large urban areas.
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I. INTRODUCTION

Over one-third of the adult population in the U.S. is obese (34.9%) which has been estimated
to cost the country $147 billion a year in medical expenses (CDC 2014). Obesity is fast
becoming one of the largest preventable health issues in the United States — creating myriad
other health complications including increased risk for heart disease, stroke, type 2 diabetes, and
certain cancers. The most common cause of obesity is energy imbalance, that is, calories
ingested exceed calories expended in exercise (Hill, Wyatt, and Peters 2013).

The inactive lifestyles of many Americans can be in large part attributed to the
environments that we live in (NHLBI 2012). Infrastructure and design, particularly those
characteristics of the built environment® that encourage car use and discourage walking or biking
may contribute to the obesity epidemic. In rural areas and small towns rates of exercise are
particularly low?, and rates of obesity are particularly high — 39.6% of rural residents in the U.S.
are obese compared to 33.4% of urban residents (Befort et al. 2012). Regionally, obesity is a

particularly serious problem in the South and Midwest (see figure 1).

! The ‘built environment’ refers to the settings for human activities that are human-made, such as parks, buildings,
neighborhoods, and downtown areas.

2 In both the Midwest and Southern United States inactivity was highest in non-metropolitan counties (37.7% in the
Midwest and 44.9% in the South) (Meit et al. 2014).
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FIGURE 1. OBESITY IN THE UNITED STATES
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The built environment in small towns often encourages car use, provides restricted food
shopping options, and is plagued by a low ratio of healthy food to unhealthy food outlets
(Hartley 2004; Meit et al. 2014). If environmental factors contribute to obesity rates, it is quite
possible that the design of small towns and cities in otherwise rural areas contributes to higher
rates of obesity.

Non-metropolitan and rural areas have largely been overlooked in walkability, food
environment, and healthy community studies. While it is well-established that local geographic
or environmental factors — such as region, terrain, walkability, and culture - contribute to the
obesity epidemic, there is a dearth of small-area obesity data in rural and small town areas
making it nearly impossible to quantitatively explore this connection in those communities

(Swinburn et al. 1999).



Broadly, this study aims to contribute to understanding the relationship between obesity
and the built environment in southern Illinois, a region made up of rural areas and small towns.
The purpose of this study is to explore reliable methods for estimating obesity at the
neighborhood level in one region of the U.S., to explore walkability and food access in southern
[llinois, and to investigate the ways that the food environment and walkability correlate with
obesity across different geographic settings. This study is timely and important foremost due to
the seriousness of the obesity epidemic, but also because of the dearth of small area obesity data
(as well as the lack of clear methodologies for interpolating obesity data), and the absence of
research on obesogenic environments outside of large urban areas. This research could be used
as a methodological guide for obesity and healthy community studies, or to propose healthy
design policy for non-metropolitan areas in the U.S.

In the following pages, | will provide an in-depth review of previous scholarship on obesity
estimation (including the relationship between obesity and sociodemographic factors), obesogenic
environments, the relationship between walkability and obesity, and the relationship between food
environments and obesity. | will then outline the purpose of this study, the research questions that
guide it, and the methods used to answer the research questions. I will conclude by commenting

on the methodological and theoretical importance of this study.



Il. LITERATURE REVIEW

This study is based on the presupposition that there are particular environmental factors
that contribute to obesity rates. In academic research, environments that promote excessive
unhealthy intakes and discourage physical activity are called obesogenic (Hill and Peters 1998).
In 1999, Swinburn and his colleagues described the obesogenic environment as the “sum of
influences that the surroundings, opportunities, or conditions of life have on promoting obesity in
individuals or populations” (564). Political, sociocultural, economic, and physical environments
can be linked to obesity (Swinburn et al. 1999, see figure 2). In this project, the estimation of
obesity draws on the sociocultural and economic factors that contribute to obesity. For the rest of
the analyses the focus is on walkability, density of healthy food to unhealthy food, and distance

to food as factors that may contribute to an obesogenic physical environment.

Physical: what is available? Political: what are the “rules?”
(e.g. presence of recreation facilities, walkability, (e.g. policies on physical education, food labeling,
grocery store availability) community design)

Environment Size: Micro (settings) / Macro (sectors)

Sociocultural: what are the attitudes and beliefs

(e.g. cultural importance of food, role models and
health behaviors)

FIGURE 2. ANALYSIS GRID FOR ENVIRONMENTS LINKED TO OBESITY

A.  OBESITY ESTIMATION
This study uses sociodemographic factors to estimate obesity using regression models.
The methods used in the analysis build upon pre-existing literature on both sociodemographic
trends in relation to obesity and small area estimation techniques for health measures.
1. Sociodemographic Factors and Obesity
Past research has established links between various social or demographic characteristics
and obesity including: marital status, income, educational attainment, characteristics of work

4



commute, employment status, occupation, race, age, sex, housing characteristics, and family type
(Boone et al. 2013; Wang and Beydoun 2007).

Overall, studies have shown that married individuals tend to have better physical and
mental health than non-married people (Manzoli et al. 2007; Pienta et al. 2000). Consistently,
studies have documented a positive relationship between obesity and age, a negative relationship
between educational attainment and obesity, a negative relationship between income and obesity,
a positive relationship between commuting to work by car and obesity, and a higher prevalence
of obesity among African Americans (Frank et al. 2004). In their nation-wide analysis of the
National Health and Nutrition Examination Survey (NHANES) data Wang and Beydoun (2007)
found that: overweight prevalence increased with age, more men than women were overweight
or obese, non-Hispanic Blacks were more likely to be obese than other racial or ethnic groups,
and the relationship between obesity and socio-economic status (SES®) varied across racial and
ethnic groups. Other research has found a strong inverse relationship between socio-economic
status and obesity for women, but a positive association between the two among men (Zhang and
Wang 2004). This research also found that after controlling for SES minorities are not more
likely to be obese than whites.

Finally, associations between the type of neighborhood a person lives in and obesity have
been consistently noted. Neighborhood characteristics can be conceptualized using
characteristics that include both housing and households. Obesity has been observed to be
positively correlated with a high prevalence of single parent households (Huffman et al. 2010).
Multiple studies have found a significant negative relationship between high walkability and the

prevalence of obesity (Frank et al. 2005; Boone-Heinonen et al. 2013; Booth et al. 2005; Glazier

% Socio-economic status can include educational attainment, income, occupation, and employment status.
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et al. 2014; Mackenbach et al. 2014, Sallis et al. 2009; Wang et al. 2013; Zhang et al. 2014).
Research has also linked the year houses were built and tenure of residents to a neighborhood’s
walkability, and thus obesity (Zick et al. 2009). Specifically, Zick and her team found a
significant negative relationship between the year houses were built and obesity.

With so many potential sociodemographic factors correlating with obesity — these studies
beg the question: how could a researcher go about reducing factors to create a parsimonious
regression model for obesity estimation? In addition, these studies largely ignore geography — a
factor that may in large part explain the variation in sociodemographic relationships or
seemingly contradictory conclusions drawn from other studies on sociodemographics and obesity
— leading to the question, how do the relationships between sociodemographic factors and
obesity vary geographically? And what, if any, trends can be observed regarding geography and

sociodemographics?

2. Small-Area Estimation of Obesity

Numerous studies have contributed to addressing the problem of reducing factors to
create a parsimonious and reliable regression model for small area estimates. Public health data
is seldom collected at the local level and small-area estimation of public health indicators is
common practice. Scholars have created small-area obesity estimates using sociodemographic
and less often geographic relationships (Adu-Prah and Oyana 2015; Bell 2014; Boone-Heinonen
et al. 2013; Cataife 2014; Lee et al. 2014; Li et al. 2009; Malec et al. 1999; Merchant et al.
2011).

Regression equations have been widely used to estimate obesity. Guido Cataife used
regression models with census data to estimate obesity at the neighborhood level in Rio de

Janeiro, Brazil (2014). Boone-Heinonen and his colleagues (2013) used sociodemographic and



food environment data to estimate the BMI change that could be expected from neighborhood
changes — informing policy interventions. Many of these studies have determined regression
models for estimating obesity through a theoretical and/or automatic approach. One study
conducted in Massachusetts, drew potential variables of interest for estimating obesity from the
literature and then selected those most significant for a given study area using backward
elimination regression (F-for-removal greater than 0.1) (Li et al. 2009). This method was useful
for estimating tobacco use as well (Li et al. 2009a). However, research has also shown that
models derived from backward elimination methods are not always the best because of
interactions between the variables (Braun and Oswald 2011). Braun and Oswald (2011) suggest
that running all possible regression subsets to find the best model might be a better technique for
finding the set of variables with the greatest predictive power. This method allows for all
possible relationships to be explored and is useful when independent variables are exhibit
collinearity.

Other studies have added a spatial component to regression or relied solely on spatial
relationships. Adu-Prah and Oyana (2015) used spatial interpolation and regression models to
estimate obesity. Another team used national datasets with variables measuring both
environmental and social factors to estimate obesity using spatial interpolation techniques
(Merchant et al. 2011).

In an analysis of the effectiveness of multiple estimation techniques commonly employed
with disease data, Goovaerts (2006) found that spatial interpolation methods alone where less
valid than those that also incorporated regression equations. In later work he used geographic
regression to estimate lung cancer mortality rates (Goovaerts 2010). In a general analysis of

various prediction methods, Gao, Asami, and Chung (2006) evaluated the predictive power of a



simple linear regression model, a spatial dependency model, a combined spatial dependency and
geographically weighted regression (GWR) model and a simple GWR model. Using numerical
cross-validation, they found that the simple GWR model resulted in the most reliable predictors.
Zhang, Gove, and Heath (2005) compare six modeling techniques (ordinary least squares, linear
mixed model, generalized additive model, multi-layer perceptron neural network, radial basis
function neural network, and geographically weighted regression). They also found that the
geographically weighted regression model was the best for prediction.

When estimating a phenomenon, the validity of those estimates is of paramount concern.
Common techniques for accuracy analysis are analysis of the residuals and re-aggregation of the
data back to larger areas where more is known about the variable of interest (e.g. obesity). If a
small area estimate does not closely match estimates or measures for a larger geographic area
when aggregated, red flags should be raised regarding the reliability and accuracy of the
estimate. Large deviations might suggest model failure (Bell et al. 2013). For this reason, some
researchers have narrowed down models using regression equations and theory but they made
final model decisions based on aggregated error.

In a study of the spatial variation of housing attribute prices, Bitter and his team (2007)
re-aggregated their small-area estimates back to the larger geographic areas that the estimates
were based upon to check the accuracy of their models. This method has also been used by
Pfefferman and Barnard (1991) in a farmland value study, Wang, Fuller, and Qu (2008), Datta,
Ghosh, Steorts, and Maples (2011), Zhang, Gove, and Heath (2005), and Pfefferman and Tiller
(2006). When data points are not available at smaller aggregations this might be the best method

for accuracy assessment.



The field of small area estimation has made headway in many areas. However, consensus
has yet to be reached on methods for developing a parsimonious model, integration of a spatial
component to regression models, and methods for assessing the reliability of estimates. In this
research, | explore the application of a combination of these approaches to find the best

prediction model.

B.  WALKABILITY

The second stage of this project involved investigating the physical environment in
southern Illinois and analyzing the relationship between the physical environment and obesity.
One aspect of the physical environment that may correlate with obesity rates and health is
walkability. A walkable neighborhood has been broadly defined as one which combines
population density, pedestrian-friendly design, and diversity of destinations (Cervero and
Kockelman 1997). These factors have been found to correlate with actual walking behavior the
most.

Walkability is associated with higher rates of physical activity (Berke et al. 2007; Frank
et al. 2005; Freeman et al. 2012; Humpel, Owen, and Leslie 2002; Sallis et al. 2009).
Correspondingly, scholars have found that walkability is associated with lower rates of obesity
(Boone-Heinonen et al. 2013; Booth et al. 2005; Frank et al. 2004; Mackenbach et al. 2014,
Sallis et al. 2009; Wang et al. 2013; Zhang et al. 2014). Predictably, car dependence is associated
with higher rates of obesity (Glazier et al. 2014; Hinde and Dixon 2005). Research has also
found that these associations are stronger for people with high socioeconomic status, men, and
whites (Casagrande et al. 2011; Frank et al. 2008, Humpel et al. 2004, Suminiski et al. 2005;

Wang et al. 2013).



A number of studies have found a relationship between commuting behavior and obesity.
Frank and his colleagues (2004) found that each additional hour spent in the car per day was
associated with a 6% increase in the likelihood of obesity. This finding was supported by later
work (Frank et al. 2008; Glazier et al. 2014; Zhang et al. 2014).

Fewer studies have examined the relationship between walkability and obesity in non-
metropolitan areas. Instead of focusing on infrastructure, some studies have compared the
physical activity levels of children in urban and rural settings — or actual behavior (Sandercock et
al. 2010). These studies have had divergent results — some found that there is no difference in the
physical activity levels of urban and rural children (McMurray et al. 1999; Felton et al. 2002;
Springer et al. 2009); while others have found that rural children are more active (Joens-Matre et
al. 2008; Liu et al. 2008); and still others have found that suburban children are more active
(Springer et al. 2006; Nelson et al. 2006).

One national quantitative study of adults looked at the relationship between rural-urban
location, walkability, and obesity at the county and state level. They measured walkability by
street connectivity and found that the influence of individual level variables in the models (e.g.
race, class, gender) varied across urban, rural, and suburban areas (Wang et al. 2013). Overall,
this study found that the relationship between street connectivity and physical activity was
weaker than the relationship between street connectivity and obesity. This study was focused on
finding a good measure of walkability for counties across the entire United States.

At the county and state level of aggregation the findings do not capture local diversity, but rather,
provide broader generalizations or trends.

In another study, Zhang and his colleagues (2014) examined the relationship between

commuting behavior and obesity in rural and urban areas. They found that automobile
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dependence was correlated with obesity in urban areas but not rural ones. They also found that
longer commuting times were associated with obesity in areas of any size. Suggesting that using
a car may be less significant than the influence on lifestyle of spending long hours in that car,
particularly in car-dependent rural areas. Numerous studies have looked at the influence of long
car commute on quality of life and health. More specifically, these studies have often found that
time spent commuting leads to lower levels of life satisfaction, time pressure, and reduced time
for physical activity and leisure (Hilbrecht et al. 2014). These factors all suggest reduced well-
being and higher prevalence of obesity.

Other studies of walkability and obesity in rural areas have used qualitative methods and
examined a wider variety of factors such as perceived crime, loitering behavior, trash, and the
presence of gangs (Hennessy et al. 2010)*. Hennessy and her team found that factors
unmeasurable quantitatively, influence behavior and perceptions of walkability despite
infrastructure.

Overall, these studies suggest that there are differences between rural and urban areas but
these differences have yet to be fully explored and methods for assessing rural or small town
walkability and its relationship to obesity need to be refined. The literature raises the questions:
how can walkability be quantified in non-urban areas? How walkable are small towns? What is
the association between walkability and obesity in small towns? And finally, what interventions

regarding walkability would be feasible in small towns?

4 While these are interesting topics to analyze, the purpose of this study is to examine rural and small town areas
using the same analysis techniques established for urban areas.
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C. FooD ENVIRONMENT

The food environment is another factor contributing to obesogenic physical
environments. By food environment, |1 am referring to the environmental factors that influence
food choices and diet quality (ERS 2014). For example, distance to food sources, density of
healthy food to unhealthy food stores, and cost of food (CDC 2014a; 2014b). The food desert
approach and the healthy food density approach are two commonly used modes of
conceptualizing the food environment. A food desert, is an area where distance to an affordable
and healthy food source is great (CDC 2014a). This mode of conceptualization captures issues of
access to healthy food. The second approach to assess the food environment — the healthy food
density approach or modified food retail environment — consists of simply calculating the ratio of
healthy food retailers to all food retailers within any chosen area (CDC 2014b). This method
aims to capture the negative health effects of living in a place with a high density of unhealthy

(and often inexpensive) food options.

1. Food Deserts
Findings have been inconsistent on the relationship between food access and obesity.

Some have found that there is no relationship between food access and obesity (Alviola, Nayga,
and Thomsen 2013; Budzynski et al. 2013; Caspi et al. 2012), while others have found that living
in a food desert predicts obesity (Chen et al. 2010; Edwards et al. 2009; Giskes et al. 2011,
Hilmers, Hilmers, and Dave 2012; Inagami et al. 2006; Morland et al. 2002; Schafft et al. 2009).
The inconsistency of results may be in part due to differences in conceptualization and
methodology. Food access does not lend itself easily to quantitative research. The influence of
access on health is mediated by social and geographic factors and thus we cannot expect to find

one rule that applies to all areas.
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While few studies have been conducted in rural areas, the ones conducted have generally
found that rural residents have lower food access (Larson, Story, and Nelson 2009) and that
some rural residents rely on non-traditional methods for acquiring healthy food such as growing
food, sharing, hunting, and buying in bulk (McPhail et al. 2013; Morton and Blanchard 2007;
Scarpello et al. 2009; Sharkey et al. 2010; Yousefian et al. 2011). Depending on where they are
geographically and also depending on social factors, rural residents interact with their
environment in unique ways suggesting that studies should focus on local areas or pay special
attention to geographic variation. Further, qualitative work should be approached as a
compliment to quantitative anaylsis — perhaps serving to explain quantitative finding or

anomalies.

2. Healthy Food Density
Results have been fairly consistent on the relationship between supermarket or healthy

food source density and obesity — an increase in supermarket density and/or a decrease in
convenience store density predicts a decrease in obesity rates (Boone-Heinonen et al. 2013;
Casey et al. 2014; Frank et al. 2012; Giskes et al. 2011; Hutchinson et al. 2012; Morland and
Evenson 2009; Morland et al. 2006; Powell et al. 2007; Powell and Bao 2009). Specifically,
Morland, Diez Roux, and Wing (2006) found that obesity and overweight prevalence was lowest
in areas with supermarkets only, then areas with a combination of supermarkets and groceries,
and was highest in areas with a combination of grocery stores and convenience stores but no
supermarkets. This research suggests that food environments are complicated. Demographically,
minorities and the poor are more likely to live in a food desert and are more likely to live in an
area with higher convenience store and fast food density (Alviola, Nayga, Thomsen, and Wang

2013; Bellinger and Wang 2011; Choi and Suzuki 2013; Powell et al. 2007; Sohi et al. 2014). All
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of these studies were conducted in urban areas, we know little about the impact of healthy food

density in non-urban areas.

3. Food Access and Availability

While many studies have looked at just the density of healthy food or the presence of
food deserts and the impact of those factors on obesity and other diet related health outcomes,
there are studies that have analyzed the overall food environment. Many of the studies have had
the same findings as studies which have only analyzed one factor or the other — that is, living in a
food desert, in an area with a high ratio of unhealthy food to healthy food stores is associated
with obesity (Morland et al. 2006). While generally it has been found that as distance to food
increases and density of healthy food decreases obesity goes up, this is dependent on multiple
factors, particularly conceptualization, sociodemographics, and geography.

Data on obesity rates is difficult to acquire, and for that reason many assessments of food
environments have looked at sociodemographic disparities — particularly disparities according to
race and class. Pedro Alviola and his colleagues (2013) modeled sociodemographic
neighborhood characteristics and the food environment. They found that in urban low income
blocks in Arkansas with higher minority populations, residents faced a higher density of
convenience and fast food outlets compared to higher-income urban blocks (Alviola, Nayga,
Thomsen, and Wang 2013). Rural communities with declining populations were found to be at
risk for lower access to healthy food in their study. Sharkey and Horel (2008) found that
neighborhoods with the greatest socioeconomic and racial disparity had greater spatial access to
supermarkets, grocery stores, convenience stores and discount stores. They also found that rural
residents have low access to food sources. Finally, a national study that included urban and rural

classifications as a control variable found that low income and black neighborhoods had
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significantly fewer supermarkets (Powell et al. 2007). Aside from health, these disparities point
to a certain social injustice in the area of access to food for healthy living.

The public health and policy communities were quick to accept the food desert concept
and since the 1990s (when the idea was introduced) little has been done to truly understand the
difference that various distances make. Further, non-urban areas have been largely overlooked by
these analyses. The current state of the literature on food access leaves room for investigation
into the relationship between obesity and food environments as well as a more robust
understanding of these relationships in non-metropolitan neighborhoods. These investigations

would be incomplete without an in-depth understand of both geographic and social factors.

D.  WALKABILITY AND FOOD ENVIRONMENT

A few studies have used the obesogenic environment hypothesis to analyze the impact of
both walkability and food environments on obesity. Many studies have concluded that
interventions are best targeted at the neighborhood level (Booth et al. 2005), suggesting that
studies should be conducted at this level as well. A study conducted at the zip code level by Russ
Lopez (2007) found that access to healthy food and walkability are negatively associated with
obesity in a metropolitan area. The same results were found in a study in Utah (Zick et al. 2009).
However, while the same negative correlation was observed between obesity and healthy food
density or walkability by Rundle and his colleagues (2009) in their analysis of the impact of the
food environment and walkability in New York City, they found no relationship between
unhealthy food density and obesity.

Other studies have looked at trends among children rather than adults. A study that
looked at childhood obesity found that walkability and access to healthy food had a negative

association with obesity (Rahman et al. 2011). A study in Washington State that looked at child
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and parent obesity came to the same conclusions (Saelens et al. 2012). Another study used
qualitative methods to understand the effect of the built, social, and natural environments on
obesity (Maley et al. 2010). They found that residents of the rural community they studied
perceived that their rural community promoted obesity - specifically due to car dependence and
the social value of ‘comfort food’ (i.e. foods high in calories, fat, or sugar). This qualitative study
emphasized residents’ perception of their environment and suggests something about how the
physical and social environments of a region might interact to produce obesity. Again, this
literature has largely focused on metropolitan areas and suffered a lack of consistent assessment
tools.

The current state of the literature on obesity and built environment leaves room for

further investigation of obesogenic environments in non-urban areas.

E. RESEARCH STATEMENT

The purpose of this study was two-fold: 1) to explore reliable methods, using
sociodemographic census data, for estimating obesity at the neighborhood level in one region of
the U.S. made up of rural areas and small towns — southern Illinois; and 2) to investigate the
ways that the food environment and walkability correlate with obesity across neighborhoods with
different geographies, population densities, and socio-demographic characteristics. This study
uses spatial analysis techniques and GIS, namely geographically weighted multivariate linear
regression and cluster analysis, to estimate obesity at the census block group level. Walkability
and the food environment are investigated in depth before the relationship between obesity and
the built environment is analyzed using GIS and spatial analysis. This work is timely and
important because of the dearth of small area obesity data, as well an absence of research on

obesogenic physical environments outside of large urban areas.

16



F.

RESEARCH QUESTIONS

The research is guided by the following questions:

1.

How can small area obesity estimates be reliably interpolated from data sets at coarse
spatial resolutions?

How does obesity vary geographically in southern Illinois at the block group level?

How can walkability be quantitatively measured in non-urban areas and how walkable is
southern Illinois?

How can the food environment be quantified in non-urban areas and what is the food
environment in southern Illinois?

What is the correlation between the built environment and obesity in southern Illinois,
after controlling for socio-demographic covariates?
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I11. METHODS

The research questions were answered with a cross-sectional quantitative research design.
The data came from the adult population in the 18 southernmost counties of Illinois. The first
stage of research involved estimating and understanding obesity in the region, the second stage
involved quantifying the food and walkability environment, and the final stage focused on the
quantitative relationships between obesity, the built environment, and sociodemographic factors.
In the following pages | will describe the study area, the variables used in these analyses and

their conceptualization, and finally the data analysis procedures.

A.  STuDY AREA

The target study area for this research was the 18 southernmost counties of Illinois. The
counties included in the study are: Alexander, Franklin, Gallatin, Hamilton, Hardin, Jackson,
Jefferson, Johnson, Massac, Perry, Pope, Pulaski, Randolph, Saline, Union, Washington, White,
and Williamson. In these counties, analysis was undertaken at the block group level because of
the research suggesting that interventions and analysis of obesity and the built environment are
best conducted at the neighborhood level (Booth et al. 2005). These are the counties that the Paul
Simon Public Policy Institute uses for their Southern Illinois Poll. For obesity estimation the 600
counties of Illinois and its neighboring states (Indiana, lowa, Kentucky, Missouri, and

Wisconsin) were used (see figure 3).
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FIGURE 3. ILLINOIS, INDIANA, IOWA, KENTUCKY, MISSOURI, AND WISCONSIN

The average income in the southern Illinois study area is $21,829 (5x=6984.95), and on
average 18.5% (sx=14.36) of the population is in poverty. About one in five have a college
degree or more on average (18.19%; sx=12.79). The area is mostly white (90.07% on average;
sx=15.51), and about half women (50.13%; sx=7.51). The average median age across all block
groups is 41.31 (sx=7.66).

The first stages of research comprised of looking at the geographic distribution of obesity
in southern Illinois, and understanding the food environment and walkability in the region. The

final stage of research involved looking at the relationship between obesity and the built
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environment both for the entire study region and block groups of the region that are classified as
urban, urban clusters, and rural® (see figure 4). The only urban areas in the region are Cape
Girardeau and the Carbondale-Marion metropolitan area which spans from Carbondale to
Marion. While no individual city in the Carbondale-Marion urban area has a population large

enough to classify it as urban, the contiguous nature of the cities leads to the urban classification.

5 According to the U.S. Census Bureau urban clusters are any areas where there is a contiguous population
settlement of at least 2,500 people and less than 50,000 (i.e. at least 2,500 people live in one area without jumping
(uninhabited area) to the next settlement) (Groves 2011). These areas are identified through census tract and census
block population density and other land cover characteristic. First, census tracts with a land area less than three
miles and at least 1000 persons per square mile (ppsm) are identified and joined with contiguous tracts also meeting
the criteria. Next, tracts that are contiguous to the tracts identified in the first step and that have at least 500 ppsm
and a land cover of less than three miles are identified and joined with other tracts meeting the criteria. Next,
contiguous census blocks with at least 1000 ppsm are identified and joined. The remaining census blocks are
identified until no more meet the criteria if: they have a population of at least 500 ppsm, or at least one-third of the
block has territory with imperviousness of at least 20% and is sufficiently compact, or at least one-third of the block
has territory with imperviousness of at least 20% and at least 40% of its boundary is contiguous with an already
identified urban boundary (Groves 2011). A rural area would not meet that classification due to having less
population, while an urban area has more.

20



md

%W!ll-"'ﬂ

McLednsboroIL

- Urban Cluster ‘.’i
I:’ Rural Cape Girardeau, MO--IL *

Metropolis, IL

PaducahSKY-IL

0 5 10 20 30 40
Miles

Source: Census 2010

Created by: Shiloh L. Deitz

FIGURE 4. SOUTHERN ILLINOIS URBAN, URBAN CLUSTER, AND RURAL AREAS

B. DEFINITION OF TERMS, VARIABLE CONCEPTUALIZATION, AND DATA

The key variables in this study are obesity, walkability, food access, healthy food density,

race, class, age, educational attainment, and gender. Geographic aggregations are at the county

and census block group level. All spatial data were projected to Universal Transverse Mercator

North American Datum 1983 zone 16 north. In the following section | will define key terms,

describe how they were conceptualized for quantitative analysis, and describe the data sources.

1. Obesity

Body mass index was used to measure obesity in this study. Body mass index (BMI) is a

number calculated using a person’s height and weight. It is thought to be a fairly reliable
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indicator of body fatness for most people and is both easy and inexpensive to calculate. It is also
the only estimate of body fat that can be taken over the phone (CDC 2014c). While there has
been some debate about whether BMI is actually a good measure of obesity, studies have shown
that overall it is a reasonably accurate measure — with the benefits of easy and inexpensive
collection outweighing potential inaccuracies (Baile and Gonzalez-Calderon 2014; Dietz and
Bellizzi 1999).

The health community typically defines obesity using BMI ranges. A person is
considered overweight if their BMI is between 25 and 29.9 and obese if their body mass index is
30 or higher (CDC 2012). These thresholds were determined due to their connection with
obesity-associated morbidity.

In this study, the percentage obese within a geographic unit is used — meaning the
percentage of persons with a BMI over 30. County level obesity count and percentage data
comes from the 2012 Behavioral Risk Factor Surveillance System (BRFSS). The BRFSS is a
yearly telephone survey that collects data on health-related risk factors (BRFSS 2014). Over
400,000 telephone interviews are conducted each year in all 50 states and it is the largest
continuous health survey in the nation. County obesity data was gathered from all 600 counties
in Illinois and its neighboring states (Indiana, lowa, Kentucky, Missouri, and Wisconsin) and

used to estimate obesity at the block group level using socio-demographic covariates.

2. Walkability
As mentioned previously, a walkable neighborhood is one which combines population
density, pedestrian-friendly design, and diversity of destinations (Cervero and Kockelman 1997).
Research has suggested that commuting behavior is highly correlated with characteristics of the

built environment (Wang and Chen 2015). Further, distance to food is suggestive of the overall
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walkability of an area — or diversity of destinations. Distance to food and number of food stores
within an area are also highly correlated with WalkScore® data in the study area (see table 3).
WalkScore data has been found to be highly correlated with street connectivity, residential
density, access to public transportation, and access to walkable amenities (Carr et al. 2010; Carr
etal. 2011).

For this study walkability is conceptualized in terms of commuting behavior (mode and
travel time), distance to food, and number of food stores within an area. WalkScore data for the
urbanized areas of southern Illinois was used to assess good walkability measures. Commuting
behavior data came from the American Community Survey 2013 five year estimates (United
States Census Bureau 2013). Specifically, the percentage that walk, bike or take public
transportation to work and the average work commute time were used. The percentage that used
other modes of travel (e.g. car, motorcycle) were also available in the data but a significantly
different relationship between those that walk, bike, or take public transportation and the rest of
the sample was observed so only that variable was retained. The source and process of cleaning
the food data is described below. To provide guidance for conceptualizing walkability in similar

study areas, this research explores multiple measures of walkability.

& WalkScores are based on walking proximity along multiple routes to 13 amenities (grocery stores, coffee shops,
restaurants, bars, movie theatres, schools, parks, libraries, book stores, fitness centers, drug stores, hardware stores,
and clothing/music stores). Amenities within a 5 minute walk (0.25 miles) are awarded maximum points and a decay
function is used to give points at distances beyond that. Any amenity a 30 minute walk or more away is awarded
zero points (WalkScore 2014).
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3. Food

i.  Access
Food access is most often conceptualized with food desert measures. A food desert is a

residential area where the distance to affordable and healthy food is great, decreasing residents’
ability to have a healthy diet including fresh fruits and vegetables (USDA 2009). There is lack of
consensus on what a “great” distance to food is. The CDC calculates the population weighted
mean center of any given geographic aggregation (e.g. tract or block) and uses that point to
calculate the distance to the nearest grocery carrying a wide variety of foods including fruits and
vegetables (CDC 2014a). They define a food desert as any urban area where the distance to the
nearest grocery is more than one mile and any rural area where the distance is more than ten
miles. This measure of ten miles is commonly used in rural areas because the average distance
that an American travels for food is eight miles (McEntee and Agyeman 2010). This
measurement cut off is arbitrary and has not been investigated in depth. According to this logic, a
person could be living in a food desert because they are 10.1 miles from the grocery store, while
their neighbor is not considered at risk for living in a food desert because they are 9.9 miles from
the grocery.

Due to the arbitrary nature of the measures mentioned above, the distance to the nearest
healthy food, unhealthy food, and any food (healthy or unhealthy) was calculated from the
population weighted centroid along a road network. The number of healthy food stores,
unhealthy food stores, and stores of any kind were also calculated at service area buffers of 800
meters, 1600 meters, 3200 meters, 8 kilometers, and 16 kilometers. This variety of measures
aided in better defining the relationship between distance and health outcomes in the study

region.
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ii.  Healthy Food Density
The modified retail food environment index is a measure created by the CDC for
measuring local food environments. It represents the percentage of all food stores (including
grocery stores, convenience stores, and fast food stores) that are healthy food stores (grocery
stores or supermarkets). It can be calculated at any geographic aggregation with the following
formula:

# Healthy Food Retailers
# Healthy Food Retailers + # Less Healthy Food Retailers

mRFEI = 100 X

Healthy food retailers include grocery stores, supercenters and produce stores. Less
healthy food retailers include convenience stores, and fast food restaurants. These classifications
are based on the typical foods offered in such stores (CDC 2014b; Frank et al. 2012). In this
study, the MRFEI was calculated at a road network service area of 800 meters, 1600 meters,
3200 meters, 8 kilometers, and 16 kilometers.

iii. Data

Data for measuring the food environment came from a database of retailers that accept
SNAP, data from the market research company InfoUSA, local directories, and field work (ERS
2015, InfoUSA 2015). Road network data came from TIGER/Line® shapefiles (United States
Census Bureau 2013). When food point data did not coincide with the road network a line was
drawn from the point to the nearest road to allow for network analysis and better capture distance
— essentially, a missing road was added to connect food locations to the network.

Food location data from InfoUSA and SNAP were merged together and checked line by
line. Particularly, entries that were not in both datasets were analyzed. In total 192 stores were in
the SNAP data but not InfoUSA. Conversely, 24 convenience stores and 21 grocery stores were

in the InfoUSA data but not SNAP. Missing data in the SNAP database could be attributed to
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those stores not accepting SNAP benefits. InfoUSA and other marketing data sources have been
known to be incomplete (Liese et al. 2013), for this reason field work and local directories were
employed.

Food locations were then classified as unhealthy or healthy. It is generally agreed upon
that a healthy store should carry fresh fruits and vegetables, bread, eggs, and dairy products — a
store that does not carry fresh fruits and vegetables should be classified as a convenience store.
Fast food restaurants included both national chains and local businesses. Research has shown
that the draw of fast food is the low price and restaurants that do not have meal options for under
$5 should not be considered fast food (McDermott and Stephens 2010). Mcdermott and Stephens
found that financial limitations for low-income populations can overpower adherence to
recommended dietary guidelines, so when the price of fast food is not significantly low the draw
to that food will diminish. Examples of restaurants that were removed due to cost are: Godfathers
Pizza, China Buffet, Subway, Quiznos, Moe’s, and Lonestar. Chain stores were fairly easily
classified but local businesses were called or researched online to ascertain appropriate
classification. Specifically, 373 stores were chain stores and classified in bulk, while 200 had to
be checked with the use of local directories and field work. This is an important thing to note as
it may have affected the results — chain stores were classified in bulk - the actual inventory of
these stores was not checked due to time and financial constraints on this study.

Food location address data was geocoded using four sources (Texas A&M geocoding
service, google geocoder, SNAP geocode locations, and Census geocode locations). Coordinates
from all three sources were compared for accuracy — priority was given to the SNAP geocodes,
followed by Census, then Texas A&M, and then google. This priority rating was determined

after checking a random sample of geocodes produced by each source. These locations were then
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plotted as points, outliers were identified and corrected, and a random sample was checked for
accuracy. Population weighted centroid coordinates were also plotted as points. These points
were placed in a feature dataset with the road network mentioned above.

The network feature dataset allowed for the calculation of distance from each population
weighted centroid to the nearest healthy store, unhealthy store, and store of any kind by road.
Service areas along the road network were also created from each centroid at distances of 800
meters, 1600 meters, 3200 meters, 8 kilometers, and 16 kilometers. These service areas were
then spatially joined to food location data in order to calculate the number of food stores within

each service area and the MRFEI.

4. Sociodemographic Factors
As mentioned previously studies on the relationship between the built environment and

obesity have shown significant differences across various demographics (Boone et al. 2013; Choi
and Suzuki). The sociodemographic variables used for estimation came from the 2013 American
Community Survey (ACS) 5-year estimates (United States Census Bureau 2013a). The American
Community Survey is a yearly survey run by the federal government in an effort to give
communities current information. The ACS provides 1-year, 3-year, and 5-year estimates. The 5-
year estimates include 60 months of collected data, provide data for all areas, have the largest
sample size of any of the ACS programs, are most reliable and least current. They are best suited
when precision is more important than being current, and when the researcher desires to look at
areas smaller than tracts. ACS data was collected at both the county and block group levels.
Block groups typically contain between 600 and 3000 people. The block group is a statistical
division of census tracts larger than a census block and typically contiguous. Most block groups

were delineated by local participants.
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C. DATA ANALYSIS PROCEDURES

This research involved multiple distinct research processes in order to explore the data,
understand the study area, and adequately answer the research questions. As is suggested in the
research questions, much of the analysis involved exploring new ways to investigate and
quantify relationships. The data were messy and in many cases resisted being quantified so open-
minded and exploratory methods were used. Below, the methods used to answer each question

are described.

1. Obesity Estimation

In this research the application of a combination of approaches to small area estimation
were employed in an effort to improve upon methods and find the best predictive model. Obesity
estimation from the county level to the census block group level was done in a series of steps.
First, sociodemographic variables that have been identified in previous literature as having a
significant relationship with obesity were gathered. These variables included: marital status,
income, poverty, educational attainment, rural/urban classifications, commuting behavior,
occupation, race, sex, age, housing characteristics, and family type. In total, there were 52
variables. Measures of central tendency, distributions, and bivariate correlations between
variables and with obesity were analyzed to better understand the data and its potential fit in a
linear regression. With these 52 variables, stepwise backward elimination ordinary least squares
(OLS) regression was conducted (p>0.2 for removal). This method involved simply removing
the least significant variable one at a time until all variable coefficients were desirably
significant. Stepwise regression was employed to reduce variables and reduced the number of

variables to 19. A coefficient p-value of significance of 0.2 for removal was used to aid in the
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elimination of some variables without eliminating too many. The variables exhibited a lot of
interaction and | desired to retain the maximum number of variables for further modeling.

Next, OLS regression was run for every combination subset of the variables. While time
consuming, this method provided the opportunity to eliminate multicollinearity (VIF>7.5) while
also capturing unique variable interactions (Braun and Oswald 2011). A stricter VIF value (7.5)
to eliminate multicollinearity was used because the effects of multicollinearity on GWR models
are considerably stronger and correlation between local regression coefficients can lead to
invalid interpretation (Wheeler and Tiefelsdorf 2005).

As mentioned previously, GWR was found in multiple studies to be the most reliable
method for predictive models. A geographically weighted regression is simply a type of
regression model with geographically varying parameters. The basic GWR equation is as

follows:

y(u,v) =2 B (uv)x (u,v) +&(u,v)

where y (u, v) is the dependent variable, x; (u, v) is the Kth independent variable at locations u
and v, ¢; is the Gaussian error at locations u and v, and coefficients S, (u v) are varying
conditionals on that location (Fotheringham et al. 2002). The Gaussian kernel used to solve each
local regression was fixed and the extent of the kernel was determined using the corrected
Akaike Information Criterion.

A python script was written to run a geographically weighted regression on all 11,230
passing models. The script created an output table with the following diagnostic values:

bandwidth, effective number, residual squares, sigma, AlCc, r-squared, and adjusted r-squared.
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Geographically weighted regression was conducted to capture spatial variability and honor
Tobler’s first law’.

The AICc and adjusted r-squared values of the resultant GWR models were used to select
the top 14 models (see table 2). These models were used to predict obesity at the block group
level using GWR. The predicted obesity rates were then re-aggregated back to the county level
and the standardized residuals were analyzed. The relative root mean square error (rRMSE), or
sample mean normalized square root of the mean square of all errors in the region, was
calculated and analyzed (ii). This formula takes the RMSE (i), multiplies it by 100 and divides

by the sample mean. Relative RMSE is more comparable over many study regions.

(I) RMSE:\/E?=1(X0b5,i_xmodel,i)2
n

(ii) rRMSE = RMSE x ==

Spatial autocorrelation of the standardized residuals was checked for the best model using the
Global Moran’s I test. While AlICc and adjusted r-squared results were used to select the top 14
models, the final model decision was based on the rRMSE because this value suggests that the
actual localized predictions were most accurate. As suggested in the literature, if a small area
estimate does not closely match estimates or measures for a larger geographic area when
aggregated, red flags should be raised regarding reliability and accuracy (Bell et al. 2013).

The geographic variation of obesity in southern Illinois was then explored using local
cluster measures including Anselin Local Moran’s I. The Anselin Local Moran’s | test identifies

clusters of similar values and spatial outliers. The cluster and outlier analysis was run with an

" “Everything is related to everything else, but near things are more related than distance things.”
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optimal fixed distance band of 23552.4083 meters — this distance was determined based on peak

clustering of obesity rates.

2. Walkability

A walkable area is one that combines population density, pedestrian friendly design, and
diversity of destinations. Multiple methods have been proposed for quantifying walkability, but
some were not appropriate for the study region. In order to find a good method for quantitatively
measuring walkability in the largely non-urban study area, the correlation between potential
measures of walkability and WalkScore data was analyzed (see figure 10). Measures of central
tendency and distributions of these variables were also observed, as well as their bivariate
correlations with each other, food measures, and obesity. Measures highly correlated with
WalkScores were then mapped and local cluster and outlier analysis was conducted (Anselin
Local Moran’s I). These measures included food distance and density measures, as well as

commuting behavior.

3. Food Environment

With no knowledge of the influence of healthy food density on obesity in non-urban areas
and little knowledge of the relationship between food access and health outside of urban areas, it
was necessary to take an open-minded approach to understanding their influence. Eighteen
measures were created to quantify the food environment. These measures were the distance to
healthy food, distance to unhealthy food, distance to any food, healthy food within a service area
(800 meters, 1600 meters, 3200 meters, 8 kilometers, and 16 kilometers), food of any kind within
a service area, and MRFEI for each service area. The relationship between these variables and
obesity as well as the variable distributions and measures of central tendency were analyzed in

depth. The interactions between variables were also analyzed. This allowed for a more robust
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understanding of the relationship between the food environment at various distances, rather than
a strict cut off point. The food environment was then mapped and local cluster analysis was

conducted.

4. Built Environment and Obesity

The final stage of research involved looking at the relationship between walkability, food,
and obesity in southern Illinois — after controlling for sociodemographic variables. Due to strong
multicollinearity between variables, an OLS was run for all model subsets eliminating models
with high VIF values (VIF>7.5)8. Models with significant spatial autocorrelation (p<0.1) of
standardized residuals (revealed by the Global Moran’s I test) were also removed. Of the
passing models the best one was selected based on model fit (adjusted r-squared) and theoretical
importance.

The best model was then run in GWR with an adaptive Gaussian kernel meaning where
the feature distribution was dense the spatial context was smaller and where it was sparse the
spatial context was larger. The geographically weighted regression was run for the entire study
area, urban block groups of the study area only, urban cluster block groups only, and rural block
groups only. The best model was found with the same GWR and OLS procedures for urban
block groups, urban cluster block groups, and rural block groups®.

The results are reported below for the: best model for the entire study region, that model
in the subareas only (urban, urban cluster, rural), the best urban model, the best urban cluster

model, and the best rural model. Global and local regression results as well as maps of the

8 Again, a VIF cut-off of 7.5 was used due to the danger of introducing multicollinearity into GWR models.

9 OLS was run for all model subsets of urban (n=76), urban cluster (n=176), and urban areas (n=140). OLS models
with high VIF values (VIF>7.5) or spatially autocorrelated residuals (p<0.1) were removed. Then all passing models
were run in GWR and the best one was selected for the sub-area based on adjusted r-squared and theoretical value.
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standardized residuals for each of these seven models are reported. Modeling for rural, urban
cluster, and urban areas separately shows how the relationship between the built environment
and obesity varies across areas of different sizes and assists in shedding light on the many studies

conducted in urban areas only.

D.  DELIMITATIONS

This study was geographically confined to the eighteen southernmost counties of Illinois.
It focuses on the relationship between the built environment and obesity using data from one
year, without attempting to account for factors that cannot be quantitatively measured. Finally, it
should be kept in mind throughout that all variables are estimates of a study population and

merely suggestive of population trends or patterns.
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IV. RESULTS

A.  OBESITY

As mentioned above, 52 sociodemographic variables from the American Community
Survey (2013a) were initially considered for small area obesity estimation. These variables
measured: marital status, household income, educational attainment, mode of transportation to
work, average travel time to work, occupation, rural/urban area, employment status, race, sex,

age, family type (single parent), and housing characteristics (see table 1).

TABLE 1. STUDY AREA FOR OBESITY ESTIMATION: CENTRAL TENDENCY AND
PEARSON CORRELATION WITH OBESITY

Pearson Correlation with Obesity (p-

Mean (sx) value)
% Married 54.33 (5.25) 0.011 (0.782)
% Previously Married* 20.72 (3.17) 0.405 (0.000)
% Never Married* 24.95 (5.30) -0.253 (0.000)
% Household income < $10k 7.99 (3.76) 0.347 (0.000)
% Household income $10k-15k 6.60 (2.19) 0.373 (0.000)
% Household income $16-25k 12.98 (2.92) 0.374 (0.000)
% Household income $26-35k 12.07 (2.01) 0.217 (0.000)
% Household income $36-50k 15.51 (2.08) 0.040 (0.331)
% Household income $51-75k 19.36 (2.81) -0.232 (0.000)
% Household income $76-100k 11.80 (2.71) -0.341 (0.000)
% Household income $101-150k 9.51 (3.45) -0.351 (0.000)
% Household income $151-200k 2.36 (1.43) -0.352 (0.000)
% Household income > $200k 1.84 (1.41) -0.362 (0.000)
% Less than HS education 14.40 (6.23) 0.496 (0.000)
% HS Graduate* 38.28 (5.79) 0.335 (0.000)
% Some college no BA/BS* 29.48 (4.37) -0.227 (0.000)
% BA/BS +* 17.85 (7.38) -0.547 (0.000)
Rural 61.54 (28.76) 0.300 (0.000)
% Car to work* 91.09 (3.60) 0.273 (0.000)
% Walk, bike, take pub. Trans to work* 3.30 (2.16) -0.299 (0.000)
% Other transportation to work* 1.32(0.82) -0.031 (0.444)
% Work at home* 4.30 (2.21) -0.138 (0.001)
Average travel time to work (minutes) 23.13 (4.41) 0.144 (0.000)
% Management* 29.09 (4.88) -0.396 (0.000)
% Service industry 17.56 (2.88) 0.086 (0.034)
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TABLE 1. CONTINUED

% Sales industry 22.49 (2.95) -0.185 (0.000)
% Blue collar industry 30.86 (6.26) 0.356 (0.000)
% Employed* 55.59 (7.60) -0.446 (0.000)
% Unemployed* 8.59 (2.83) 0.283 (0.000)
% Hispanic 3.23 (3.66) -0.173 (0.000)
% White 91.08 (8.50) 0.133 (0.001)
% Black 2.99 (5.12) -0.049 (0.231)
% American Indian* 0.52 (3.45) 0.083 (0.042)
% Asian* 0.78 (1.18) -0.404 (0.000)
% Pacific Islander 0.03 (0.13) -0.006 (0.881)
% Other race 0.06 (0.12) -0.110 (0.007)
% 2+ races* 1.31 (0.73) -0.059 (0.147)
% Women 0.62 (0.03) 0.018 (0.665)
% Women < 18 years 25.45 (4.32) -0.015 (0.718)
% Women 20-24 years 5.82 (2.27) -0.221 (0.000)
% Women 25-34 years 11.55 (2.38) -0.013 (0.746)
% Women 35-44 years 11.85 (1.28) 0.089 (0.030)
% Women 45-54 years 14.30 (1.82) -0.021 (0.611)
% Women 55-64 years 13.35 (1.46) 0.123 (0.003)
% Women 65-74 years* 9.22 (1.63) 0.186 (0.000)
% Women > 75 years 7.59 (2.67) 0.050 (0.221)
% Vacant house 14.40 (8.58) 0.104 (0.011)
% Renter occupied house 25.77 (6.10) -0.085 (0.038)
Median house value* 110031.39 (35923.01) -0.485 (0.000)
Median year house occupied 2001.53 (1.41) -0.249 (0.000)
Land area (square miles)* 543.71 (267.76) -0.219 (0.000)
% Single parent families* 21.28 (4.77) 0.324 (0.000)

The stepwise backward removal regression (p-value for removal > 0.2) reduced the
number of variables to 19 (one was retained for theoretical purposes and measures the area of
land; see starred variables in table 1). These variables measured marital status, educational
attainment, mode of transportation to work, occupation, employment status, race, age, sex,
housing characteristics, and family type. All of these variables are continuous, there is a linear
relationship with obesity, there were no significant outliers, the observations were independent,

the data was homoscedastic, and the errors were normally distributed.
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As reviewed above, an OLS regression was then run for every possible combination of
the 19 variables. The resultant 11,230 models had between 1 and 12 variables with adjusted r-
squared values ranging from 0.005-0.401 and AICc values ranging from 2688.226 to 2982.094.
The OLS model with the highest adjusted r-squared value!® included the area land, and the
following percentage values: previously married, never married, college degree or more, other
transportation used to get to work, management occupation, employed, unemployed, American
Indian, two or more races, females 65 to 74, and single parent families. This model did not have
spatially autocorrelated standardized residuals (p>0.05).

A GWR was run for all 11,230 of the passing OLS models. The adjusted r-squared values
for geographically weighted regression models ranged from 0.176 to 0.433 and AlCc values
ranging from 2674.774 to 2885.446*. Of the 11,230 GWR results, 14 were selected based on
their corrected Akaike Information Criterion value and adjusted r-squared value (see table 2).
Obesity predictions at the block group level were computed for these top 14 models using GWR,
they were re-aggregated back to the county level, and the relative root mean square error
(rRMSE) was calculated. The model with the lowest rRMSE for the study region (model 12 in
table 2) was selected as the best prediction model (see figure 5). The rRMSE for southern Illinois
of the best model was 7.836. This model was chosen despite the fact that it did not have the
highest adjusted r-squared or lowest AlICc because it produced the lowest level of error in block
group predictions for the study area. In OLS this model did not have spatially autocorrelated

residuals (p>0.05).

2 The AlCc for this model was 1.26 points above the lowest AlCc value (2689.486 and 2688.226 respectively).
1 The highest adjusted r-squared value for GWR was higher (0.433 compared to 0.401) and the lowest AICc was
lower (2674.774 compared to 2688.226). These results suggest, among other things, that GWR is a better fit than
OLS. A differences of more than 3 points in AlCc values suggests that the model is a better fit (ESRI 2016).
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Model

TABLE 2. TOP GWR MODELS FOR PREDICTING OBESITY

Variables

AlCc

Adj. R

10

11

12

13

14

Previously Married; Never Married; High School Graduate; Some College no Bachelors;
College Degree or More; Walk, Bike, or Take Public Transportation; American Indian;
Two or More Races; Median House Value; Single Parent Family

Avrea Land; Previously Married; Never Married; College Degree or More; Commute by
Car; Commute Another Way; Management Occupation; Employed; Unemployed;
American Indian; Two or More Races; Single Parent Family

Avrea Land; Never Married; High School Graduate; College Degree or More; American
Indian; Two or More Races; Female 65-74; Single Parent Family

Area Land; Previously Married; Never Married; High School Graduate; Some College no
Bachelors; College Degree or More; Employed; Unemployed; American Indian; Two or
More Races; Single Parent Family

Never Married; College Degree or More; Employed; American Indian; Two or More
Races; Female 65-74; Median House Value; Single Parent Family

Never Married; High School Graduate; College Degree or More; American Indian; Two or
More Races; Female 65-74; Median House Value; Single Parent Family

Previously Married; Never Married; College Degree or More; Employed; American
Indian; Two or More Races; Female 65-74; Median House Value; Single Parent Family

Never Married; High School Graduate; Some College no Bachelors; College Degree or
More; Employed; Unemployed; American Indian; Two or More Races; CFEM65TO74

High School Graduate; College Degree or More; Commute by Car; Commute Another
Way; Work at Home; American Indian; Asian; Female 65-74; Median House Value;
Single Parent Family

Avrea Land; Area Water; Previously Married; Never Married; High School Graduate; Some
College no Bachelors; College Degree or More; Employed; Unemployed; American
Indian; Two or More Races; Single Parent Family

Previously Married; Never Married; High School Graduate; Some College no Bachelors;
College Degree or More; Walk, Bike, or Take Public Transportation; Two or More Races;
Median House Value; Single Parent Family

Area Land; Previously Married; Never Married; High School Graduate; Some College no
Bachelors; College Degree or More; Employed; Unemployed; Two or More Races; Single
Parent Family

Previously Married; Never Married; High School Graduate; Some College no Bachelors;
College Degree or More; Employed; Unemployed; Two or More Races; Single Parent
Family

Avrea Land; Previously Married; Never Married; College Degree or More; Walk, Bike, or
Take Public Transportation; American Indian; Two or More Races; Median House Value;
Single Parent Family
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2672.825

2670.899

2671.472

2674.774

2672.415

2672.905

2675.279

2673.544

2672.352

2676.236

2674.765

2675.991

2674.15

2674.725

0.433

0.432

0.430

0.433

0.429

0.428

0.429

0.427

0.426

0.429

0.426

0.428

0.424

0.424
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FIGURE 5. RELATIVE RMSE OF TOP PREDICTION MODELS, SOUTHERN
ILLINOIS AND ILLINOIS

The best model for predicting obesity in southern Illinois included 10 variables: area of
land, percent previously married, percent never married, percent with a high school education
only, percent with some college education but no bachelor’s degree, percent with a college
degree or more, percent employed, percent that identify as two or more races, and the percentage
of single parent families (see figure 6)!2. The adjusted r-squared for this model was 0.428 and the

AICc was 2675.991.

2 The best model was model 12 in table 2 and figure 5.
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FIGURE 6. GWR FOR PREDICTION RESULTS (M12)

In southern Illinois the block group percentage obese ranges from 20.24% to 46.28%, the
average rate is 32.76% (sx=3.57) and the median is 33.08%. Sixty percent of the block groups
have obesity rates between 30.30% and 35.34% (see figure 7). There is a significant correlation
between the percentage that have a college degree or more within a block group and obesity (-

0.724; p<0.001), and average income and obesity (-0.236; p<0.001). There is a lesser correlation
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between obesity and age, sex, race, or income. The correlation is also strong between urban/rural

classification and obesity (-0.348; p<0.001)*2 (see figure 8).

2 - 30.3%
[ | 304-32.4%
[ s2s-338%
B a3 359%
B s o

The data are classified by quantile
to highlight the distribution

10

20 30 40

Miles Created by: Shiloh L. Deitz

FIGURE 7. OBESITY RATES IN SOUTHERN ILLINOIS BY BLOCK GROUP

Source: ACS 2013, BRFSS5 2012

13 The rural/urban variable has been classified as follows: rural (1), urban cluster (2), and urban area (3).
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Average Income (-0.236)

% Female

% College Degree or More (-0.724) % Poverty (-0.047)

FIGURE 8. TREEMAP OF TOP SOCIODEMOGRAPHIC PEARSON CORRELATIONS
WITH OBESITY

There are significant clusters of neighborhoods with low levels of obesity in Anna, Carbondale,
and Murphysboro (see figure 9). The obesity rate in these neighborhoods ranges from 20.24% to 31.34%.
Of the neighborhoods that cluster with other neighborhoods with low obesity rates four are rural, eight are
urban clusters, and 42 are considered urban. There are significant clusters of neighborhoods with high
obesity rates in Benton, Cairo, and Mount Vernon. In these neighborhoods the obesity rate ranges from
35.46% to 45.74%. There are also significant outliers with high obesity rates near the Carbondale area
and outliers due to low obesity rates near the Mount Vernon area. In Mt. VVernon there are low outlier
neighborhoods with obesity rates ranging from 25.45% to 28.62%. In the Carbondale area there are high

outlier neighborhoods with obesity rates ranging from 34.68% up to 46.28%.

41



Obesity Rate )
Cluster/Outlier Analysis
(Anselin Local Morans |

Not Significant

High-High Cluster
- High-Low Outlier
- Low-High Outlier

Low-Low Cluster

|:| Counties

20 30 40
Source: ACS 2013, BRFSS 2012 I N B Miles Created by: Shiloh L. Deitz

FIGURE 9. CLUSTER/OUTLIER ANALYSIS OF OBESITY RATES

WALKABILITY

As mentioned above, measures of walkability were assessed according to their correlation

with WalkScore data (see figure 10). This was done because WalkScore has been established as a

good indicator of walkability (Carr et al. 2010; Carr et al. 2011). Sequentially, the highest

correlations are for number of food stores within 1600 meters (0.839; p<0.001), food within

3200 meters (0.702; p<0.001), food within 800 meters (0.699; p<0.001), distance to any food (-

0.552; p<0.001), percentage that walk, bike, or take public transportation to work (0.3131;

p<0.001), average commute time (-0.312; p<0.001), number of food stores within 8 kilometers

(0.304; p<0.001), and number of food stores within 16 kilometers (0.171; p<0.01). All of these
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measures are significantly correlated with WalkScore (see table 3). There are also significant

correlations amongst the food measures.

0.839

0.699 0.702

0.304 0.313

~~

0.171

% Walk, Bike,
Pub. Trans.

Average
Coomute Time

Food 8oom Food 1600m Food 3200m Food 8km Food 16k All Distance

-0.312

-0.552

FIGURE 10. PEARSON CORRELATIONS OF POTENTIAL WALKABILITY
MEASURES AND WALKSCORE

TABLE 3. PEARSON CORRELATIONS BETWEEN WALKABILITY MEASURES

v c 3 < L2
9 S 8 3 £ X s E o 2
wn 0 ] P =) 2 % o = b
~ s, < © .S, o = 5 ° =
= o} o o} o s} o 9 =3
= & hy Q2 i & < = ¥a

Walk Score ) 1.00

Food8oo i 070 () 1.00

Foodi600 N 0.84 Ah 073 () 1.00

Food3200 A 0.70 7/ 0.50 At 0.80 () 1.00

Food8km => 0.30 = 0.21/7 0.44 Ap 0.73 () 1.00

Food16km = 017= 0.13=> 0.27/7) 0.42 7 0.60 () 1.00

AllDistance W -0.55 W -0.36 W -0.47 W -0.49 W -0.33 W -0.24 ) 2.00

AverageTravelTime  \J -0.31 4 -0.20 Wb -0.36 W -0.46 W -0.54 W -0.36 = 0.31 () 2.00
%WalkBikePublicTran = 0315 035 042 | 040 = 030 0.14 ¥ -0.14 W -0.33 () 1.00
*Significant values are highlighted (p<o.001)
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The average number of stores within 1600 meters of the block group population weighted
centroid is 3.41 (sx=4.92). In 46% of the neighborhoods there are no food sources within that
distance. Sixteen neighborhoods have fifteen or more food stores within about a mile. These

neighborhoods are in Benton, Carbondale, Harrisburg, and Mount Vernon (see figure 11).
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FIGURE 11. FOOD STORES WITHIN 1600M AND CLUSTER/OUTLIER ANALYSIS*

There is one low outlier in the city of Carbondale which otherwise has significantly high
numbers of food stores within 1600 meters of individual neighborhoods. For this neighborhood,
the nearest food source is a RollnUp and it is 1660 meters away. There are 43 neighborhoods that
cluster with others with high numbers of food stores within 1600 meters. These neighborhoods
are along interstate or state highways in the cities of Carbondale, Carmi, Harrisburg, Metropolis,
Mount Vernon, Murphysboro, and West Frankfort. The number of food stores within 1600
meters ranges from six to twenty-six. There is a significant Pearson correlation between the

number of food stores within 1600 meters and both the percentage of the population in poverty

14 Data in the number of food stores within 1600 meters map are classified by natural jenks.
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(0.290; p<0.001) and the percentage white (-0.288; p<0.001) suggesting that there are more food

stores in locations that are less white with higher poverty rates.

Theoretically speaking, the number of food stores within 800 meters is the best measure of

walkability. The average number of stores within 800 meters of the block group population

weighted centroid is 0.98 (sx=1.95). However, in at least 69% of the neighborhoods there are no

food sources within that distance. Twenty-eight neighborhoods have five or more food sources

within 800 meters (see figure 12). These neighborhoods are found in Benton (2), Carbondale

(10), Carmi (1), Harrisburg (2), Johnston City (1), Metropolis (3), Mount Vernon (3),

Murphysboro (1), Pinckneyville (2), and West Frankfort (2).
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FIGURE 12. FOOD STORES WITHIN 800M AND CLUSTER/OUTLIER ANALYSIS?®

There are a few significant clusters of block groups with high numbers of food stores within

800 meters of the population weighted block group centroids (see figure 12). The majority of these

are along interstate highway 57 in a location where a state highway crosses the interstate. There are

also a few along state route 13 through the Carbondale-Marion metropolitan area. The number of

5 Data in the number of food stores within 800 meters map are classified by quantile.
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food stores within 800 meters is also correlated with poverty rates (0.290; p<0.001) and percentage
white (-0.288; p<0.001) suggesting that there are more food stores within this distance in areas with
high poverty and minority populations.

While the average rate of workers who walk, bike, or take public transportation in
southern Illinois is 3.78% (sx=7.79), in 72% of the block groups the rate is below the average. In
over 20% of the neighborhoods no one gets to work that way, in another fifth of the
neighborhoods only zero to 1.81% do, in the top fifth of neighborhoods the rate varies from

6.48% to 81.41%. The top eight neighborhoods are all in Carbondale and Murphysboro (see

$.F

Walk Bike or
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‘ Transportation
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figure 13).
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FIGURE 13. % THAT WALK, BIKE, OR TAKE PUBLIC TRANSPORTATION TO
WORK

The high percentage of persons walking, biking or taking public transportation in the
Carbondale area as noted above, forms a significant spatial cluster of high values. However,
there are also significant outliers in the area. While some of the neighborhoods have a high rate
of persons getting to work on foot, by bike, or on public transportation, other neighborhoods
nearby exhibit the low rates that are typical of the region as a whole (see figure 14). The
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percentage that walk, bike or take public transportation to work is highly correlated with the
percentage in poverty (0.475; p<0.001) suggesting the people with less money are more likely to
get around without a car. It is also highly correlated with age (-0.327; p<0.001) suggesting that

younger people are less likely to rely on cars.
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FIGURE 14. CLUSTER/OUTLIER ANALYSIS FOR WALK, BIKE, TAKE PUBLIC
TRANSPORTATION TO WORK

The average commute time in southern Illinois is 24.20 minutes (sx=6.55). The lowest
average commute time for a neighborhood is 10.72 minutes, while the neighborhood with the
longest commute travels 52.00 minutes to work on average. The top eight neighborhoods for
shortest commute time are found in Carbondale. Specifically, of the top 20, 13 are in
Carbondale, 4 are in Mt. Vernon, 2 are in Chester, and one is in West Frankfort. The average
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travel time in these neighborhoods with the shortest time ranges from 10.72 to 13.88 minutes.
The 20 neighborhoods with the longest average travel time to work are majority rural (13). The
small towns with the highest commute times are Christopher, Pinckneyville, Du Quoin,
Mcleansboro, and Harrisburg. In these neighborhoods, the average commute ranges from 34.54

minutes to 52.00 minutes (see figure 15).

Average Trave r
Time to work - ]
- 107 - 18.4 minutes [\ Average Cor_nmute Tin?e '
B s e et
I 225 - 25.6 minutes SRR
257 - 29.4 minvtes | 4 State Routes —
29.5 - 52.0 minutes Not Significant
Counties High-High Cluster
Data is classified by I tich-Low Oulier ’
quantile to show the I o--High Outier
distribution. Low-Low Cluster
Source: ACS 2013 e ——— — Created by: Shiloh L. Deitz [[Source: InfoUSA 2015, SNAP 2015 s . - = Created by: Shiloh L. Deitz
FIGURE 15. AVERAGE TRAVEL TIME TO WORK AND CLUSTER/OUTLIER
ANALYSIS

There are significant clusters of high average travel times in 17 rural neighborhoods and
the small towns of Christopher (2), Pinckneyville (1), and Du Quoin (1). The range of travel time
for these 21 areas is 30.07 to 44.09 minutes. 57 neighborhoods cluster with other neighborhoods
with relatively low average travel times to work. These neighborhoods are in Carbondale (32),
Mount Vernon (19), and Murphysboro (1). The average travel time in these low clusters ranges
from 10.72 to 21.25 minutes. Significant high outliers next to neighborhoods with lower average
travel times are found in Carbondale (2), Eldorado (1), Harrisburg (1), Murphysboro (2), and two

rural neighborhoods. The average travel time in these outlier neighborhoods ranges from 26.80
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to 52.00 minutes. There are two significant low outliers next to areas with high average commute
times. These neighborhoods are in a rural part of the southern area of the study region and their
average travel times are 13.98 and 18.79 minutes (see figure 15). Average commute time is
significantly correlated with the percentage that have a college degree or more (-0.335; p<0.001)
suggesting that areas with higher average education tend to have lower commute times. It is also
correlated with median age (0.255; p<0.001) suggesting that older areas tend to have longer

average commute times.

C. FoOD ENVIRONMENT
As is typical across the U.S., only 21% of the 573 food sources in southern Illinois are

healthy. In some areas of the study region people have to travel much more than 10 miles to
reach healthy food and many travel at least 10 miles. The coverage of the region by unhealthy
food is much greater. In fact, there are only 13 neighborhoods where the distance to unhealthy
food is 10 miles or more. Figure 16 shows the distance to food stores (both healthy and
unhealthy) for residents. Living outside of the colored service areas suggests a travel distance of

over 16 kilometers to food.
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FIGURE 16. HEALTHY AND UNHEALTHY FOOD SERVICE AREAS

On average there are 0.98 (s, =1.95) food stores within 800 meters of southern Illinois
residents’ homes, 3.41 (s,=4.92) stores within 1600 meters, 8.30 (s,,=10.51) within 3200 meters,
15.33 (5,,=16.95) within 8 kilometers, and 35.82 (s,,=31.67) within 16 kilometers (see table 4).
The average number of healthy food stores within 800 meters is 0.18 (s,=0.47), within 1600
meters it is 0.61 (s,,=1.06), within 3200 meters it is 1.54 (s,=2.08), within 8 kilometers there are
3.08 (s,,=3.69) healthy food stores, and within 16 kilometers there are 6.88 (s,=6.38). The
average distance to any food is 3422.19 (s,,=4151.77) or 2.13 miles, the average distance to
unhealthy food is 3731.51 meters (s,=4587.54), and the average distance to healthy food is

5703.88 meters (s,,=6031.47) or 3.54 miles (see figure 17). The distance to the nearest food of
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any kind ranges from 19 meters to 22547 meters (14 miles). The distance to healthy food ranges
from 141 meters to 34063 meters (21.17 miles). The average modified retail food environment at
800 meters is 6.37 (s,,=18.70), at 1600 meters it is 9.20 (s,=16.71), at 3200 meters it is 13.25
(s,=18.42), at 8 kilometers the MRFEI average is 16.35 (s,=15.39), and at 16 kilometers the
average MRFEI is 20.59 (s,,=13.57) — meaning about 1 in 5 food stores are healthy (see figure

18).

TABLE 4. CENTRAL TENDENCY AND DISPERSION OF FOOD VARIABLES

Mean (s,) Range
Food800m 0.98 (1.95) 0-13
Healthy800m 0.18 (0.47) 0-2
Unhealthy800m 0.79 (1.66) 0-12
MRFEI800m 6.37 (18.70) 0-100m
Food1600m 3.41 (4.92) 0-26
Healthy1600m 0.61 (1.06) 0-6
Unhealthy1600m 2.81 (4.10) 0-20
MRFEI1600m 9.20 (16.71) 0-100m
Food3200m 8.30 (10.51) 0-44
Healthy3200m 1.54 (2.08) 0-9
Unhealthy3200m 6.76 (8.64) 0-37
MRFEI3200m 13.25 (18.42) 0-100m
Food8km 15.33 (16.95) 0-55
Healthy8km 3.08 (3.69) 0-13
Unhealthy8km 12.25 (13.54) 0-44
MRFEI8km 16.35 (15.39) 0-100m
Food16km 35.82 (31.67) 0-128
Healthy16km 6.88 (6.38) 0-25
Unhealthy16km 28.94 (25.50) 0-103
MRFEI16km 20.59 (13.57) 0-100m
UnhealthyDistance 3731.51 (4587.54) 19-24482
HealthyDistance 5703.88 (6031.47) 141-34063
AllDistance 3422.19 (4151.77) 19-22547
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FIGURE 17. DISTANCE TO HEALTHY FOOD AND CLUSTER/OUTLIER ANALYSIS

Sourca: InfoUSA 2015, SNAP Database 2015 ‘mrwery

Twenty three neighborhoods cluster with other areas with high distances to healthy food.
These areas are majority rural (19), but also found in Centralia and Cape Girardeau'®. The
distance to healthy food ranges from 13708 meters to 34063 meters in these areas. Five
neighborhoods form significant clusters with other neighborhoods with low distances to healthy
food. These neighborhoods are in Carbondale (3), Murphysboro (1), and Johnston City (1). The
distance to healthy food in these neighborhoods ranges from 239 meters to 954 meters. There are
also two high outliers near the Carbondale area — in these neighborhoods the average distance to
healthy food is 12494 meters and 15659 meters. These outlier neighborhoods are near to
Makanda and Pulleys Mill. The average distance to healthy food is correlated with the
percentage in poverty (-0.245; p<0.001), percentage with a college degree or more (-0.226;
p<0.001), and percentage white (0.216; p<0.001) suggesting that poorer areas, areas with higher
educated individuals, and higher minority populations tend to have lower average distances to

the nearest healthy food.

16 These could be false results because they are both at the edges of the study area.
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As one would expect, the MRFEI increases as the service area gets larger (see figure 18).
There are significant clusters of neighborhoods with high MRFEI at 800 meters in Cairo, Carmi,
and Harrisburg. There are significant high outliers in the Carbondale-Marion area, a rural
neighborhood north east of Anna, and a neighborhood east of Mt. Vernon. At 1600 meters there
are significant clusters of high MRFEI in the Carbondale-Marion area, Du Quoin, Carmi, and
Cairo. There are significant high outliers in Mt. Vernon, between Mt. Vernon and Nashville, and
in Chester. There are significant clusters of high MRFEI at 3200 meters in West Frankfort,
Christopher, Carbondale, and Cairo. At 3200 meters there are significant high outliers between
Cairo and Metropolis, west of Cairo, east of Anna, Murphysboro, west of Nashville, south of
Centralia, and east of Mt. Vernon. There are significant low outliers north of Cairo and west of
Murphysboro. There are significant clusters of high MRFEI at 8 kilometers in Mt. Vernon and
between Red Bud and Chester. Clusters of low MRFEI are found west of Murphysboro and
between Cairo and Metropolis. High outliers can also be observed. There are significant clusters
of high MRFEI at 16 kilometers west of Murphysboro, east of Cape Girardeau, and in the
northeast part of the study region. There are significant clusters of low MRFEI in rural parts of
the region (see figure 19).

The food distance measures are all negatively correlated with all food service area
measures (see table 5). The distance to food of any kind is highly correlated with the distance to
unhealthy food (0.931; p<0.001). The strongest correlation among food service area measures is
the correlation between food available within 16 kilometers and the healthy food within that
distance (0.973; p<0.001). Other strong correlations are between food within 8 kilometers and

healthy food within the same distance (0.939; p<0.001), and food within 3200 meters and
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healthy food within 3200 meters (0.919; p<0.001). The largest MRFEI correlation is between the

MRFEI at 800 meters and 1600 meters (0.592; p<0.001).

TABLE 5. PEARSON CORRELATIONS BETWEEN FOOD MEASURES

UnhealthyDistance

Food8oom
Healthy8oom
MRFEI8oom
Food1i6oom
Healthy160om
MRFEI2600m
Food3200m
Healthy3200m
MRFEI3200m
Food8km
Healthy8km
MRFEI8km
Food16km
Healthy16km
MRFEI16km
HealthyDistance
AllDistance

Food8oom

Healthy8oom

MRFEI8oom

Food16oom

Healthyi600om

MRFEI1600m

Food3200m

Healthy3200m

MRFEI3200m = 0.16 =0 0.24 =¥ 0.28 =¥ 0.19 = 0.28 ) Jl

Food8km =) 0325 0.19 =) 0.09 =) 0.22 =5 0.21

Healthy8km = 0315 0.21%) 0.1 = 0.27 = 0.28

MRFEI8km = 012 =) 018 =) 0.19 =¥ 0.17 =7 0.25 = A

Foodi6km = 0.24 = 0.09 ¥ 0.03/

Healthy16km = 0.235¢ 0.09 ¥ 0.04

MRFEI16km ) -0.04 ¥ 0.00 ¥ 0.01 # -0.07 ¥ 0.00 = 0.09 # -0.20 ¥1-0.02 =» 0.28 ) -0.12 ¥ -0.04

UnhealthyDistance W -036 W -0.27 ¥ -0.21 W -0.47 W -0.37 W -0.28 Wi -0.50 W -0.45 ¥ -0.25 W -0.46 W -0.41 ¥ -0.19 W -0.42 W -0.38 = 030
HealthyDistance W 037 W -034 W -0.29 W-0.50 W -0.46 Wi -0.44 W -0.55 W -0.55 ¥ -0.50 ¥ -0.54 W -0.53 W -0.56 W -0.47 W-0.45 1 -0.15
AlDistance W -0.37 ¥ -0.28 £1-0.24 W -0.47 W -0.39 W -0.37 ¥ -0.50 W -0.46 W -0.39 W -0.46 W-0.42 W -0.41 W -0.40 W -037 = 0.07

*Highlighted cells are significant (p<0.001)

D. OBESITY AND THE BUILT ENVIRONMENT

A description of the study area has been noted above, however, one should further notice
the differences across urban, urban cluster, and rural areas (see table 6). Obesity rates are lower
in urban areas (29.68%; s,,=4.30), compared to urban clusters (33.42%; s,=3.41) and rural areas
(33.60%; s,,=2.17). The number of food stores within any road network service area decreases
from urban areas to rural ones. This tends to also be true of healthy food stores, with the
exception of the number of healthy stores within 800m. The number of healthy stores within 800
meters is highest in urban clusters, followed by urban areas, then rural ones. MRFEI averages

tend to also be highest in urban areas with the exception of the MRFEI at 800 meters and 16
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kilometers. The MRFEI at 800 meters is highest for urban clusters, followed by urban areas, and
then rural ones. The MRFEI at 16 kilometers is highest on average in rural block groups then
urban ones, and then urban clusters. The average distance to unhealthy food or food of any kind
is lowest in urban clusters, then urban areas, and then rural ones. The average distance to healthy
food is lowest in urban areas, then urban clusters, then rural areas. The average travel time to
work increases from urban areas (19.23 minutes; s,=4.92), to urban clusters (23.05 minutes;
5,=5.75), and lastly rural areas (28.35 minutes; s,,=5.78). The percentage that walk, bike or take
public transportation to work also decreases from urban (7.47%; s,=14.72) to rural (2.34%j;
5,=3.04) areas. The average income is highest in rural areas ($22,223; s,=5778.22), then urban
clusters ($21,683; 5,=6995.56), and then urban areas ($21,441; s,=8820.25). The percentage in
poverty is highest in urban areas (25.60%; s,=22.15) and lowest in rural ones (14.45%; s,=8.09).
The percentage of the population with a college degree or more is over double in urban areas
(32.79%; s,,=17.11) what it is in urban clusters (15.32%; s,,=8.65) or rural areas (13.86%;
5,=7.90). Rural areas are whiter than urban clusters or urban areas. Urban clusters have the
greatest proportion of women (51.21%; s,=7.45). Lastly, the median age is highest in the rural

block groups (43.39 years; s,=5.92) and lowest in the urban areas (35.96 years; s,=8.49).
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Urban (n=76)

TABLE 6. VARIABLE CENTRAL TENDENCIES

Mean (sx)
Entire Area (n=392)

Urban Cluster

Rural (n=140)

(n=176)
Obesity Rate 32.76 (3.57) 29.68 (4.30) 33.42 (3.41) 33.60 (2.17)
Food 800m 0.98 (1.95) 1.38 (2.72) 1.35 (2.05) 0.29 (0.83)
Healthy 800 0.18 (0.47) 0.20 (0.54) 0.27 (0.54) 0.07 (0.28)
MRFEI 800m 6.37 (18.70) 5.31 (17.94) 8.33 (19.05) 4.46 (18.55)
Food 1600m 3.41 (4.92) 6.20 (7.13) 4.47 (4.52) 0.58 (1.16)
Healthy 1600m 0.61 (1.06) 1.30 (1.68) 0.71 (0.90) 0.10 (0.32)
MRFEI 1600m 9.20 (16.71) 12.81 (18.10) 10.92 (14.25) 5.08 (18.03)
Food 3200m 8.30 (10.51) 17.47 (14.57) 10.16 (8.41) 0.98 (1.66)
Healthy 3200m 1.54 (2.08) 3.66 (3.05) 1.70 (1.46) 0.20 (0.44)
MRFEI 3200m 13.25 (18.42) 17.25 (13.41) 14.44 (12.66) 9.57 (25.13)
Food 8k 15.33 (16.95) 36.32 (17.05) 16.75 (13.30) 2.16 (3.20)
Healthy 8k 3.08 (3.69) 8.46 (4.32) 2.87 (1.93) 0.44 (0.77)
MRFEI 8k 16.35 (15.39) 21.89 (6.56) 17.25 (8.33) 12.22 (22.83)
Food 16k 35.82 (31.67) 83.21 (20.03) 32.93 (21.98) 13.73 (16.31)
Healthy 16k 6.88 (6.38) 16.89 (3.91) 5.84 (4.18) 2.74 (3.28)
MRFEI 16k 20.59 (13.57) 20.14 (2.68) 18.71 (6.17) 23.21 (21.33)
All Distance 3422.19 (4151.77) 2026.95 (2946.03) 1855.49 (2338.97) 6149.18 (5025.37)
Unhealthy Distance 3731.51 (4587.54) 2140.54 (3178.40) 1917.42 (2453.25) 6875.74 (5537.48)
Healthy Distance 5703.88 (6031.47) 2949.56 (3488.40) 3030.78 (3457.17) 10559.53 (6616.29)
Average Travel Time 24.20 (6.55) 19.23 (4.92) 23.05 (5.75) 28.35 (5.78)
Walk, Bike, take Public
Transportation 3.78 (7.79) 7.47 (14.72) 3.33(5.26) 2.34 (3.04)
Average Income 21829.13 (6984.95) 21440.88 (8820.25) 21683.45 (6995.56) 22223.02 (5778.22)
% in Poverty 18.50 (14.36) 25.60 (22.15) 18.65 (12.77) 14.45 (8.09)
% College Degree or More 18.19 (12.79) 32.79 (17.11) 15.32 (8.65) 13.86 (7.90)
% White 90.07 (15.51) 82.14 (19.59) 90.61 (14.85) 93.70 (12.01)
% Female 50.13 (7.51) 50.73 (8.38) 51.21 (7.45) 48.45 (6.80)
Median Age 41.31 (7.66) 35.96 (8.49) 41.96 (7.50) 43.39 (5.92)

The most significant predictors of obesity for the entire study area are the percentage of

the population with a college degree or more (-0.724; p<0.001), the number of healthy food

stores within 8 kilometers (-0.361; p<0.001), the percentage that walk, bike, or take public

transportation to work (-0.339; p<0.001), the number of food stores within 8 kilometers (-0.300;

p<0.001), and the number of healthy food stores within 16 kilometers (-0.286; p<0.001) (see

table 7). In urban areas the most significant predictor is also the percentage with a college degree

or more (-0.730; p<0.001), followed by the percentage that walk, bike, or take public

transportation (-0.513; p<0.001), the average travel time to work (0.394; p<0.001), the median

age (0.390; p<0.001), and the percentage of women (0.379; p<0.001). In urban clusters, the most

significant predictor of obesity is the percentage with a college degree or more (-0.618;
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p<0.001), followed by the average income (-0.388; p<0.001), the percentage white (-0.386;
p<0.001), the median age (-0.347; p<0.001), and the percentage in poverty (0.288; p<0.001).
Lastly, in rural areas the most significant predictor is percentage with a college education or
more (-0.605; p<0.001), followed by average income (-0.417; p<0.001), poverty rate (0.379;
p<0.001), median age (-0.216; p<0.01), and MRFEI at 16 kilometers (0.148; p<0.1).

The correlation between obesity and MRFEI is positive for all regions at 800 meters and
1600 meters. It is negative for the entire area and urban areas at 3200 meters, negative for every
area except rural at 8 kilometers, and negative in urban areas and urban clusters at 16 kilometers.
None of the Pearson correlations between obesity and MRFEI are significant. The only
significant food distance measure is the distance to healthy food for the entire study area. In
urban clusters and rural areas the relationship between obesity and distance to unhealthy food or
food of any kind is negative. Both work commute variables are only significantly correlated with
obesity for the entire study area and in urban regions. The relationship between average travel
time and obesity is positive in every area, the relationship between the percentage that walk,
bike, or take public transportation is negative in every area. Average income is significantly
correlated with obesity in the entire study area, urban clusters, and rural areas. The poverty rate
is significantly correlated with obesity in urban clusters and rural areas. The percentage with a
college degree or more is significantly correlated in every area. The percentage white is
significantly correlated with obesity in urban clusters. The percentage of women is significantly
correlated in urban areas. Lastly median age is significantly correlated with obesity in urban
areas and urban clusters. Interestingly the significant relationship is positive in urban areas but

negative in urban clusters.
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TABLE 7. PEARSON CORRELATIONS WITH OBESITY (P-VALUE)

Entire Area (n=392) Urban (n=76) Urban Cluster Rural (n=140)

(n=176)
Food 800m -0.080 (0.112) -0.132 (0.256) 0.006 (0.939) 0.089 (0.296)
Healthy 800 -0.004 (0.937) -0.141 (0.225) 0.070 (0.356) 0.073 (0.393)
MRFEI 800m 0.081 (0.111) 0.030 (0.797) 0.089 (0.240) 0.118 (0.165)
Food 1600m -0.171 (0.001)** -0.166 (0.151) 0.017 (0.819) 0.078 (0.357)
Healthy 1600m -0.118 (0.019) 0.001 (0.996) 0.048 (0.523) 0.093 (0.277)
MRFEI 1600m 0.009 (0.865) 0.068 (0.557) 0.024 (0.747) 0.133 (0.118)
Food 3200m -0.221 (0.000)** -0.165 (0.154) 0.066 (0.387) 0.002 (0.980)
Healthy 3200m -0.244 (0.000)** -0.129 (0.267) 0.062 (0.415) 0.002 (0.980)
MRFEI 3200m -0.055 (0.280) -0.125 (0.281) 0.012 (0.877) 0.037 (0.667)
Food 8k -0.300 (0.000)** -0.219 (0.057) 0.053 (0.489) -0.001 (0.989)
Healthy 8k -0.361 (0.000)** -0.219 (0.057) 0.041 (0.589) -0.024 (0.775)
MRFEI 8k -0.090 (0.075) -0.142 (0.222) -0.046 (0.540) 0.040 (0.638)
Food 16k -0.278 (0.000)** -0.030 (0.795) 0.187 (0.013) -0.102 (0.229)
Healthy 16k -0.286 (0.000)** 0.019 (0.870) 0.190 (0.012) -0.093 (0.273)
MRFEI 16k 0.047 (0.351) -0.075 (0.520) -0.051 (0.502) 0.148 (0.082)
All Distance 0.085 (0.091) 0.184 (0.111) -0.012 (0.873) -0.085 (0.319)

Unhealthy Distance
Healthy Distance
Average Travel Time
Walk, Bike, take Public
Transportation
Average Income

% in Poverty

% College Degree or More

% White
% Female
Median Age

0.096 (0.057)
0.169 (0.001)**
0.267 (0.000)**

-0.339 (0.000)**
-0.236 (0.000)**

-0.047 (0.351)
0.724 (0.000)**
-0.048 (0.340)
0.051 (0.315)
0.066 (0.193)

0.189 (0.103)
0.201 (0.081)
0.394 (0.000)**

-0.513 (0.000)**

-0.024 (0.834)
-0.273 (0.017)
-0.730 (0.000)**
0.049 (0.674)
0.379 (0.001)**
0.390 (0.001)**

-0.011 (0.890)
0.039 (0.609)
0.073 (0.333)

-0.014 (0.853)

-0.388 (0.000)**
0.288 (0.000)**
-0.618 (0.000)**
-0.386 (0.000)**
-0.81 (0.283)
-0.347 (0.000)**

-0.056 (0.510)
0.104 (0.220)
0.025 (0.770)

-0.129 (0.130)

-0.417 (0.000)**
0.379 (0.000)**
-0.605 (0.000)**

-0.077 (0.364)
0.040 (0.637)
-0.216 (0.011)

The best set of predictor variables for the entire study region is the number of food stores

within 800 meters, the MRFEI within 1600 meters, the distance to healthy food, the percentage
that walk, bike, or take public transportation to work, average income, percentage with a college
degree or more, percentage white, percentage female, and median age!’. The global OLS
regression model has an adjusted r-squared of 0.606 for the entire study area — meaning these
variables explain about 61% of the variation in obesity (see table 8). The model is a better fit in
the urban block groups of the region (adjusted r-squared 0.705), and less of a fit in the urban
clusters (adjusted r-squared 0.476) and rural areas (0.401). The number of food stores within 800

meters nears standard significance levels in the urban block groups (f=-0.133; p=0.103). The

7 This was found using an iterative OLS and GWR method. Refer to the methods section for details.
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variable is not significant in any other geographies. The standardized coefficient is negative
(meaning as the number of stores go up obesity goes down) in the entire study area and urban
block groups but positive in urban clusters and rural areas. Similarly, the MRFEI within a 1600
meter service area nears standard significance for the entire area (f=0.065; p=0.072), and is
significant in urban block groups (p=0.184; p=0.010). The variable is fairly insignificant in urban
clusters and rural block groups. Interestingly, the relationship is positive for every group except
urban clusters where the significance is very low. This would suggest that as the density of
healthy food goes up so does obesity. The distance to healthy food is not significant in any
model. The percentage that walk, bike, or take public transportation to work is significant in
every group (p<0.05), the relationship is negative in every case as well. This means that as the
proportion of the population that commutes in this way goes up, obesity goes down. The
coefficient for average income is significant in the model for the entire study area (f=0.126;
p=0.011) and urban clusters (=0.180; p=0.035) the variable is not significant in the other areas.
In all models, except rural areas, average income is positively related to obesity. The percentage
with a bachelor’s degree or more is significantly negative in every model. The percentage that
are white is also significantly negative in every model. The percentage of women is significant in
all models but urban clusters and the relationship is positive in each case. Median age is
significantly negative for the entire study area and urban clusters; the variable is not significant
in urban or rural models. Significant spatial autocorrelation of the standardized residuals for the

OLS model was not observed in any model.®

18 The Global Moran’s I test of spatial autocorrelation of the OLS standardized residuals p-value for the entire study
region was 0.875, for the urban block groups it was 0.644, for the urban clusters it was 0.405, and for the rural block
groups the p-value was 0.859.
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TABLE 8. BEST MODEL FOR ENTIRE STUDY AREA, OLS RESULTS FOR ENTIRE
AREA AND SUB-AREAS (B (P-VALUE) | STANDARD ERROR)*?

Entire Area Urban Cluster
(n=392) Urban (n=76) (n=176) Rural (n=140)

Intercept 40201 (0.000y* 1174  34.587 (0.000)*  3.024 (5136609)1* 1872 36.325 (0.000)*  1.663
Food 800m 0040 (0.284) 0068  -0.133(0.103) 0127 0012 (0.843) 0104  0.025(0.736)  0.192
MRFEI 1600m 0.065(0.072)* 0008  0.184 (0.010)* 0017 -0.006 (0.928) 0015  0078(0.325)  0.009
Distance to
Nearest Healthy 0053(0.170) 0000 0079 (0294) 0000  0068(0319) 0000  0093(0.235)  0.000
Food
% Walk, Bike or
Take Public 0207 (0.000)** 0017 -0.236 (0.019)** 0029 -0.113 (0.049)** 0037 -0.192 (0.005)**  0.049
Transportation to
Work
Average Income 0.126 (0.011)** 0000  0.124(0.316)  0.000 0.180 (0.035)** 0000  -0.068 (0.502)  0.000
-
% with Bachelors 76, 000y 0012 -0.719 (0L000)** 0,025 -0.611 (0.000)** 0027 -0.555 (0.000)**  0.025
Degree or More
% White 10.234(0.000)**  0.009 -0.241(0.003)* 0017 -0.315(0.000)** 0014  -0.160 (0.052)*  0.015
% Female 0087 (0.10)* 0016 0131 (0.07L)* 0037 0049 (0.386)  0.026  0.207 (0.009)**  0.025
Median Age -0.108 (0.009)** 0019  0034(0.738)  0.052 -0.213(0.002)** 0030  -0.037 (0.628)  0.028
R-Squared 0.615 0.740 0.503 0.440
Adjusted r2 0.606 0.705 0.476 0.401
*5p<0.05
*p<0.1

For the entire study area and urban clusters, the localized GWR model performs better.

The adjusted r-squared for the entire model is 0.616, for urban areas it is 0.700, for urban clusters

it is 0.513, and for rural areas it is 0.393 (see table 9). No significant patterns can be seen in the

standardized residuals of the GWR models either (see figures 20, 21, 22, 23).

19 Using the iterative process described in the methods section, this was the best GWR model. Reported here are the
results of an OLS with that model.
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TABLE 9. BEST GWR MODEL FOR ENTIRE STUDY AREA, LOCAL RESULTS FOR
ENTIRE AREA AND SUB-AREAS (B Mean (sx) | p Median | p Range)

: Urban Cluster
Entire Area (n=392) Urban (n=76) _ Rural (n=140)
(n=176)
40.801 37.251- | 34.642 34.240- | 46.246 44.296- | 35880 35.967 -
Intercept (1.85) 40819 usms | 0a19) 4% Taa77s | ey Y081 40a00 | 0270) %018 3316
-0.044 0.064-- | -0135 0143- | 0021 0.002 - 0.021 0.014-
Food 800m (0.010) -043 0.029 (0.004) -134 -0.130 (0.10) 0.022 0.042 (0.005) 0.020 0.030
0.085 0.058 - 0.185 0173- | -0.004 0052 | 0084 0.072 -
MRFEI 1600m (0.020) 079 0.135 (0.009) 182 0206 | (0030) 00 goer (0.006) 0.086 0.091
Distance to 0.037 0.059 0.074 0.067 0.066 0.023 0.092 0.001
Nearest Healthy | 555 041 0.112 (0.006) 072 0001 | (oozry 0058 0.114 (0.001) 0.091 0.094
Food
% Walk, Bike
or Take Public -0214 o 0200 | 0235 . 0261 | 0128 .. -0165- | 0190 g0 0193-
Transportation (0.008) 0.203 (0.005) 0223 | (0022 0001 | (0.002) -0.187
to Work
Average 0.142 0.088 - 0.126 0125- | 0191 0.140- | -0.066 -0.080 -
Income (0.033) 147 0.208 (0.001) 125 0127 | (osy 9207 0.242 ©000) 0066 5058
% with 0.779 0.861 0721 0.725 0.658 0.751 0.553 0.558
Bachelors (0.037) ~773 0.724 (0.002) -1 0719 | ©os5) 068 5sg (0.003) 0588 osap
Degree or More
: -0.249 0301-- | -0241 0242- | 0379 0620- | -0.155 ~0.168-
0, - - - -
% White (0.063) 230 0.167 (0.001) 241 o2 | 0109 O o204 | (0008) 0155 5140
0.066 0009- | 0130 0.128- | 0035 0.006 - 0.208 0.192 -
0,
% Female (0.040) 056 0.140 (0.002) 129 0138 | (oo 0% 0.067 (0.008) 0.207 0.222
; -0.106 0154-- | 0032 0032- | -0.207 0281- | -0.034 0,044 -
Median Age (0.021) ~099 0.068 (0.000) 032 0035 | os4) 02 o8 | (ooosy  O0%* o2
R-Squared 0.648 0.744 0.581 0.446
Adjusted R? 0.616 0.700 0.513 0.393
— N
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FIGURE 23. STANDARDIZED RESIDUALS FOR GWR MODEL, URBAN CLUSTERS

To further understand how the built environment and obesity were related, the best model
from each subset area (rural, urban cluster, and urban) was found?. The best performing rural
model had an adjusted r-squared of 0.439 for an unweighted OLS and 0.447 for GWR (see table
10). The variables included were: MRFEI at 800 meters, food within 8 kilometers, MRFEI at 16
kilometers, distance to nearest healthy food, percentage that walk, bike or take public
transportation to work, percentage in poverty, percentage with a bachelor’s degree or more,
percent white, percent women, and median age. The coefficients for MRFEI at 800 meters and
food within 8 kilometers are not significant. The MRFEI at 16 kilometers (about 10 miles) is
significant and positive (=0.174; p=0.023). The distance to healthy food is also significant and

positive (p=0.187; p=0.038). The percentage who commute on foot, by bike, or with public

20 Again, refer to the methods section. With rural (n=140), urban cluster (n=176), and urban (n=76) block groups
only all models of 1 to 26 variables were run in OLS. Models were eliminated if they exhibited multicollinearity
(VIF>7.5) or spatially autocorrelated residuals (p<0.05). Then each passing OLS was run in GWR and the best
model was chosen based on adjusted r-squared and theoretical importance.
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transportation has a significant negative effect (f=-0.172; p=0.011). The percentage in poverty is

significantly positively correlated, the coefficient for the percentage with a college degree or

more is significant and negative, and the percentage female is positive and nears standard

significance levels (=0.139; p=0.081). The percentage white and median age are not significant.

The standardized residuals in the OLS model did not exhibit significant spatial autocorrelation

(p=0.739) and appear to also be random in the GWR model (see figure 24).

TABLE 10. BEST REGIONAL MODEL, RURAL (N=140)

OLS Results
3 (p-value) | Standard

Local GWR Results

Error 3 Mean (s) 3 Median R Range
34.175

Intercept 35.050 (0.000)**  1.655 (0.902) 34.091 33.221-36.734
MRFEI 800m 0.107 (0.137) 0.008 | 0.107 (0.009) 0.109 0.084-0.119
Food 8km 0.079(0.309)  0.053 | 0.083(0.014) 0.085 0.051-0.105
MRFEI 16km 0.174 (0.023)**  0.008 | 0.195 (0.095) 0.224 -0.001 - 0.329
Distance to Nearest Healthy Food 0.187 (0.038)**  0.000 | 0.188 (0.054) 0.201 0.064 - 0.265
% Walk, Bike or Take Public Transportation
to Work -0.172 (0.011)**  0.047 | -0.166 (0.010) -0.170 -0.181 - -0.146
% in Poverty 0.155 (0.037)**  0.020 | 0.130 (0.075) 0.155 -0.012 - 0.230
% with Bachelors Degree or More -0.508 (0.000)**  0.020 | -0.492 (0.063) -0.482 -0.609 - -0.405
% White -0.098 (0.231)  0.015 | -0.057 (0.063)  -0.066 -0.156 - 0.110
% Female 0.139 (0.081)*  0.025 | 0.121 (0.035) 0.132 0.021-0.155
Median Age -0.097 (0.182) 0.027 | -0.090 (0.033) -0.085 -0.152 - -0.041
R-Squared 0.480 0.537
Adjusted R? 0.439 0.447
**p<0.05
*p<0.1
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FIGURE 24. STANDARDIZED RESIDUALS FOR BEST REGIONAL MODEL, RURAL

The most significant model for the urban cluster block groups includes: the number of
food stores within 16 kilometers, the MRFEI within the 16 kilometer service area, the distance to
healthy food, the percentage that walk, bike, or take public transportation to work, the average
travel time to work, the percentage with a college degree or more, the percentage white, the
percentage female, and median age. The adjusted r-squared for the global OLS model is 0.488
and the r-squared for the GWR model is 0.539 (see table 11). The number of food stores within
16 kilometers exerts a significant positive effect on the model (3=0.138; p=0.021). The MRFEI
at 16 kilometers is negative but insignificant. The percentage that walk, bike, or take public
transportation to work nears standard significance levels (f=-0.092; p=0.105). The average travel
time to work is insignificant. The percentage with a college degree or more are both negative and
significant in the model. The percentage female is not significant. Finally, median age is

significant and negative (f=-0.144; p=0.016). The OLS standardized residuals do not exhibit
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spatial clustering (p=0.120) and the GWR standardized residuals do not appear to follow any

spatial pattern either (see figure 25).

TABLE 11. BEST REGIONAL MODEL, URBAN CLUSTER (N=176)

OLS Results Local GWR Results
3 (p-value) | Standard
Error 3 Mean (sx) 3 Median R Range
Intercept 42.642 (0.000)** 2.101 | 44.837(1.126) 44.498 42.294 - 46.876
Food 16km 0.138 (0.021)**  0.009 | 0.157 (0.036) 0.175 0.093 - 0.200)
MRFEI 16km -0.050 (0.375) 0.031 | -0.028 (0.069) -0.040 -0.117 - 0.160
Distance to Nearest Food (any kind) 0.117 (0.059)* 0.000 | 0.111(0.019) 0.111 0.078 - 0.156
% Walk, Bike or Take Public
Transportation to Work -0.092 (0.105) 0.037 | -0.121 (0.037) -0.115 -0.198 - -0.055
Average Travel Time to Work 0.072 (0.245) 0.037 | 0.086 (0.056) 0.105 0.005 - 0.170
% with Bachelors Degree or
More -0.524 (0.000)**  0.023 | -0.560 (0.046) -0.563 -0.695 - -0.483
% White -0.291 (0.000)**  0.013 | -0.374 (0.180) -0.409 -0.657 - -0.113
% Female 0.061 (0.275) 0.026 | 0.030 (0.037) 0.028 -0.061 (0.111)
Median Age -0.144 (0.016)**  0.027 | -0.145 (0.086) -0.122 -0.278 - -0.019
R-Squared 0.514 0.612
Adjusted R? 0.488 0.539
**p<0.05
*p<0.1
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FIGURE 25. STANDARDIZED RESIDUALS FOR BEST REGIONAL MODEL, URBAN
CLUSTER

The best model for the urban block groups has a global adjusted r-squared of 0.748 and

geographically weighted regression adjusted r-squared or 0.736 (see table 12). The variables in
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this model are the MRFEI within 800 meters, the number of food stores within 1600 meters, the
MRFEI at 1600 meters, the MRFEI at 8 kilometers, the distance to the nearest food of any kind,
the percentage that walk, bike, or take public transportation to work, the percentage in poverty,
the percentage with a college degree or more, the percentage white, and the percentage female.
The MRFEI within an 800 meter service area has a significant negative coefficient (f=-0.206;
p=0.004), the number of food stores within 1600 meters is also significant and negative (=-
0.157; p=0.069). The MRFEI for the 1600 meter service area is significant and positive
(p=0.300; p<0.001), and the MRFEI for the 8 kilometer service area is not significant. The
distance to food of any kind is positive and nears standard significance levels ($=0.107;
p=0.150). The percentage the walk, bike, or take public transportation has a negative coefficient
and is significant (B=-0.181; p=0.071). The percentage in poverty, with a college degree or more,
and white all have significant negative coefficients. The percentage of women has a significant
positive coefficient. The standardized residuals are not spatially autocorrelated in an OLS model
(p=0.107). The standardized residuals for the GWR model do not exhibit any spatial pattern

either (see figure 26).

TABLE 12. BEST REGIONAL MODEL, URBAN (N=76)

OLS Results Local GWR Results
R
3 (p-value) | Standard Error | R Mean (SD)  Median R Range
Intercept 36.481 (0.000** 2.644 36.527 (0.221) 36.556 34.899 - 36.721
MRFEI 800m -0.206 (0.004)** 0.017 -0.195 (0.004) -0.196 -0.198 - -0.173
Food 1600m -0.157 (0.069)* 0.051 -0.172 (0.027) -0.163 -0.267 - -0.138
MRFEI 1600m 0.300 (0.000)** 0.018 0.309 (0.034) 0.296 0.271-0.427
MRFEI 8km 0.083 (0.227) 0.045 0.079 (0.006) 0.078 0.072-0.120
Distance to Nearest Food (any kind) 0.107 (0.150) 0.000 0.125 (0.025) 0.114 0.097-0.197
% Walk, Bike or Take Public
Transportation to Work -0.181 (0.071)* 0.029 -0.171 (0.014) -0.175 -0.192 - -0.141
% in Poverty -0.200 (0.041)** 0.019 -0.198 (0.013) -0.203 -0.212 - -0.140
% with Bachelors Degree or More -0.737 (0.000)** 0.017 -0.742 (0.015) -0.736 -0.793 - -0.725
% White -0.285 (0.000)** 0.017 -0.283 (0.162) -0.285 -0.292 - -0.246
% Female 0.162 (0.020)** 0.035 0.162 (0.003) 0.161 0.155-0.181
R-Squared 0.782 0.789
Adjusted R? 0.748 0.736

**n<0.05; *p<0.1
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V. DISCUSSION

In this section | will summarize the answers to the research questions and discuss broader

contributions that this research may have.

A. HOW CAN SMALL AREA OBESITY ESTIMATES BE RELIABLY INTERPOLATED
FROM DATA SETS AT LOWER SPATIAL RESOLUTIONS?

The steps involved in choosing the estimation model — theoretical decisions, exploratory
data analysis, factor reduction through backward elimination OLS regression, all subsets OLS to
remove multicollinearity and variable insignificance, geographically weighted regression to
capture spatial patterns, analysis of accuracy through re-aggregation of predicted values and
rRMSE calculation, and final model choice based on rRMSE values — could be precisely
followed and reduced the error introduced into the process at every step. Particularly, the use of
all subsets regression rather than solely relying on a stepwise removal technique, revealed
patterns that would have otherwise been lost. In fact, the final model chosen looked nothing like
the model that would have been chosen had stepwise regression alone been relied upon. Further,
the use of rRMSE as a model selection criterion rather than just a test to check accuracy,
improved the results and was a useful criterion for comparing models. In my initial rankings of
the models the one that was chosen as having the lowest rRMSE ranked number twelve out of
fourteen. While the model had the lowest root mean square error it would not have been chosen
based on the GWR results only.

This analysis procedure also revealed the importance of accounting for geography in
small area estimation. There is significant spatial autocorrelation of obesity in the United States
(p<0.001). The model chosen was a local fit that captured the localized correlations between

various socio-demographic variables and obesity. While the prediction model selected was a
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local fit, the methods used to find it could be replicated in other study areas. These methods
could also be useful for small area estimation of other health indicators. Further, this process
could be implemented by anyone with a basic knowledge of multivariate regression and spatial

analysis.

B. HOW DOES OBESITY VARY GEOGRAPHICALLY IN SOUTHERN ILLINOIS AT
THE BLOCK GROUP LEVEL?

It is well established in the literature and the analysis procedure described above
confirmed that obesity is a geographically varying phenomenon and southern Illinois is not
exceptional in that way. Obesity varies geographically in the region with significant spatial
clustering in certain areas and the presence of significant outliers. The variance in obesity can be
explained by multiple environmental factors such as culture, the built environment, the natural
environment, political conditions, and economic conditions. Specifically, there are strong
correlations between obesity and level of education, income, age, race, and population density.
These factors interact together and with measures of the built environment such as walkability or
food to explain a large part of the variation in obesity. The interactions and varying influences of
these factors suggest something about culture — social influences meet built environment

infrastructure in specific ways across different geographies.

C. HOW CAN WALKABILITY BE QUANTITATIVELY MEASURED IN NON-URBAN
AREAS AND HOW WALKABLE IS SOUTHERN ILLINOIS?

Numerous measures have been proposed for quantifying walkability, however, these
methods are expensive, time consuming, and outside urban areas the data is often unavailable.
For these reasons it is necessary to consider other methods of quantifying walkability. In this

study a known reliable walkability measure was used to test the effectiveness of other measures.
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The known measure, WalkScore, is not available for all block groups in the study area and so
was not used. The study found that the WalkScore and food density are highly correlated and that
commuting behavior can also be a good indicator of overall walkability. It makes perfect logical
sense that an increase in the number of food stores within 800 or 1600 meters of a person’s
residence would suggest a walkable environment and food location data is much easier to come
by than other data such as intersection density, or the level of commercial/residential mixing.
Using these quantitative measures, the walkability of the study region was analyzed and
significant spatial patterns were found. There are neighborhoods with high numbers of food
stores within 800 meters in Benton, Carbondale, Carmi, Harrisburg, Johnston City, Metropolis,
Mount Vernon, Murphysboro and Pinckneyville. There are higher proportions of the population
walking, biking, or taking public transportation in Carbondale and Murphysboro. The average
commute times are also lower in neighborhoods of Carbondale as well as Mount VVernon,
Chester, and West Frankfort. However, just because the area looks to be walkable quantitatively
does not necessarily mean that people perceive their environment as walkable. First, the
neighborhoods that appear to have high walkability based on the number of food stores within
800 or 1600 meters are also clustered along the major interstate and state highway systems.
Specifically, there are many clusters of neighborhoods with significantly high numbers of food
stores along interstate highway 57, especially where a state highway intersects with interstate 57.
Crossing the highway to walk to destinations is not a common behavior and thus, though the
distance is small, the actual walkable infrastructure is bad. The same is true of the Carbondale-
Marion urban areas — the variables suggest that these are highly walkable areas — particularly in
Carbondale. However, a recent study conducted for the Southern Illinois Metropolitan Planning

Organization found that although many amenities are within close distance the infrastructure that
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might encourage walking or biking is not present (Lochmueller Group and Alta 2014). For
example, an inventory of sidewalks and bike paths found that many of the sidewalks are in poor

condition and bike paths are sparse (see figures 27 and 28; Lochmueller Group 2014).

CARBONDALE Sidewalk Inventory (on Major Collectors and above) MURPHYSBORO sidewalk Inventory (on Major Collectors and above)

FIGURE 27. SIMPO SIDEWALK INVENTORY FOR CARBONDALE AND
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FIGURE 28. SIMPO BIKE LANE INVENTORY FOR CARBONDALE-MARION
URBAN AREA

D. HoOw CAN THE FOOD ENVIRONMENT BE QUANTIFIED IN NON-URBAN AREAS
AND WHAT IS THE FOOD ENVIRONMENT IN SOUTHERN ILLINOIS?
Numerous measures have been proposed for quantifying the food environment. This

study, with the inclusion of a wide variety of measures, revealed that quantifying food is a
complex task. The first thing that was verified in this study was that the majority of food sources
— especially in small towns — provide unhealthy food options (79% of the stores were classified
as unhealthy). Unhealthy food is most likely to be nearest to a resident’s home, and there are
likely to be more options. In urban clusters (small towns) the distance to unhealthy food is lower
even than it is in urban areas where the distance to healthy food is at its lowest. The density of
unhealthy food options is in almost every case larger than the density of healthy food option.

There are two major concerns or lessons to be learned from this study. The first was
dealt with within this project while the second was not. First, the messiness of food environments
within various cultures and geographies makes it overly restrictive to impose binary measures of
food access. Binary measures assume that the point at which the distance to food or the density
of healthy food begins to negatively affect health or quality of life is known and can be
generalized across multiple study areas. The results of this study suggest that the distance and
density that makes a difference depends on many factors including sociodemographics (which
may suggest culture) and geography. The contradictory results and disproved hypothesis of
previous studies are further evidence of this fact. This study should encourage an open-minded
approach towards measures of the food environment and further investigation of how the
measures used in this study vary across different regions of the United States or in other

countries.
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The second issue that is implicit in this kind of quantitative study is how various food
sources are used and what they offer. In this case a quantitative classification of 573 food sources
as healthy or unhealthy required that assumptions were made based on what kinds of food stores
or chains typically provided. It could be safely assumed that a McDonalds is unhealthy and a
Kroger would provide healthy options, but there were a great many local grocers, convenience
stores, dollar stores, and gas stations that fill a gray area. In this study, resources of both time and
money were not available to visit each location in question and generalizations were made about
chain dollar stores, gas stations, and convenience stores — local grocers were called or researched
online. However, past research has suggested that in rural areas particularly, it is not uncommon
for a gas station or dollar store to carry a full line of healthy groceries including fresh fruits and
vegetables (Gustafson 2012). Further, these quantitative methods do not capture the healthy
food that might be available through farms, trading, or sporadic trips to distant grocery stores to
buy in bulk (McPhail et al. 2013; Morton and Blanchard 2007; Scarpello et al. 2009; Sharkey et
al. 2010; Yousefian et al. 2011). Qualitative analysis of the food environment in southern Illinois
would be a wonderful complement to this study and might reveal more about how certain food
sources are used.

Finally, a recent study by Chen and Clark (2016) has suggested temporal considerations
to food access. Their research found that the hours a store is open impact access and
disadvantage certain groups. This is a relevant finding that may provide a more robust
understand of the food environment but one that was not investigated in this study. Future

research should take temporal access into account.
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E. WHAT IS THE CORRELATION BETWEEN THE BUILT ENVIRONMENT AND
OBESITY IN SOUTHERN ILLINOIS, AFTER CONTROLLING FOR SOCIO-DEMOGRAPHIC
COVARIATES?

The final stage of this study aimed to investigate the relationship between multiple
measures of the food environment, measures of walkability, and obesity. For the entire study
area, the most significant correlations were the percentage with a college degree or more, the
number of healthy food outlets within 8 kilometers, and the percentage that walk, bike, or take
public transportation to work. The most significant bivariate relationships with obesity in urban
areas was also the percentage with a college degree or more, followed by the percentage that
walk, bike, or take public transportation to work, and the average commute time to work. In
urban clusters the most significant correlations were with the percentage with a college degree or
more, the average income, and the percentage white (all sociodemographic factors). In rural
areas the most significant relationships were with the percentage with a college degree or more,
average income, and percentage in poverty (again, all sociodemographic). Notably, for the entire
study area and urban blocks in the study area the most significant relationships included
measures of walkability and food measures but in urban clusters and rural areas the most
significant relationships were all sociodemographic. This might suggest that culture is a more
formidable barrier to healthy living in rural and small town areas. Meaning any food or
walkability based interventions should be coupled with thorough educational campaigns

Focusing on food measures, the most significant Pearson correlation for the entire study
area (n=392) was the number of healthy food stores within 8 kilometers, followed by the number
of food stores of any kind within 8 kilometers, and the number of food stores within 16
kilometers. All of these measures are negative suggesting an increase in either healthy food

stores or stores of any kind within about five or ten miles would decrease the prevalence of
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obesity. In urban areas the number of healthy food stores and stores of any kind within 8
kilometers have the most significant Pearson correlations with obesity and near standard
significance levels. In urban clusters the most significant food correlation with obesity is
between the number of healthy food stores within 16 kilometers and obesity, followed by the
number of food stores within 16 kilometers. Interestingly, these measures are both positive
suggesting a decrease in food stores would decrease obesity. In rural areas the correlation
between obesity and MRFEI at 16 kilometers nears standard significance levels. Overall, these
results suggest that the introduction of food stores within about 5 miles to 10 miles of resident
homes would decrease obesity; however, in urban clusters and rural areas the relationship is the
opposite — perhaps suggesting a misclassification of food stores.

Contrary to the results of other studies, there is no significant bivariate relationship
between MRFEI and obesity. Also, the insignificant relationship between the two variables is
positive at 800 meters and 1600 meters but negative at service area distance of 3200 meters and
greater. As mentioned previously, these results could in part be attributed to the classification of
stores. Research has shown that people outside urban areas tend to do more shopping at non-
traditional locations such as convenience stores and dollar stores (Gustafson et al. 2012). Again,
qualitative analysis of this phenomena might shed more light on these trends.

Regarding walkability, the percentage that walk, bike, or take public transportation to
work, is consistently negatively correlated with obesity but only significantly so for the entire
study area and the urban neighborhoods. The average travel time to work is consistently positive
but only significantly so for the entire study area and urban neighborhoods as well. The number
of food stores within 1600 meters (the most significant food based measure of walkability)

exhibits a negative relationship with obesity for the entire study area and urban neighborhoods
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but a positive one for urban clusters and rural areas — the Pearson correlation is only significant
for the entire study area. The Pearson correlation between obesity and the number of food stores
within 800 meters is negative in the entire study area and urban block groups — this measure
nears standard significance levels in the entire study area. These results overall point out that an
increase in walkability — or walking behavior — would reduce obesity.

The most significant regression model for the entire study area includes food within 800
meters but the coefficient is not significant in any model. It also includes MRFEI at 1600 meters.
The coefficient for this variable is only significant for the entire study area and urban
neighborhoods and exerts a positive influence. The distance to healthy food is insignificant. The
percentage that walk, bike, or take public transportation is negative and significant in every
model but the largest coefficient is in urban neighborhoods.

The only model in which MRFEI exerts a significant negative relationship is the MRFEI
at 800 meters in the urban model. The MRFEI at 1600 meters and 8 kilometers is also included
in the urban model and exerts a positive influence. Past research suggests that the number of
food stores should have a negative relationship with obesity due to its suggestion of walkability.
This relationship is significantly negative for the number of food stores within 1600 meters in the
urban neighborhood model, but in all other models it is either insignificant or positive or both.
The coefficient for the percentage that walk, bike, or take public transportation to work is
negative in every model it is included in. The coefficient for the distance to food (healthy or any)
IS positive in every case but not always significant.

Intervention-wise the model for the entire study area suggests that decreasing the density

of healthy food to all food, and increasing the percentage that walk, bike, or take public

transportation to work could decrease obesity. The rural model suggests that decreasing the
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density of healthy food to all food within 16 kilometers?!, decreasing the distance to healthy food,
and increasing the percentage that walk, bike, or take public transportation to work would
decrease obesity. The urban cluster model suggests that a decrease in obesity could be achieved
with an increase in the number of food stores within 16 kilometers, and a decrease of the
distance to food of any kind. Finally, the urban model suggests that increasing the density of
healthy food within 800 meters, increasing the number of food sources within 1600 meters,
decreasing the density of healthy food to all food within 1600 meters, and increasing the
percentage that walk, bike, or take public transportation to work would decrease obesity.

The results of a qualitative study investigating perceptions of the environment for healthy
eating and exercising in a rural northeastern community found that individuals perceive and use
infrastructure in unique ways (Maley et al. 2010). In this study they find having unhealthy food
in abundance at social gatherings is seen as a sign of good hospitality, the roads were seen as
unsafe for exercise, and the weather was also perceived as a barrier to healthy living. This was
despite the presence of a grocery store, walking trails, parks, and a community pool. This
qualitative research supports the idea that specific sociocultural factors come together to promote
obesity even if the infrastructure is in place that would be thought to reduce obesity. As noted
above, other studies have found that the introduction of healthy infrastructure reduced obesity.
Taken together, this would suggest that increases in walkability and healthy food options
alongside culturally embedded education campaigns might be the most thorough obesity

intervention.

2L It makes no sense theoretically that decreasing the density of healthy food would decrease obesity. These models
suggest that, analytically, MRFEI measures might not work in non-urban areas or particular attention should be paid
to the classification of food stores and how stores are used in non-urban areas.
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The regression models examining the relationship between the built environment and
obesity are messy. The hypothesis that there is some relationship between the built environment
and obesity is confirmed yet in many cases the relationship is not what was expected.
Specifically, the MRFEI measure functioned in a surprising and erratic way in all of the models
— perhaps due to improper classifications and generalizations about healthy and unhealthy food
stores. The model with results that come closest to previous studies is for the urban
neighborhoods of southern Illinois. This makes sense because the majority of quantitative studies
on these topics have been conducted in urban areas — often ones larger than any present in this
study area. These results do not suggest that these measures should be discarded but do suggest

that investigative and flexible approaches should be taken.
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V1. CONCLUSION

There are a few major takeaways from these analyses. First, localized geographically
weighted small-area estimates provide more accuracy than those that are neither localized nor
geographically weighted. Second, obesity is a serious health issue in the United States with
multiple factors contributing to its prevalence. These factors vary across different communities
for reasons both known and unknown. Certainly there is some room for further study and these
analyses suggest that future research should continue to look at the issue with an open mind and
a large toolkit of potential measures. In the final analyses of this study that looked at the
relationship between the built environment and obesity in southern Illinois, few variables
behaved in expected ways and new insights were garnered through an open-minded approach.
Further, there appear to be both major regional differences in how obesity and the built
environment interact and differences based on population density. This research suggests that
studying urban, rural, and urban clusters together in one region may not produce the best results.
Finally, the impact of sociodemographic factors on the models used in this study should not be
discounted both for future analysis and as policy changes are considered. There is no doubt
across multiple studies that there are striking correlations between obesity and race, income, and
educational attainment. In most cases populations that already fill the most marginalized
positions in society — poor minorities with low educational attainment — are most likely to be
obese, and suffer from poor health in other ways. Any discussion of healthy communities must
take these social factors into account and target disadvantaged communities for intervention.

In this study region, there is widespread public support for increasing downtown renewal,
walkability, and an increase in healthy food options. In response to a question on the Paul Simon

Public Policy Institute’s fall 2015 Southern Illinois Poll, “how important [they] would say it is to
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improve the downtown of [their] community,” 84.3% said it was either very or somewhat
important. Local products — including food — are also important to southern Illinoisans. Over 3 in
4 (76.8%) southern Illinoisans claimed that they are more likely to purchase a product if it were
local suggesting that an increase in local food products could be a good avenue for increasing
healthy food options. Increases in local food have been shown to stimulate local economies in
rural and small town areas as well (Hewitt 2009). In this way, the dual goal of economic
revitalization and healthy communities could be advanced with the same program. Regarding
walkability, although very few people seem to commute by modes of transportation other than
cars, there is public support for not needing to rely on cars. In a statewide Simon Poll conducted
by the Paul Simon Institute, about 1 in 4 downstate residents (24.3%) claimed they prefer to live
in a place with transportation options while 63.0% prefer a place where they rely on cars, 6.0%
claim it depends, and 6.7% don’t know. While this isn’t the same public support for
transportation options observed in the city of Chicago (73.0%) it does suggest some public will
for walkability. According to a spring 2014 poll of Jackson and Williamson Counties also
conducted by the Paul Simon Public Policy Institute, 10.1% of the population claims they would
support an increase in property taxes to support alternative transportation initiatives and 29.9%
say they would support an increase in local sales tax for such initiatives.
Concretely, I recommend the following for southern Illinois:

% Dense urban cores, however small.

% Improved paths and sidewalks for cyclist and pedestrian safety.

%+ Emphasis on local food development. Particularly in areas with low food access.

¢ Highlight and preserve southern Illinois natural beauty and farmland.
These recommendations for the towns of southern Illinois would improve the health — and

probably happiness — of residents, improve the natural environment, and provide economic

stimulus.
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There is very little harm that could come from increasing walkability, opportunities for
physical activity, and healthy food options within an area. Perhaps this is why these concepts are
so widely studied and prescribed. Even if there were no relationship between the built
environment and obesity, why not redesign our built environments to be more health promoting?
And perhaps as communities push for such changes, the positive relationship between healthy

people and healthy environments will become clearer.
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