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Introduction 

 For the past 50 years there has been a 2-fold increase in overweight adults in the 

United States and a 3-fold increase in obese adults.  This epidemic, a strong predictor for 

diseases such as type 2 diabetes, hypertension, cholesterol, and cardiovascular diseases 

amongst others, if not addressed and corrected will only stay its path and burden the 

community as a whole (Parikh, et al., 2007).  Studies show that there is a high correlation 

between obesity/overweight in adults and decreased life expectancy (Peeters, et al., 

2003).  National Institute of Health has reported that obesity, if not dealt with 

aggressively, will decrease average life expectancy of Americans by up to five years over 

the next few decades (D. Moore, 2005).  High caloric intake associated with fast food 

menu items is linked to weight gain, obesity, and habitual short sleep duration 

(Stamatakis & Brownson, 2008; Sturm, 2008).  Even though the process of high caloric 

foods resulting in cardiovascular disease is not completely understood, a diet that is high 

in fruits, vegetables, and fiber and low in sodium and fat is recommended to prevent 

cardiovascular diseases (Morland et al., 2001).  

 Concern over the significant increase in obesity throughout the United States has 

prompted interdisciplinary research to evaluate variations in neighborhood access to fast 

food outlets and to corporate supermarkets (Apparicio, Cloutier, & Shearmur, 2007) as a 

function of minority composition and socio-economic indicators (Block, Scribner, & 

DeSalvo, 2004).  A study evaluating the long-term benefits of reducing obesity found that 

by reducing obesity by 1% in adolescents (16-17 years of age) will reduce overweight 

and obese individuals by 52,821 in future years (Wang, Denniston, Lee, Galuska, & 

Lowry, 2010).  Since this would result in a decrease in medical cost by at least $463 
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million (this number could go as high as $586 million), there is a tangible incentive to 

address this epidemic in adolescents (Wang, et al., 2010).  The long term economic 

benefits of preventing obesity should be a tangible incentive to address this epidemic 

today (Wang, et al., 2010). 

 Research indicates that corporate supermarkets are a good source of fresh and 

healthy foods as opposed to smaller neighborhood markets and fast food outlets, thus 

having greater access to corporate supermarkets provides options that can potentially 

lower obesity rates (Mehta & Chang, 2008; Powell, Slater, Mirtcheva, Bao, & 

Chaloupka, 2007).  Studies also show that in minority and low income neighborhoods 

there is a link between a higher prevalence of fast food establishments and fewer 

corporate supermarkets.  This suggests that built environmental exposure, including local 

access to healthy food establishments, may result in a higher prevalence of obesity in 

low-income and minority populations (Block, et al., 2004). 

A higher density of fast food outlets can form a barrier to healthy food choices for 

residents.  Neighborhoods that are economically depressed and have a high concentration 

of population have a higher density of fast food outlets and smaller neighborhood stores 

with limited supply and quality of fruits and vegetables, (Powell, Slater, et al., 2007).  

Higher prices of fresh produce in neighborhood stores and restricted access to corporate 

supermarkets are compounding factors which contribute to higher rates of obesity in poor 

neighborhoods (Morland, Wing, Diez Roux, & Poole, 2002; Powell, Chaloupka, & Bao, 

2007). 

 This study analyzes corporate supermarkets as a source of healthy food unlike fast 

food outlets that provide unhealthy food choices (convenience stores and full-service 
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restaurants were excluded from this study) in Marion County, Indiana.  The relative 

availability of corporate supermarkets can be measured by calculating the ratio of 

corporate supermarkets to fast food outlets.  This is a good measure of access to healthy 

foods since it accounts for not only the clusters of corporate supermarkets but also the 

clusters of fast food outlets.  This ratio is normalized by dividing the observed number of 

corporate supermarkets by the expected number of corporate supermarkets which in 

epidemiology literature is known as Relative Risk and referred to as theta (Lawson, 

Browne, & Rodeiro, 2003).  The value of theta, which represents the availability of 

corporate supermarkets, equals the number of corporate supermarkets in the block group 

divided by the product of all food establishments in the block group and the rate of 

corporate supermarkets in Marion County.  Therefore, high theta values demonstrate 

greater availability of corporate supermarkets versus fast food outlets in Marion County.  

For this study, corporate supermarkets in a block group (i) are represented by 𝒚𝒊 (y = 

number of corporate supermarkets), fast food outlets are represented by 𝒎𝒊 (m = number 

of fast food outlets), and the total number of places to eat in the block group is the sum of 

𝒚𝒊 and 𝒎𝐢 
.  Mathematically, the method for calculating theta for corporate supermarkets 

is outlined as follows (Lawson, et al., 2003). 
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 Total block groups in Marion County = 658 

 i = block group 1,2,3,…..658 

 Supermarket in block group i = 𝒚𝒊  

 Fast food outlets in block group i = 𝒎𝒊  

 Total Food establishments in block group i = 𝒛𝒊 

 Total Food establishments in Marion County = 𝒛𝒕𝒐𝒕𝒂𝒍 

 Expected supermarkets in block group i = 𝒆𝒊 

 Rate of supermarkets in Marion County = E 

                   𝒛𝒊 = 𝒚𝐢 + 𝒎𝐢 
 

        𝒛𝒕𝒐𝒕𝒂𝒍 = 𝒚𝐭𝐨𝐭𝐚𝐥 + 𝒎𝐭𝐨𝐭𝐚𝐥 
 

  𝒆𝒊 = 𝒛𝒊 * E  

  E = 
𝒚𝒕𝒐𝒕𝒂𝒍

𝒛𝒕𝒐𝒕𝒂𝒍
 

Then: 𝜽𝒊 = RR = relative risk of supermarkets in block group i  

      = 
𝒚𝒊

𝒆𝒊
 

Figure 1a shows the corporate supermarket count in Marion County.  Figure 1b 

shows corporate supermarkets, normalized by corporate supermarkets and fast food 

outlets in each block group, also referred to as the prior theta (
𝒚𝒊

𝒆𝒊
). 
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Figure 1a 

Block groups with supermarket count in Marion County (2005) 

 

      

Figure 1b 

Theta Prior (
𝒚𝒊

𝒆𝒊
) of supermarkets in Marion County 
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The objective of this paper is to enhance food environment studies, by designing 

and developing a refined hierarchical regression model that takes spatial autocorrelation 

and associated problems into account, and identify a new term called ―Healthy Clusters‖, 

based on theta values of corporate supermarkets, in Marion County, Indiana (Figure 2).  

Healthy clusters are regions where, after incorporating fast food outlets, spatial 

autocorrelation and compensating for socio-economic variation, individuals still have 

high access to corporate supermarkets.  These clusters might be positively impacted by 

healthy food choices, and the predicted theta from the model shows areas that have better 

access to healthy foods.  Theta, the dependent variable in this study, is measured based on 

independent variables thought to influence locations of corporate supermarkets, and 

spatial autocorrelation effects and other errors associated with multivariate modeling.  

The multivariate modeling is traditionally based on multiple regression; however, due to 

spatial autocorrelation, a Bayesian hierarchical regression model is used to account for 

spatial neighbors effects.  These neighbors‘ effects are hierarchical because they are 

spatially lagged.  These lagged values act as priors in a Bayesian setting.  I chose block 

groups as the unit of analysis to identify healthy clusters at the local geographic scale and 

used WinBUGS, an open source Bayesian statistical software, to incorporate the 

following three effects in the analysis. 

1. Population effects. 

2. Environmental effects. 

3. Interaction effects: interaction between population and environmental variables. 

The hypothesis tested is: after compensating for socio-economic variation and taking 

spatial autocorrelation into account, there are still healthy clusters in Marion County. 
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Lastly, using cost of access (Guha & Khuller, 1999) based on distance and theta 

values of corporate supermarkets, I locate 10 new sites where policies should be directed 

to subsidize entry of corporate supermarkets.  The new sites are over and above the 

existing 66 (658 - 66 = 592) block groups with no corporate supermarkets.  This solution 

comes from applying the concept of nodes and links, the basis of graph theory (Barabasi, 

2002) and network optimization.  Locating new supermarkets is implemented using 

TransCAD™ software.  
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Figure 2 

  

Marion County (Indianapolis) 

Indiana 
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Background 

The mid-1990s marked increased attention to the environmental factors which 

influence behaviors and health of individuals.  Hierarchical autoregressive models began 

to appear in the late 1990s in the field of spatial statistics and facilitated an emergence of 

a new group of researchers that applied spatial analysis to address environmental health 

problems.  However, in obesity and access to healthy establishments‘ related research, 

hierarchical multivariate regression models that take spatial autocorrelation into account 

have not been used.  This paper incorporates autocorrelation effects and uses the 

multivariate autoregressive model.  There are many factors, including access to healthy 

foods, which influence the health of the residents in neighborhoods.  However, a rise in 

obesity and overweight individuals has brought the local food environment of a 

neighborhood into the limelight (L. V. Moore & Diez Roux, 2006).  Specific attention 

has been focused on identifying regions within cities that have poor access to retailers of 

healthy foods, referred to as food deserts. Low income and minority residents living in 

these areas may experience barriers associated with areas of poverty (Larson, Story, & 

Nelson, 2009).  The absence of corporate supermarkets in poorer regions forces 

individuals living there to rely on smaller neighborhood stores that often sell limited 

healthy foods at higher prices (Apparicio, et al., 2007) as well as low priced fast foods.  

Even when supermarkets are present, high density of fast food outlets reduces theta, 

thereby nullifying the clusters of supermarkets.  Neighborhood deprivation and poorer 

access to health promoting resources lead to higher exposure of health damaging 

resources thus compounding the individual resident‘s disadvantage (Macintyre, 

Macdonald, & Ellaway, 2008). 
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Empirical studies have shown that contextual factors (such as neighborhood social 

and physical environments) can have a greater impact in creating ‗obesogenic‘ 

environments than individual-level social and economic factors, such as age, gender, 

race, and social class (Macintyre, et al., 2008; Mehta & Chang, 2008).  Environment can 

be examined in micro and macro segments, by what is available (physically), costs 

associated (economics), what the political rules are, and what the socio-cultural beliefs 

are.  Impact and influences from these factors that result in weight gain are referred to as 

obesogenic factors (Swinburn, Egger, & Raza, 1999).   

Numerous studies have analyzed geographic units (e.g., block groups) as 

independent entities that have no impact on each other.  However, we know that 

geographical spaces have neighbors and these adjacent areas should be considered in 

analytical analysis that attempt to determine the effects of place.  In Figure 3, unit A has 

as its primary neighbors ―B‖, ―C‖, ―D‖, ―E‖, and ―F‖ and a second neighbor ―G‖ and 

―H‖.  What happens in ―B‖, ―C‖, ―D‖, ―E‖, and ―F‖ has an impact on ―A‖ and, what 

happens in ―B‖, ―C‖, ―D‖, ―E‖, and ―F‖‘s neighbors also has an impact on ―A‖.  By 

capturing the first adjacent neighbors effect I account for all influences from the 

neighbors which is discussed further in the methodology section.  This spatial adjacency 

effect has not been accounted for in previous analysis.   
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Figure 3 

 

 

If the unit of analysis was independent and not contiguous then we could use non-

autoregressive regression models to analyze the data involved.  As shown in Figure 3, 

there is no difference in the spatial distribution of block groups when we perform 

classical models for regression.  However, census geography units are contiguous and 

have influences exerted on them by neighbors that cannot be ignored.  A simple 

regression model cannot capture the correct effects of the coefficients in a spatial study, 

which led me to develop a model that would account for spatial autocorrelation. 

  

Block groups 
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Data 

Table 1, gives a summary of the variables used in this study.  The independent 

variables used in this study offer theoretical explanation for the variability of corporate 

supermarkets in the region.  Previous studies show that neighborhood index score, social 

deprivation index, percent Hispanic, percent African American, distance to fast food 

outlets, distance to corporate supermarkets, and greenness are relevant variables in 

analyzing food environments (Apparicio, et al., 2007; Bell, Wilson, & Liu, 2008; Block, 

et al., 2004; Mehta & Chang, 2008; Roux, et al., 2001).  Theta, the dependent variable, 

normalizes the density of supermarkets based on fast food outlets.   

Table 1 

Variables 

Dependent Variable Independent Variables 

 
 
 
Theta (Relative Risk) of 

corporate supermarkets in Marion 

County 

Population effect: 

 Neighborhood index score 

 Social deprivation index 

 Percent Hispanic 

 Percent African American  

 Individuals age65+ 

Environment effect: 

 Distance to 3 nearest supermarkets 

 Distance to nearest fast food outlet 

 NDVI (greenness) 

 

Dependent Variable 

Theta of corporate supermarkets 

In order to assess the availability of corporate supermarkets in Marion County, 

corporate supermarkets are examined in proportion to the expected number of corporate 

supermarkets. This approach is adapted from the Standardized Mortality/Morbidity Ratio 
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(SMR) from the disease literature (Lawson, et al., 2003) and provides an estimate of theta 

within each block group.  Since SMR‘s are based on ratios, they can result in large 

changes in the estimate when a relatively small change in the expected value is present 

(high variance). It is stated that ―SMR is essentially a saturated estimate of theta and 

hence is not parsimonious‖ (Lawson, et al., 2003, p.5).  This study reduces the variances 

by modifying the SMR, or theta here, by using Bayesian estimates 

The equation for theta is represented as follows: 

𝑅𝑅𝑖=𝜃𝑖  =
𝑦𝑖

𝑒𝑖
 

i = block group 1,2,3,…..658 

Values of theta can be interpreted as follows: 

𝜃𝑖  = 1 means that no difference in risk in each block group (corporate 

supermarkets) observed and risk expected (i.e. the local ‗rate‘ is the same as the 

‗expected rate‘ for the whole study area.) 

𝜃𝑖  < 1 means that we are less likely to observe corporate supermarkets than in the 

actual data in each block group. 

𝜃𝑖  > 1 means that we are more likely to observe supermarkets than we should 

expect in each block group. 

Access to supermarkets has been analyzed by numerous studies (Apparicio, et al., 

2007; Laraia, Siega-Riz, Kaufman, & Jones, 2004; Larson, et al., 2009; Macintyre, et al., 

2008; L. V. Moore & Diez Roux, 2006; Morland, et al., 2002; Sturm, 2008) to examine 

and understand the health of a region.  However, interaction effects, absent in most 

studies, may explain variability in corporate supermarkets.  Examples of interactions 
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between population and environment are evident in human-environmental studies 

(Banerjee, et al., 2008).  When access to fast food establishments is disproportionately 

high versus corporate supermarkets it may influence individuals‘ choices and play a role 

in the health outcome of the region. 

Data of corporate supermarkets in Marion County was drawn from the annual 

inspection data collected by the Marion County Health Department in 2005.  There were 

7,506 entries in the entire database with the years each establishment was in operation.  

This database had been updated for a prior study, as part of an earlier grant, and street 

level latitude and longitude coordinates had been added using address matching 

geocoding procedures.  Some establishments were listed multiple times, due to multiple 

inspections conducted on the establishment within the same year.  To eliminate such 

duplications, extraneous records were manually deleted. 

Food establishments were classified into corporate supermarket categories 

according to standard procedures used in literature.  Corporate supermarkets are defined 

as grocery stores that are a part of a chain establishment.  Such corporate supermarkets 

are believed to provide fresh fruits and vegetables and other healthy food choices at 

reasonable prices (Apparicio, et al., 2007; Morland, et al., 2002).  This classification 

resulted in 81 corporate supermarkets in Marion County which are listed in the Table 2. 
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Table 2 

Independent variables – population effects 

Neighborhood Index Score (“niscore”) 

Based on an earlier study (Roux, et al., 2001) Census 2000 variables were used to 

represent neighborhood advantage in the block groups.  Higher ‗niscore‘ translates to 

greater neighborhood advantage.  Their correlations are depicted in Table 3 and later 

mapped in Figure 4, with the lighter regions representing the most disadvantaged block 

groups in Marion County.  This index is a sum of z-scores of the following six variables 

as described by Roux, et al., (2001). 

  

C orporate supermarkets 
  

Cub Foods   Sam‘s Club   

Kroger   COSTCO   

Marsh   K Mart Supermarket   

Meijer   Target Superstore   

O‘Malia‘s   Wal - Mart Superstore   

Safeway   
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A. Neighborhood level occupation (percentage of employed civilian population age 

16 and over in management, professional, or related occupations) 

B. Median household income. 

C. Median value of housing units. 

D. Percentage of households receiving interest, dividend, or rental income. 

E. Percentage of adults 25 years + completed high school. 

F. Percentage of adults 25 yrs + completed college. 

niscore = ∑ (z-score of variables A – F) 

Table 3 

 
Correlation (r) of neighborhood index score 

 

 

A B C D E F 

A 1 .626** .642** .692** .731** .837** 

B .626** 1 .711** .702** .611** .658** 

C .642** .711** 1 .650** .584** .670** 

D .692** .702** .650** 1 .657** .674** 

E .731** .611** .581** .657** 1 .736** 

F .837** .658** .670** .674** 0736** 1 

**. correlation sig at  0.01 level  

   
Table 3 shows all variables that have significant correlations at the 0.01 level (2-tailed).  

Neighborhood index score should positively relate to theta according to my hypothesis. 
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Figure 4 

 

Social Deprivation Index  

Since one variable is not enough to relate deprivation in a neighborhood to 

accessibility to healthy choices, a social deprivation index (‗socdepin‘) based on the 

study by Apparicio was calculated for each block group.   

The 5 variables included are: 

A. Percentage of individuals earning low incomes to the total population. 

B. Percentage of single-parent families to total number of families. 

C. Unemployment rate in the block group. 

D. Percentage of individuals 25+ with 12 years of schooling but no diplomas. 

E. Percentage of recent immigrants in each block group. 

  

N.I.Score

-9.76 - -3.80

-3.79 - -0.16

-0.15 - 4.07

4.08 - 9.96

9.97 - 21.31

Neighborhood Index Score 
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The correlation of these variables is presented in Table 4: 

Table 4 

Correlation (r) of social deprivation index 

  

A B C D E 

A low in pop _pct 1 0.143** 0.584** .089* -0.022 

B lone_parent_fam_pct 0.143** 1 0.106** 0.306** 0.125** 

C unemployment rate 0.584** 0.106** 1 0.119** -0.047 

D 25plus_grade12_nohsdpl_pct 0.089* 0.306** 0.119** 1 0.159** 

E recent_immig_pct -0.022 0.125** -0.047 0.159** 1 

 

 **. correlation is sig at 0.01 level 

   

 

   *. correlation is sig at 0.05 level 

    
As seen in Table 4 correlation between all the variables except two are significant 

at the 0.05 level.  A choropleth map of the social deprivation index is shown in Figure 5, 

where the darker block groups in the county represent the most disadvantaged 

neighborhoods.  This index is included to examine if there is a positive relationship 

between poor people and availability to corporate supermarkets. 
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Figure 5 

 

    

Census data 

Additionally, this study draws upon Census 2000 (U.S. Census Bureau, 2000) 

data to incorporate age 65+ population (total), the percentage of Hispanic and the 

percentage of African American population for the analysis in the model. 

Independent variables – environmental effects 

Mean street based network distance to 3 closest corporate supermarkets 

Accessibility has previously been estimated using various methods.  It is used as a 

predictor here.  For accessibility, I use mean network distance (‗dist_sms‘) from block 

group centroid to the three closest corporate supermarkets using Tele Atlas™ 2005 

streets.  The lighter colored block groups in Figure 6 represent the most disadvantaged 

block groups based on the values of the index.  Ninety percent of the block groups in 

Marion County are disadvantaged due to lack of corporate supermarkets.  However, due 

to the adjacent block groups, the access to corporate supermarkets for these block groups 

(without corporate supermarkets) may vary. 

Social Deprivation Index 
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Figure 6 

 

 

Street based network distance to the closest fast food outlet 

Fast food outlets were also drawn from annual inspection data collected by the 

Marion County Health Department in 2005 as part of their annual inspection of all the 

food retail establishments in the county.  There were 7,506 entries in the entire database 

with the years each establishment was in operation.  Like the corporate supermarkets, 

some establishments were listed multiple times, due to multiple inspections conducted on 

the establishment within the same year.  Extraneous records here were also manually 

deleted to eliminate duplications.   

Food establishments were classified into ―fast food outlets‖ categories according to 

standard procedures used in literature consistent with the following 4 criteria: 

1. the establishment sells limited lines of refreshments and prepared food items 

(Chou, Grossman, & Saffer, 2004). 

2. an establishment where payment is tendered prior to receiving food (Block, et al., 

2004) 

Average_dist_3closest sm's

0.00 - 0.39

0.40 - 0.74

0.75 - 1.24

1.25 - 2.09

2.10 - 4.73

Mean network distance to 3 closest corporate 

supermarkets 
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3. the establishment provides limited table service with minimal assistance after the 

meal is ordered (Chou, et al., 2004). 

4. the establishment is a franchised food establishment (Morland, et al., 2002). 

Establishments that were classified as fast food outlets included those that fulfill (1), 

(2) and either (3) or (4) of the above criteria.  They also included establishments which 

prepare barbecue, hamburgers, and pizza that can be eaten at the site or be for ―take-

home‖ (Chou, et al., 2004).  Excluded are places that specialize in only one type of food 

(i.e. smoothie shops, Aunt Annie‘s, Cinnabon, coffee bars, ice-cream shops), churches, 

hospitals, community groups, schools and nursing homes (Morland, et al., 2002). This 

classification resulted in 786 fast food outlets in Marion County, which are listed in Table 

5. 

Table 5 

Fast food outlets 

Arby‘s Dog n Suds Quiznos White Castle 

Blimpie Fazoli‘s Roly Poly Panera 

Boston Market Hardees Schlotzky‘s Steak n Shake 

Buffalo Wild Wings KFC Skyline Chili Einstein Bagels 

Burger King Long John Silver Starbucks Barbecue places 

Church‘s Chicken McDonalds Taco Bell Hamburger places 

Dairy Queen Qdoba Wendy‘s Pizza places 
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Once the fast food outlets were identified, using standard network modeling 

techniques, a distance from each block group centroid to the nearest fast food outlet 

(‗dist_ff‘) was calculated. 

NDVI 

The normalized differential vegetation index (NDVI), a measure of greenness, 

was used for the block groups of Marion County.  There is high correlation between 

NDVI values and the vegetation leaf area index in the region under analysis.  Its values 

range from -1 (low bio-mass: absence of healthy green vegetation) to 1 (high bio-mass: 

presence of healthy green vegetation).  The NDVI data in this study was based on May 8, 

2001 images from the Landsat Enhanced Thematic Mapper Plus (ETM+) senor and can 

be captured by the following equation (Jensen, 2007): 

𝑁𝐷𝑉𝐼 =
𝑛𝑒𝑎𝑟 𝑖𝑛𝑓𝑟𝑎𝑟𝑒𝑑 𝑏𝑎𝑛𝑑 − 𝑟𝑒𝑑 𝑏𝑎𝑛𝑑

𝑛𝑒𝑎𝑟 𝑖𝑛𝑓𝑟𝑎𝑟𝑒𝑑 𝑏𝑎𝑛𝑑 + 𝑟𝑒𝑑 𝑏𝑎𝑛𝑑
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Figure 7 

 

 

The dark blue regions in Figure 7 have more vegetation versus lighter regions. 

  

NDVI 
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Methodology 

Basic Model 

A traditional aspatial multivariate model used to identify healthy clusters could be 

summarized as follows: 

Supermarket clusters   = Population effect 

    + Environment effect 

    + Interaction effect 

+ Error term 

Where: 

 Dependent variable = supermarkets 

 Independent variable categories: 

i. Population effect 

 niscore 

 social deprivation index 

 percent Hispanic 

 percent African American 

 age 65 plus 

ii. Environmental effect 

 Distance to supermarkets  

 Distance to fast food establishments 

 NDVI  
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iii. Interaction effects 

 (percent Hispanic)*(mean distance to 3 supermarkets) 

  (age 65 plus)*(mean distance to 3 supermarkets) 

 (afam)*( mean distance to 3 supermarkets) 

The interaction effects incorporated in the model outlined above is a component 

that is not prevalent in most literature examining local access issues to food.  Some 

studies show minority groups have significant disadvantages when it comes to healthy 

eating places.  Therefore, these 3 interaction effects further explain the influences of 

minority population on the dependent variable.   

Figure 8 

 

                             

Eliminating geography can make analysis easier, but due to the connectivity of 

the block groups in my study area, results can be inaccurate.  A simple regression model 

falsely assumes that each of the block groups is independent of its neighbors, and it does 

not take Waldo Tobler‘s first law of Geography into account.  Tobler stated that all things 

are related, but things that are closer are more related than distant things (Waller & 

 

      Geography makes no difference in classical models 
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Gotway, 2004).  As shown in Figure 8, there is no difference in the spatial distribution of 

block groups when we use classical models for regression; however, according to 

Tobler‘s first law of geography we know that placement of block groups matter and 

neighborhood effects do exist; therefore due to this false assumption, classical regression 

models fail.   

To incorporate Tobler‘s law in the analysis we can include the adjacency effect 

which results in the addition of the following two terms in the multivariate equation: 

1. u = region specific correlated heterogeneity 

2. v = region specific uncorrelated heterogeneity 

The addition of these terms changes the aspatial multivariate equation to a spatial 

multivariate equation that can be represented as follows: 

Supermarket clusters  = population effect 

    + Environment effect 

    + Interaction effect 

+ u 

+ v 

+ Error term 

Statistical analysis incorporating spatial autocorrelation 

Incorporating neighborhood effect (adjacent neighbors), we are able to create a 

filter which results in a new geographical outline for analysis.  Since theta is 

conditionally dependent only on its immediate neighbors, according to Hamersley-
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Clifford Theorem (Besag, 1974), we can ignore the effects of all other non-immediate 

neighbors of each block group. The filter also creates overlap in the boundaries of the 

geographical units (block groups in this study), which dilutes the effect of the rigid 

arbitrary boundaries that otherwise exist in the map.  This reduces the problem associated 

with MAUP (modifiable areal unit problem) (Flowerdew, Manley, & Sabel, 2008) or 

COSP (change of support problem) (Waller & Gotway, 2004).  By incorporating the 

effects from ―B‖, ―C‖, ―D‖, ―E‖, and ―F‖ in Figure 9 all the neighborhood effects on ―A‖ 

are incorporated. 

Figure 9 

 

 

  

Block groups 
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The new area of influence for A is then represented in Figure 10. 

Figure 10 

 

 

The correct unit of geography or a method of segmenting the study area for 

analysis is not known where the true effect can be captured.  In most studies, census tract 

or block group level data are available.  It is important to remember that results of 

analysis can vary depending on the unit of analysis, which is MAUP (Flowerdew, et al., 

2008). Typically, as the correlation of the coefficients increases the areal unit size 

increases. 

A coefficient that appears significant at one spatial scale in regression analysis 

might be insignificant at another spatial scale giving conflicting results when examining 

the same phenomenon.  Focusing on local spatial regression (by incorporating the 

adjacency effects) or developing statistics that change in a predicted way across various 

units of analysis are two methods to address the MAUP. 

The Besag, York, and Mollie (BYM) Model, a Bayesian inference model was 

incorporated in this study to accurately identify the healthy clusters in Marion County.  

Bayesian hierarchical models (also known as conditional models) and hierarchical 

Block groups in spatial models 
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disease mapping models based on conditional auto regression (CAR) provide shrinkage 

of certain raw estimates which is dependent on the population in a unit of geography and 

provide spatial smoothing giving us more accurate patterns of the risk at hand.  In low 

population areas, Bayesian models draw on a region‘s adjacent neighbors to examine 

accurate representation of the issues at hand.  

The BYM model calculates theta associated with the supermarkets by taking 

clustering or correlated heterogeneity and uncorrelated heterogeneity into account, thus 

making the block groups independent of each other, which is a key assumption that 

cannot be ignored when performing any statistical analysis.  Here the only chain that is 

important is the one that occurs with the block groups immediate neighbors.  In statistical 

analysis, every record has to be independent of each other and un-biased, which is 

accomplished through this model. 

Block groups in Marion County do not have a one dimensional relationship, 

therefore there are multi-dimensional problems impacting this space.  Using the BYM 

model enables us to incorporate an adjacency matrix, a 2-dimensional vector, which 

results in the addition of two terms, ―u‖ and ―v‖ as indicated earlier. Each of the 658 

block groups in Marion County are given a weight based on the number of neighbors 

they have (total number of neighbors for all of the 658 block groups adds up to 3352).  

The weight given to a block group is contingent on the number of adjacent neighbors of a 

block group.  The adjacency matrix in the BYM model incorporates spatial 

autocorrelation by re-weighting each block group to make the corporate supermarkets 

(dependent variable) un-biased.  The differences between the adjacency matrix of an 

aspatial multivariate model and a spatial regression model are illustrated below.  For an 
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aspatial multivariate model the block groups might as well be floating in space like 

Figure 11 even though they are contiguous.  An adjacency matrix incorporating this 

assumption results in 0‘s for all neighbors.  In reality ―A‖ has 5 neighbors, but the 

adjacency matrix does not give us any information about them (Figure 11). 

Figure 11 

Adjacency matrix for non-spatial phenomena 

 

 

As indicated earlier we know that ―A‖ has 5 neighbors (Figure 12) and the total 

number and identification of each block group‘s neighbor are reflected in the correct 

adjacency grid in Figure 12. 

Figure 12 

Adjacency matrix for spatial phenomena 

  

 
A B C D E F G total 

A 0 0 0 0 0 0 0 0 

B 0 0 0 0 0 0 0 0 

C 0 0 0 0 0 0 0 0 

D 0 0 0 0 0 0 0 0 

E 0 0 0 0 0 0 0 0 

F 0 0 0 0 0 0 0 0 

G 0 0 0 0 0 0 0 0 

H 0 0 0 0 0 0 0 0 

 

 
A B C D E F G total 

A 0 1 1 1 1 1 0 5 

B 1 0 1 0 0 1 0 3 

C 1 1 0 1 0 0 0 3 

D 1 0 1 0 1 0 1 4 

E 1 0 0 1 0 1 1 4 

F 1 1 0 0 1 0 1 4 

G 0 0 0 1 1 1 0 3 

H 0 0 0 1 0 0 1 2 
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As stated earlier, according to the Hamersley-Clifford Theorem (Besag, 1974) 

knowing only the immediate lag only can show the subsequent lags without explicitly 

modeling all lag effects on each unit.  For the block groups on the outer edge of Marion 

County only the adjacent block groups from Marion County were included as its 

neighbors.  Due to the weighting process this does not pose a concern to the analysis, 

therefore, those block groups are not removed from the analysis.  This model was fitted 

using CAR prior for the parameter. 

The BYM model, a Poisson model, is based on the assumption that supermarkets 

are Poisson distributed, and its derivation can be explained as follows: 

𝒚𝒊 ~ Poisson (𝒆𝒊 , 𝜽𝒊) 

Where: 

             𝑦𝑖 = actual number of supermarkets in block group i 

𝑒𝑖  = expected supermarkets in block group I (Calculation indicated in the 

introduction.  The background risk E=0.09447 in this study) 

𝜃𝑖  = relative risk in the ith block group (theta= 𝜃𝑖=𝑦𝑖 /𝑒𝑖) 
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Figure 13 

 

Poisson distributions (Figure 13) can take into account ‗0‘ and missing block 

group values, and still represent the distribution of the supermarkets.  The focus of 

modeling using Bayesian Hierarchical Modeling is to capture the random effects of 

adjacency which are represented as: 

𝑣𝑖  = region specific uncorrelated heterogeneity or spatial autocorrelation effects 

𝑢𝑖  = region specific correlated heterogeneity 

Since the data in my study area consisted of supermarket counts in Marion 

County, the focus in this study was on block group count analysis. The supermarkets in 

Marion County were aggregated to the respective 658 block group centroid for analysis.  

Crude representation of supermarkets within a spatially heterogeneous population (in the 

block groups of Marion County) can be misleading since it does not take spatial variation 

in the study area into account.  Block groups with high/low density of supermarkets 

Poisson distribution 
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adjacent to it result in over/under interpretation of the supermarket environment, thus 

impacting the calculation of theta. 

I ran 3 models to capture the population effect (Model 1), environment effect 

(Model 2), and a combined model (Model 3) which also included the interaction effect.  

The first 10,000 iterations, also referred to as the burn-in, are discarded to establish better 

priors.  The model uses an iterative maximum likelihood process which is guided by 

Markov Chain Monte Carlo (‗MCMC‘).  MCMC is an algorithm that is based on a 

Markov Chain which uses previous correlated sample values to generate next sample 

values, thus generating a correlated Markov Chain.  Correlated Markov Chains converge 

to stable estimates faster than uncorrelated Monte Carlo Simulations (Lawson, et al., 

2003).  Higher number of iterations results in more accurate posterior estimates of the 

parameters. 

According to Bayesian estimation, posterior probability is equal to the product of 

prior probability and likelihood (data).  Since the focus of the model is on 𝜃𝑖  the model I 

ran can be stated as follows: 

𝜃 = Relative Risk = RR= (
observed  

expected  
) 

Log 𝜃 = Log (
observed  

expected  
) =Log (obese) – Log (expected) 

Log 𝜃𝑖  =𝛂  + 𝑢𝑖  + 𝑣𝑖  
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Transformation of the equation for the BYM model 

   Poisson distribution can be stated as: 

               DPoisson (mean, variance) 

 

Transformation to Log of theta to the present data can be stated as:                                

Log Ѳ𝑖  = 𝛼 + alpha1* (niscore) 𝑖    + alpha2*(socdepin) 𝑖   +  alpha4*(dist-

sms) 𝑖   + alpha5*(dist_ff) 𝑖   + alpha6*(ndvi) 𝑖    

+alpha7*(age65plus) 𝑖  + alpha8*(pcthisp) 𝑖    

               + alpha9*(pctafam) 𝑖    

              +alpha11*[(pcthisp) 𝑖 ∗ (dist_sms) 𝑖] 

               + alpha12*[(age65plus) 𝑖 ∗ (dist_sms) 𝑖] 

               +alpha14*[(afam) 𝑖 ∗ (dist_sms) 𝑖] 

                                + 𝑢𝑖  + 𝑣𝑖  + error 

    Where: 

 i = 1, 2, 3,….658 block groups 

𝛼 = constant 

u𝑖  = correlated spatial heterogeneity.  This is something we can control i.e. if the 

boundary of my block group changes this value will also change.  𝑢𝑖  is a random 

effect which arises when the block group is correlated to its neighboring block 

groups (spatial autocorrelation). 
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v𝐢 = uncorrelated heterogeneity.  A form of spatially uncorrelated and independent 

variable can also be classified as the random heterogeneous effect (area random 

effect which is not dependent on the neighbors). 

ei = expected count of supermarkets in each block group i.  

niscore = neighborhood index score calculated earlier 

socdepin = social deprivation index calculated earlier 

dist_sms = mean network distance from block group centroid to the closest three 

supermarkets  

dist_ff = network distance from the block group centroid to the closest fast food 

establishment 

ndvi = normalized difference vegetation index calculated earlier 

pct_hisp = percent Hispanic population in the block groups 

pct_afam= percent African American population in the block groups 

age65+ = individuals over 65 years of age  

Running this spatial model gives us unique values of the two spatial random 

effects (𝑢𝑖  𝑎𝑛𝑑 𝑣𝑖) and the error term for each block group, however, the coefficients of 

the other variables along with the constant term do not change by unit of geography.  The 

neighborhood influence captured by the correlated spatial heterogeneity term is indicated 

in the following equation (Lawson, et al., 2003): 

  



36 
 

If average 𝒖𝒊 =  𝒖 𝒊 

Then: 𝒖 𝒊 =
𝟏

 𝒘𝒊𝒋𝒋
 𝒖𝒋𝒘𝒊𝒋𝒋  

         𝒘𝒊𝒋 = 1 𝑖𝑓 𝑛𝑒𝑖𝑔𝑏𝑜𝑟 𝑎𝑛𝑑 0 𝑖𝑓 𝑛𝑜𝑡 

𝒖 𝒊 uses CAR model and follows a normal distribution which can be represented as 

follows: 

N (𝒖 𝒊 , 𝝉𝒊
𝟐) 

Where: 

  τ = standard deviation 

𝝉𝒊
𝟐 =  

𝝉𝒖
𝟐

 𝒘𝒊𝒋𝒋
 

Calculation for 𝑢 𝐴 in block groups A though H in Figure 14 can be illustrated as follows: 

Figure 14 

 

   

       

Block groups 
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𝒖 𝑨 =  
𝟏

𝟓
   𝒖𝑩 ∗ 𝟏  𝒖𝑪 ∗ 𝟏  𝒖𝑫 ∗ 𝟏  𝒖𝑬 ∗ 𝟏  𝒖𝑭 ∗ 𝟏   

   =  
𝟏

𝟓
  𝒖𝑩 + 𝒖𝑪 + 𝒖𝑫 + 𝒖𝑬 + 𝒖𝑭  

Location of 10 new corporate supermarkets 

After calculating theta values from the BYM model, I examine the block groups 

that lack supermarkets (658-66=592), and incorporate facilities location modeling, to 

identify 10 new sites for corporate supermarkets, using TransCAD™ software, based on 

graph theory and network optimization.  Block groups with existing corporate 

supermarkets are not included in the sites selection process when determining new 

locations.  TransCAD uses the greed heuristic algorithm (Owen & Daskin, 1998) in its 

initial stage to examine the candidate set (592 block groups of potential new sites) to 

achieve the objective, and then the facility location model in the software improves on 

the selection until no further improvements can be made to the choice. 

The premise of this method is based on graph theory which conceptually can be 

understood by reducing all connections down to vertices (nodes) and paths (links) 

(Barabasi, 2002).  Cost minimization is used to reduce the weight of the links between 

nodes to achieve the desired objective.  In my study nodes are the block group centroids 

and links represent the cost associated in getting from one centroid to another based on 

the street network distance of each block group.  I use cost minimization technique, using 

a cost matrix, which is based on minimizing the distance (Current, Min, & Schilling, 

1990) between the centroids of the candidate set and the closest corporate supermarket 

(facility).  Inverse of theta values from the BYM combined model are used as the weight 

for each block group for this cost minimization procedure.  Since each block group has a 
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level of service based on the availability of supermarkets, block groups with high theta 

values will not need as many new supermarkets as those with low theta values.  A theta 

value of 1 indicates that there are equal number of corporate supermarkets and fast food 

outlets.  If theta value is 2 it indicates that the proportion of corporate supermarkets to 

fast food outlets is more.  Lastly, if theta value is 0.5, this tells us that there are more fast 

food outlets than corporate supermarkets in the region. 
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Results 

After running the BYM model in WinBUGS the following median values of the 

population effect, environmental effect, and the combined model coefficients are reported 

in Table 6. 

Model 1, the simplest case, was designed to capture the population effect in 

Marion County which resulted in only 1 significant coefficient, ‗niscore‘ (alpha1).  This 

finding is very intuitive because when block groups neighborhood index score increases 

(making it more prosperous and well educated) the theta value also increases by 𝑒 .04426 = 

1.04 making such block groups slightly healthier than others.  The 2 spatial effects in this 

model are not significant. 

Model 2 was designed to capture the environment effects in Marion County which 

resulted in 4 significant coefficients.  As the distance from block group centroids to fast 

food establishments increases so does the presence of corporate supermarkets, but the 

mean distance to 3 supermarkets has an inverse relationship to the presence of 

supermarkets (Table 6).  Mean distance to 3 supermarkets (alpha4), and distance to a fast 

food outlets (alpha5) are both significant at a 99% credible interval of confidence.  The 

significant coefficients mean that for every mile increase in distance from every block 

group centroid to corporate supermarkets reduces theta by 𝑒−1.192 = 0.3 (since log theta= 

-1.192).  This means that access to healthy foods is reduced by 30% in this instance.  

Additionally, for every mile the fast food outlet is further away from a block group 

centroid theta increases by 𝑒1.437  = 4.22 (access to healthy foods is quadrupled).  

Theoretically, this finding makes sense, since as each block group is further away from a 

fast food establishment it results in a higher theta which is a healthier environment.  As 
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the distance to corporate supermarkets increases theta decreases, and as such, access to 

corporate supermarkets decreases.  The third significant coefficient in this model is 

―ndvi‖ (alpha 6), indicating that as this variable increases by 1 unit it also increases theta 

of the block group by 𝑒3.003  = 20.14, which is significant at a 90% credible interval of 

confidence and is an important finding.  As block groups have more green spaces, for 

instance natural and manmade parks, they will be healthier block group with high theta 

values.  Another interesting finding in this model is that the spatial random effect that is 

present in the region is significant in Model 2, so we cannot ignore the impact of space in 

Marion County.   

Model 3 captures the combined population effect, environment effect, and 

interaction effect on the presence of supermarkets in Marion County.  This model results 

in 5 coefficients including correlated spatial effect (𝑢𝑖) being significant at different 

credible intervals of confidence.  Percent African American families, mean distance to 3 

supermarkets, distance to fast food outlets, and ndvi are all significant like the 

environmental model with the signs of the coefficients being the same as in the Model 2.  

On the individual block group level the values of correlated spatial effects are from -

0.00135 to +0.00150 showing that with the food establishments investigated in this study 

there is not an individual correlated spatial random effect but there is an overall 

significant correlated random effect.  If there is a 10% increase in African American 

families, there is only a 3% (𝑒 .002602  = 1.003) increase in access to corporate 

supermarkets, which is a very small impact.  Alpha 4, alpha5, and alpha6 have the same 

effect on access to corporate supermarkets as it did in Model 2. 
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Table 6 

Median Values Nodes Popu_effect Environ_effect Combined 

constt alpha -0.05793   1.445 

      niscore alpha1 **         0.04426   0.0405 

      socdepin alpha2 -0.1284   -0.01017 

      age65+ alpha7 6.43E-04   -0.001778 

      pcthisp^4 alpha8 -0.2097   -0.4619 

      pctafam^4 alpha9 5.52E-04   **          0.002602 

dist_sms alpha4   ***              -1.192 ***             -1.618 

dist_ff alpha5   ***               1.437 ***              1.582 

ndvi alpha6   **                  3.003 **                3.233 

(pcthisp)(dist_sms) alpha11     0.03088 

(age65+)(dist_sms) alpha12     8.66E-04 

(afam)(dist_sms) alpha14     -0.004506 

      autocorr sigma.u 0.0413 0.04687 **            0.03405 

      random sigma.v 0.03752 **              0.03345 0.05299 

90% significant    ** 

99% significant    *** 

Illustrated in Figure 14 is a density grid of a 1 mile radius and a 0.03 cell width, 

depicting the healthy clusters in Marion County (theta values of supermarkets), taking the 

population and environment effects independently are.  In Figure 15, the first density grid 

of Marion County reflects the crude BYM model without the variables, and the second 

density grid includes all the variables of the model.  Even after taking spatial 

autocorrelation into account and adjusting for socio-economic variation we do see 

healthy clusters in Marion County, thus accepting the research hypothesis of this study.  

The red regions in Figure 15 and Figure 16 are where the clustering of supermarkets 

exists and purple is the region of the lowest or no clustering. 
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Figure 15 

Population and environment theta values  

I mile population effect density grid 1 mile environment effect density grid 

  

   

       

 

    

        

Figure 16 

Theta for combined model 

(population, environment, interaction effects) 

                         Theta (Prior)                                                 Theta (Posterior) 

         

High 

 

Low

High 

 

Low

High 

 

Low
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To capture this spatial effect I provide a choropleth map of theta of supermarkets.  

A choropleth map of the crude BYM model, without adjusting the independent variables, 

results in a theta prior map (Figure 17).  After adding all the variables and running the 

model, theta posterior (RR=  𝜃𝑖  =   
𝒚𝒊

𝒆𝒊
  ) is mapped in Figure 18.  This causes theta to be 

smoother than that of the prior theta (Lawson, et al., 2003).   

Figure 17 

 

Theta Prior 



44 
 

Figure 18 

                    

              

Graph Theory – optimal facilities location 

In the final stage of this study theta values generated in the BYM model are used 

as a weight to identify 10 new locations for corporate supermarkets in Marion County.  

There are 592 possible choices for locating 10 new facilities.  Therefore, there are 

1.35*1021  (592𝐶10) ways to locate the 10 new facilities out of 592 candidate locations.  

Using heuristic optimization (Owen & Daskin, 1998), it is possible to do a smaller but 

optimal search that results in locating 10 facilities whose total sum of network distances 

to all nearest block group centroids is smaller than any other set of 10 facilities.  

The ‗pink stars‘ in the Figure 19 are the 10 new sites based on the inverse of theta which 

gives us the demand value and distance which gives us the access metric for corporate 

supermarkets.  Figure 20 again shows the 10 new locations on the results from the 

combined BYM model.  Based on the density grid layer below, these locations appear 

where there is low to almost no healthy clustering, therefore they make sense and policy 

should be directed towards offering incentives to encourage entry into these markets.  

Theta Posterior 
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Figure 19 

        

                
 

Figure 20 

 

              

  

High 

 

Low

10 new corporate supermarket locations 

 

 

 

 

Overlay of locations on combined BYM model results 
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Conclusion 

Food environment are continually evaluated to examine their influences on human 

behavior.  The current study examines Marion County food environments and contributes 

to previous studies by incorporating the adjacent neighbors‘ effects in the analysis.  This 

analysis takes the use of Geographic Information Science based research to a higher and 

more inclusive level.  All the variables that appear significant in the combined BYM 

model intuitively make sense.  However, past studies indicated that minority populations 

have an inverse relationship with healthy eating places (corporate supermarkets).  My 

analysis show that a 10% increase in African American population increases access to 

healthy eating places (as identified in this study) by 3%.  This small increase may warrant 

further investigation to examine what might be happening differently in Marion County 

and how policy could be directed to increase this positive trend.  The inclusion of the 

social deprivation index should be looked into further.  The reason why it is not following 

the pattern of the neighborhood index score could be due to the variables included in the 

creation of the index.  It might be a better idea to use those variables individually versus 

combining them into an index. 

Not including neighbors of the block groups in other counties results in edge 

effects in this study, and incorporating a spatial model is only able to reduce this effect.  

One way to get address this problem is to either exclude the block groups on the edge or 

include all the neighbors of the block groups being examined.   

This study can be used as a primary step towards understanding the health of a 

region; however, since social and cultural choices are not incorporated in this study, it 

results in a limitation.  Individuals‘ work place, its relation to corporate supermarkets, 
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individual travel patterns, and how these impact individual choices are also not 

considered in this study.  It should also be noted that value of theta can be increased 

either by reducing fast food outlets or increasing corporate supermarkets.  The first 

objective can be accomplished by changing the function on page 3: by closing the nearest 

fast food outlet locations to vulnerable populations.   

The next logical step to this study is to include obesity variable to examine the 

relationship between food choices available and obesity rates amongst people.  Adding 

each additional layer in the future will only improve the analysis and lead us to answer 

some pressing questions about the epidemic of obesity in the region.  
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