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Figure 1 Distribution patterns of the variables: (a) Obesity Rate; (b) Race Heterogeneity; (c)
Poverty Rate; (d) Street Connectivity; (e) Walk Score; (f) Fast Food Ratio; (g) Urbanicity
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4.3 Methods
4.3.1 Ordinary Least Squares Regression

The regression takes the age-adjusted rates of obesity among adults as the dependent
variable; and the independent variables are race heterogeneity, poverty rate, ratio of fast-food to
full-service restaurants, street connectivity, walk score and urbanicity. The relationship was
examined on a county-wide basis with cross-sectional analysis by using an Ordinary Least
Squares (OLS) regression. The purpose is to test the significance of the variables and potential
multicollinearity problems among the variables. The model is set as:

OB =, + p1RaceHetero + f,Poverty + f3Ratio + ,SC + fsWS + fgMetro + ¢ 4)
where OB stands for obesity, So, f1, f2, B3, P, Ps and s are the regression coefficients, and ¢ is
the random error in the two models.

Moran’s | is used to test the spatial autocorrelation of the residuals from the regression
model:

3™ S Wij (xi - XY - %) )

| = n =T
> wii > (xi—x)°
i=1 j=1 i=1

where n is the total number of counties in the area, i and j represented different counties, x; is the

residual of i, and X is the mean of residuals. Wi; is a measure of spatial proximity pairs of i and j
(Wong and Lee 2005). The values of Moran’s I would be between -1 and +1. -1 means negative
autocorrelation which implied nearby locations tended to have dissimilar values; +1 means
positive autocorrelation which indicated that similar values tended to occur in adjacent areas.
Along with the index, Z-scores are usually reported for the statistical significance test. If Z is out
of the range of £1.96, the non-hypothesis of the randomness test is rejected at the 95% level,
which means the pattern is spatially auto-correlated. Otherwise, the spatial arrangement would be

regarded as completely random (Lin and Wen 2011, Goodchild 1986).
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The OLS regression result shows that the significant variables for obesity are race
heterogeneity, poverty rate, street connectivity and walk score (Table 2). The ratio of fast-food to
full-service restaurants is not significant. The poverty variable has a positive coefficient (0.31),
indicating that the relationship is positive, or in other words obesity prevalence is higher in areas
with high poverty rate. In addition, the positive sign of the urbanization variable indicates that
residents living in more urbanized areas are more likely at a higher risk of obesity. This confirms
the previous findings that that urban areas usually have more disadvantaged populations (i.e.,
low socioeconomic status or minorities) and less safe environments for people to take physical
activities (Doyle et al. 2006, Weir et al. 2006). The negative sign of the race heterogeneity
variable suggests that it is more common for the minorities to get obese. The coefficient for
street connectivity and walk score is negative and significant, confirming that higher street
connectivity and walk score are related to lower obesity rate. The VIF values in the table do not
suggest any multicollinearity among the independent variables. The coefficient of determination
r2 for obesity is 0.30, where there was a significant amount of variance unexplained. The
residual maps (Figure 2) show some spatial autocorrelation in the residuals. The Moran’s I of the
residuals is 0.31 (p < 0.01). The spatial autocorrelation in the residuals suggests there is some
spatially correlated variability unexplained by the global OLS model. Instead of the global model,
we shall use the local regression model, which allows the regression coefficients to vary over the
spatial domain.

4.3.2 Geographically Weighted Regression

GWR is a localized regression model that allows the parameters of a regression

estimation to vary over the spatial domain (Lin and Wen 2011). The model can be expressed as:

OB; = poi + piiRaceHetero + fiPoverty + SsiRatio + 54 SC + S5\WS + fsiMetro + ¢ (6)
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Table 2 Ordinary Least Squares result

Variable Coefficient StdError p-value VIF
Intercept 23.46 0.17
Race Hetero -1.69 -5.09 0.00 1.45
Poverty Rate 0.31 0.01 0.00 1.42
Street Connectivity -0.02 0.002 0.00 1.54
Walk Score -0.01 0.004 0.00 1.08
Ratio of fast-food-to-full-service -0.00 0.00 0.28 1.01
Metro 1.13 0.00 0.00 1.42
Moran’s | 0.31
Adjusted R? 0.30
AlCc 15,701

[ FH .
B g

- -1380- 676 E“ A =i
P 575- 284 Ak Pkl ] “ion 01t
[ ]28--30 T
[]-38-.00

I 01-382

W azo047

Figure 2 Residuals from the OLS regression. The map shows strong spatial autocorrelation.
where £, refers to the estimated regression coefficients at county i. The spatial variability of an
estimated local regression coefficient was examined to determine whether the underlying process

exhibited spatial heterogeneity (Fotheringham, Brunsdon and Charlton 2000). The optimal
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solution of the regression equation in GWR is constrained by a geographically weighted matrix
W; (Fotheringham et al. 2002):
Bi = XTWiX) I XW;Y (7)

where Wi; is defined by the spatial neighboring relations between points:

/Wil 0 0 - 0 \

0 Wi 0 .. 0

W, =k o0 0 W3 .. 0 | (8)
0 0 0 .. Wy

where Wj; is the impact between location i and location j (i and j = 1...n) defined by the distance
between them and a kernel function. The closer the data points are, and the stronger impact they
have on each other, and therefore a large Wj;. The kernel function is usually a Gaussian function
with a band width. The adaptive kernel band width calibrated by minimizing the Akaike
information criterion (AIC) value of the regression model was used.

The analyses were done in ERSI ArcGIS 10.1 and GWR 4 software packages. The results
from the GWR model (Table 3) show significant improvement over the OLS model. The model
returns an overall r? of 0.72, much better than the OLS model (r* = 0.30). And the lower AIC
value indicates the GWR model is better than OLS. Figure 3 shows the maps of the locally
weighted r? between the observed and fitted values. Furthermore, the residuals of the GWR
model only have a slight level of spatial autocorrelation (Moran’s | = 0.01).

The spatial distribution of r* is not even over the study area (Figure 3). Some counties
have high r? up to 0.85 and some are very low. Generally, the counties in most areas of the north
central states and the states of Mississippi, Alabama and Florida have better regression results
than others. Figure 4 and Figure 5 shows the maps for coefficients of intercept, race

heterogeneity, poverty rate, street connectivity, walk score, the ratio of fast-food-to-full-service
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restaurants and urban-rural classification, and the t values representing the fitting level for each
specific variable in GWR. The cartographic method by Mennis (2006) is adopted to map
coefficient values and their significance simultaneously.

Table 3 Geographically Weighted Regression results

Min 25% 50% 75% Max
quartile quartile quartile

Intercept 13.66 23.09 24.96 26.29 31.05

Race Hetero -14.57 -1.30 1.34 3.75 11.43

Poverty Rate -0.35 0.10 0.18 0.27 0.52

Street Connectivity -0.05 -0.02 -0.01 -0.004 0.04

Walk Score -0.13 -0.02 -0.01 0.004 0.07

Ratio of fast-food- to-full-service -0.30 0.00 0.00 0.15 1.75

Metro -11.55 -0.33 0.09 0.55 2.68
Moran’s | 0.01
Adjusted R? 0.72

AlCc 13,215
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Figure 3 Coefficients of determination (R?) from the GWR model
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Figures 4 shows the spatial patterns of the GWR model coefficients. The intercepts are
lower in the mountain areas and the northeast counties, indicating generally lower obesity in
those areas (Figure 4a). Figure 4b shows along the west coast and some areas inwards there are
significantly positive coefficients of the racial disparity. Poverty rate is strongly associated with
obesity in most of the counties, except for some counties in Colorado (Figure 4c). Further
investigation into the areas with negative coefficients might be interesting, which however goes
beyond the scope of this research. The consistency in the poverty coefficients leads to the general
consensus that socio-economic disadvantage/poverty might be the prevalent factor of the obesity
problem in the U.S. counties. The relationship between the street connectivity and obesity is
negative in most counties, with outliers of slightly positive values in the mountain areas (Figures
4d and 4e). The outliers are mainly in low population density areas. It suggests that in areas of
low population density, increase in street connectivity or walkability may not reduce obesity.
The ratio of fast-food to full-service restaurants is strongly and positively related to obesity rate
in the northeast areas and some counties from the state of Washington (Figure 4f). However, this
variable and the Urbanicity variable (Figure 4g) do not relate much to the obesity problem in
most area of the country. Therefore, they are not included in the discussion of spatial clusters in
the following section.

4.3.3 Regionalization

The coefficients maps have strong spatial correlation due to the use of local samples in
the GWR model. The spatial pattern of coefficients and their t values reflect some underlying
physical or social-cultural mechanisms. For example, in Figure 4b we can observe clusters of
strong positive coefficient values of racial heterogeneity in the north-west and the west coast area,

covering the major areas of California, Nevada, ldaho, Montana, North Dakota, and a part of
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Figure 4 GWR coefficients: (a) Intercept; (b) Race Heterogeneity; (c) Poverty Rate; (d) Street
Connectivity; (e) Walk Score; (f) Fast Food Ratio; (g) Urbanicity

26



South Dakota. If any future research is to be conducted on the obesity problem of different racial
groups, these areas would be interesting. Therefore, regionalization of coefficients and their
significance level can define geographical regions of high and low significant and non-
significant coefficients. By creating those regions, it could better reveal the heterogeneity among
the U.S. counties in their obesity problem. Three variable coefficients: race heterogeneity,
poverty rate and street connectivity are used in the regionalization analysis. Other variables in
the regression are omitted because their significant levels are generally low (Figure 4). The
procedure to delineate the regions is as following:

1. For each variable, the counties are classified to three codes based on the sign of their
coefficient and significance at 95%: 1 — significantly positive, 2- significantly negative, and
3 —not significant at 95%.

2. Use the “dissolve” algorithm in the GIS to eliminate the boundaries of counties in the same
class and spatially adjacent to each other. This will generate regions representing
homogeneous area of each variable, e.g. the coefficient values in the region are all positive
or negative or non-significant.

3. Generalize the region maps by eliminating those smaller ones. The goal of the
generalization is to avoid the regionalization being too fragmented. Remaining are 3-4 large
regions for each coefficient after the generalization.

4. Intersect the three region maps to create the final regionalization map (Figure 5).

The regionalization map shows the U.S. counties are grouped as 16 regions in 7 classes.
The classification is based on the signs of the coefficients of the selected three variables —
poverty, racial heterogeneity, and street connectivity, as summarized in Table 4. Class 1 includes

the states of New York, Connecticut, Pennsylvania, and Maryland. The two significant variables
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in this area are poverty (+) and race heterogeneity (-). The symbols + or — in the parenthesis
represent a positive or negative sign of the coefficient. Class 2 includes multiple clusters
scattered in the map, including the eastern part of the Gulf Coast, the south west mountain areas
of Utah, Arizona, and part of Colorado and New Mexico, the Great Lakes area and its basin, and
the area around Memphis, Tennessee. In these areas, the only significant variable is poverty rate.
Class 3 includes major areas of California, Montana, Wyoming, North Dakota, the west Utah and
small part of the south areas. None of the three variables is significant in these areas, suggesting
that the regression model could not explain much of the variability of the obesity problem. Class
4 is located at the northeast and northwest corners of the map, as well as the border area between
Texas and Louisiana. The two significant variables in this area are poverty (+) and street
connectivity (-). It suggests that in this area, policies that help the poor or promote walkable
environment would help in reducing obesity. Class 5 includes the coast of Virginia and North
Carolina - or so called “the Dominion of Atlantic”, Nevada, east part of California, Oregon and
Washington, and most areas of Idaho. All three variables are significant in this class: Race (+),
Poverty (+), Street Connectivity (-). Policies related to these variables would all be effective.
Class 6 includes the adjacent areas of Utah, Colorado, Nebraska and Wyoming. Class 6 has a
positive sign of street connectivity and a negative sign of race heterogeneity, both of which are
against the general hypothesis of the regression model. The population density is generally low
in this region. Class 7 is the central zone of the U.S., from Texas all the way up to the north
border of the country. None of the three variables is significant in these areas. In other words,
regressions cannot explain much of the variability of the obesity problem there. More variables

should be included to study the obesity problem in these areas.
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Figure 5 Geographical regions created from the GWR coefficients

Table 4 Classification of the regions based on the coefficient values

Classes Race Poverty Street Connectivity
Heterogeneity Rate
1 - + 0
2 0 + 0
3 + + 0
4 0 + -
5 + + -
6 - + +
7 0 0 0

({323

(“+” means positive significant, “~’means negative significant, “0” means not significant)

4.4 Discussion

As the first attempt to use the Walk Score and street connectivity at the county level
concerning public health, this research confirms the previous findings about the role of
walkability in reducing obesity at the community level (Frank, Andresen and Schmid 2004).
Both the global OLS model and local regression model have showed that Walk Score is a
significant factor to explain variability of obesity in the U.S. The aggregated Walk Score at the

county level from the Front Seat algorithm is proven significant in modeling obesity by
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regressions. In other words, a feasible way of measuring walkability was demonstrated at the
county scale to be used in research of public health. The consistency between the global and

local regression models suggests the generality of this approach to measuring walkability.
Nonetheless, some outliers in the local regression model can be observed in Figure 4e. These
counties, mainly distributed in the central zone of the country either have positive coefficients
(the higher the walk score, the higher the obesity) or non-significant (walk score does not matter).
These outliers might be caused by the inconsistency of the data used in the Walk Score algorithm.
The use of centroid of census tracts to approximate the population centers in the algorithm might
be one of the reasons.

While the global OLS regression model can measure the relationship between the obesity
rate and the six explanatory variables: race heterogeneity, poverty rate, street connectivity, walk
score, ratio of fast-food- to-full-service and urban-rural classification, the local regression model,
GWR has its strength in finding geographical heterogeneity among the counties by the clustered
spatial pattern of their coefficients. In fact, the spatial patterns of the coefficients are more
favorable than the regression itself to a geographical analysis. General statistic methods used in
Human Geography have been criticized for the attempt to generalize human objects and neglect
the spatial structure of the society. The use of the localized regression model (GWR)
compensates the weakness of the statistic models that neglect spatial heterogeneity. It turns out
the GWR is more powerful in explaining the variability of obesity in use with the selected
independent variables: race heterogeneity, poverty rate, street connectivity, walk score, ratio of
fast-food- to-full-service and urban-rural classification. The spatial pattern of the coefficients is
actually more interesting to Human Geographers than the regression itself. In each of the

coefficient maps (Figure 4), one can visually identify distinguishable areas and clusters. It is
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evident that the public health policies cannot depend upon a global model. For example, poverty
rate is identified as a significant positive contributing factor of obesity by the global model; but
from the local model areas with negative or non-significant coefficients were able to identified,
indicating that the global model’s conclusion does not apply to these regions (Figure 4c). Public
policies should be flexible in accordance to the unique characteristics of each region.

Furthermore, 1 would like to comment on the methodologies used in our research and by
others in Human Geography studies. Our regionalization analysis partitions the entire study area
into multiple patches that have unique characteristics regarding to their coefficient values and
significance levels from the local regression model. The outcome is similar to what has been
used by the Regional Geography paradigm. Regional Geography studies the unique combination
of characteristics in an area (Peet 1998). Despite the similarity in their form and descriptive
nature, our approach is fundamentally different from that of the traditional Regional Geography
that has been criticized of its lack of scientific justifications, and of that the regions defined from
the traditional approach are subjective and unpredictable. In contrast, our approach is based on
the quantitative information from the regression models — i.e., the region divisions are
empirically defined. The sign of the coefficients and their significant level (95%) were used as a
threshold to define different regions. Therefore the regions created from our regionalization
analysis are predictable and scientifically justifiable, and essentially it is GIS that makes such an
approach possible. Hence, one of the possible purposes of this paper is to illustrate and promote
the use of GIS spatial analysis and statistics on public health studies.

The unique characters of the classes defined in table 4 for the regions in Figure 5 could
improve the policy-making procedure of the obesity problem. It helps answering two types of

questions: “What measures could be taken to reduce the obesity risk in area X?” and “What are
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the areas that measure Y could reduce obesity rate?” To answer the first question, one shall read
the class of area X from the map of Figure 5 and find whatever variables that are significantly
defined for that class from Table 4. To answer the second question, one just needs to look up
from Table 4 the classes that marked as significant measure of Y and then refer to the Figure 5
map to find the counties in those classes. In this way, policy-making personals with no expertise
in GIS and quantitative methods would be able to dissect such a report.

Although the ultimate goal of public health research is to thoroughly understand the
obesity problem related to the physical and socio-economic conditions, this research only
focused on several built environment variables and social status variables. The variables were
selected according to the major hypotheses about obesity (Rundle, Roux and Freeman 2007).
Even for built environment, there are many other variables that were not selected, such as land
use mix, access to park and neighborhood crime rates, which were mentioned in previous
research (Talen and Anselin 1998). Furthermore, individual’s socioeconomic status such as age,
gender, income, marital status, education level and employ status was not taken into account. To
improve the understanding of obesity and built environment associations, it is possible to adopt
some space-time analysis framework, such as stratifying different years instead of analyzing one
epidemic year. By doing so it could provide more detailed patterns of spatial autocorrelation
changes of obesity-built environment relationship. Moreover, weather was not include as a
variable because it was not a common practice in previous research; but as suggested from our
GWR model analysis of the clustering pattern of the counties, weather might be an explanatory
factor that results in such a spatial pattern. At last, linear regression cannot handle non-linear

relationships. Certain transformation will be necessary if non-linear terms are identified.
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Although we do not observe any non-linearity in the variables used in this research, cares should
be taken if more variables are included in the future work.
4.5 Summary

To summarize, in this research the obesity problem and related built environment factors
were analyzed over the counties in lower 48 states and DC by using the regression models with a
GIS. A global model was used to analyze the overall relationship and GWR model to identify
regional differences. The agreement among most counties about the poverty rate, street
connectivity and walk score was found in relation to obesity; | also found different model
coefficients among the counties about race heterogeneity, food environment and urban-rural
classification. These findings were translated to qualitative inferences that could help policy
making. GIS made the local regression and regionalization possible and converted the
quantitative statistics to a geographical analysis problem. Such data analysis methodology and
framework could enhance our understanding of the obesity problem over the U.S. | expect

similar approaches are to be applied to other public health problems in the U.S. or other countries.
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Chapter 5 Built Environment and Obesity by Urbanicity in the U.S.
5.1 Introduction

Obesity is a major risk factor for heart disease, diabetes, stroke, depression, sleep apnea,
osteoarthritis, and some cancers (Ahima and Lazar 2013). Regular leisure time physical activity
can help control weight and improve health. However, less than half (48.4%) of adults of 18
years of age and over meet the Physical Activity Guidelines for aerobic physical activity in 2011
(National Center for Health Statistics 2013), and more than one-third (34.9%) adults were obese
in 2011-2012 (Ogden et al. 2013). The medical costs for obese people were $1,429 higher than
those of normal weight in 2008 (Finkelstein et al. 2009). Obesity prevalence rates vary a great
deal across states from 20.5% in Colorado to 34.7% in Louisiana in 2012 (CDC 2012), and even
more among smaller geographic areas such as counties.

The cause of obesity arises from a positive energy balance over time. Energy intake is
basically from food and drink, and energy consumption is related to individual’s physical activity.
An individual with a high level of consumption of fast foods and sugar-sweetened beverages
(Pereira et al. 2005, Schulze et al. 2004) and a low level of physical activity (Koh-Banerjee et al.
2003) has a high risk of obesity. The obesogenic environment thesis suggests that disparities of
obesity prevalence are attributable to differentiated exposure to a healthy food environment that
promotes healthier dietary choices and built environments that encourage physical activities
(Swinburn, Egger, and Raza 1999; (Powell, Spears and Rebori 2010). Built environment refers to
human-made resources and infrastructure designed to support human activity, such as buildings,
roads, parks, restaurants, grocery stores and other amenities, as compared with the natural

environment (Pierce et al. 2012).
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There is a large body of literature examining the relationship between built environment
(including factors such as access to healthy food, distance to nearby amenities, walkable urban
form and neighborhood safety) and obesity (Feng et al. 2010, Papas et al. 2007, O Ferdinand et
al. 2012, Durand et al. 2011). However, due to challenges of data requirements and computation
complexity for measuring obesogenic built environments, few studies are on a national scale
until very recently. Among the recent national studies, Wen & Kowaleski-Jones (2012) and Wen
et al. (2013) considered two major built environment factors such as distance to the nearest parks
and street connectivity, and Wang et al. (2013) focused on the role of population-adjusted street
connectivity. The present nationwide analysis considers two built environment factors that have
not been included in previous studies of such a scale, namely walk score and the ratio of fast-
food to full-service restaurants.

Furthermore, recent literature suggests that the linkage between built environment and
physical activity (and thus obesity) vary in different geographic settings such as urban versus
rural areas (Monnat and Pickett 2011, Ding and Gebel 2012, Ewing et al. 2014). Urban
neighborhoods have more sidewalks, mixed land uses, better street connectivity and more
playgrounds than rural areas (Lopez and Hyness 2006). Within urban area, children in inner city
neighborhoods are engaged in less physical activity than those in suburban areas (Weir, Etelson
and Brand (2006). More anxiety about neighborhood safety may deter physical activity and help
explain a higher obesity rate in inner city areas (Felton et al. 2002, Wilson et al. 2004). A recent
study shows that better street connectivity reduces obesity risk only in suburbia of large
metropolitan areas, not central city areas or smaller metropolitan or rural areas (Wang et al.
2013). This research examines the association between built environment and obesity with an

emphasis on the likely variability across different levels of urbanicity.
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On the methodological front, multilevel models are common in public health research.
Individual behaviors such as eating habit and physical activity do not occur itself; rather, they are
influenced by socio-environmental factors including built environment (Huang et al. 2009). This
study uses the multilevel modeling approach to analyze the influence of built environment on
adult physical inactivity and obesity in the U.S. while controlling for individual attributes (e.g.,
race, age, gender, marital status, education attainment, employment status, income, and whether
an individual smokes). The next section explains data processing and definition of variables.
Section 5.3 presents the multilevel models and related results. Section5.4 discusses the results
and highlight findings. The section is concluded with a brief summary and discussion of future
research.

5.2 Data Sources and Variable Definitions
5.2.1 Individual Variables from BRFSS

The Behavioral Risk Factor Surveillance System (BRFSS) is an annual health-related
telephone survey system for tracking risk behaviors, health conditions, and use of preventive
services in the U.S. since 1984. Since 2011, the survey data added cell phone only respondents to
landline respondents that were covered by the survey data for 1984-2010. We used the 2012

BRFSS data set (http://www.cdc.gov/brfss/annual data/annual 2012.html), the most recent one

available at the time of this research being conducted. The data set contains a large volume of
individual data geocoded to county. After eliminating the records with missing values for
variables used in this study, the study area includes 328,156 observations from the BRFSS in the
48 conterminous states and Washington D.C.

The BRFSS data contains two dependent variables used in this research: physical

inactivity and obesity. Physical inactivity refers to no leisure-time physical activity or exercise in
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the last month as reported. Individuals with BMI > =30 were considered as obese. They are
coded as binary, i.e., 1 for no physical activity and 0 otherwise, 1 for being obese and 0
otherwise.

Individual independent variables are also from the BRFSS data set (Table 1). In addition
to age (18+), “age squared” is added to check the curvilinear impact of age in the multilevel
models in the next section. Race-ethnicity is categorical including non-Hispanic Black, Hispanic,
and others with non-Hispanic White as the reference category. Binary variables include sex
(female as the reference category), employment status (not employed as the reference category),
marital status (currently not married as the reference category), and smoker (non-smoker as the
reference category). Education and income are numerical such as: education level = 1-4 (1 for
“did not graduate high school”, 2 for “graduated high school”, 3 for “attended college or
technical school”, 4 for “graduated from college or technical school”), income level = 1-5 (1 for
“less than $15,0007, 2 for “15,000 to less than $25,000”, 3 for “$25,000 to less than $35,000”, 4
for “35,000 to less than $50,000”, 5 for “$50,000 or more.”

5.2.2 Rates of Physical Inactivity and Obesity for VVarious Socio-Demographic Groups

Table 5 summarizes the sample distributions across the individual socio-demographic
variables reported in the 2012 BRFSS. The overall physical inactivity rate is 23.49%, and the
overall obesity rate is 29.25%. Among the four major racial-ethnic groups, non-Hispanic whites
account for the vast majority (80%) and can be considered as the reference category, both
physical inactivity rate (PIR) and obesity rate (OBR) for non-Hispanic Blacks or Hispanics are
higher than the averages and more so for non-Hispanic Blacks, and the PIR for others is slightly
higher than the average but the OBR for others is slightly lower than the average. The PIR

increases with age, so does the OBR till the 54-65 age group but drops in the 65+ age group. The
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Table 12 Variables at the zip code and county levels

Data source Neighborhood Mean Median Range
(Year) Characteristics Zip Code County Zip Code County Zip Code County
Decennial Census (2010) % Poverty 0.74 11.73 0.09 11.20 0.00-48.86  4.80-25.80
ESRI Data DVD (2008) Street Connectivity 8.45 29.13 1.13 13.15 0.02-83.79  0.91-173.46
Online (2013) Walk score 10.25 6.20 0.00 0.00 0.00-92.00  0.00-32.84
ESRI Data DVD (2008) Distance to park 12.00 13.04 10.49 9.67 0.38-2.17 0.80-46.06
Economic Census (2007) Food environment! 84.64 2.87 35.84 3.10 2.17-958.49 0.00-5.33

! Food environment means fast-food restaurant accessibility at zip code level and the ratio of fast-food restaurant to full-service

restaurant at county level
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and county). Three-level random intercept logistic regression analyses were performed using
SAS ProcGlimmix (Gibbs 2008). Model 1 tested the effect of individual and zip code variables.
Model 2 added county-level factors to Model 1. Model 3 was the final model including all
significant place-based contextual variables in previous models. Akaike Information Criterion
(AIC) value for each model was also reported to gauge a model’s balance between its fitness of
power and degrees of freedom.

Table 13 presents the odds ratios of multilevel logistic models for the risk of obesity
(BMI >=30). The effects of all the individual variables are fairly consistent across all models.
White is not significant in any models. Female gender, college education, self-employment,
homemaker, married and smoking are negatively associated with the odds of obesity. Age is
positively associated with the odds of obesity, but the negative and significant coefficient for the
“age squared” variable suggests this trend is reversed after reaching a certain age. Zip code level
poverty prevalence (Models 1, 2 and 3) and county level ratio of fast-food to full-service
restaurants (Models 2 and 3) are the only two place-based covariates exhibiting significant and
positive associations with individual-level odds of obesity. Based on the AIC values, Model 3 is
preferred.

Table 14 presents the results for overweight and obesity. Currently married is not
significant anymore and student becomes negatively significant in Model 1. Other individual
variables have the same effects as Table 13. In Model 1, fast food restaurant accessibility is
negatively associated with the odds of overweight and obesity. Poverty prevalence (Models 1
and 2) and distance to the closest parks (Model 2) are positive covariates at zip code level but the
effect of poverty is rendered insignificant in Model 3. At the county level, only the ratio of fast-

food to full-service restaurants is a significant covariate positively associated with the odds of
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overweight or obesity (i.e., BMI>=25) (Models 2 and 3). Based on the AIC values, Model 3 is
preferred.

Table 13 Adjusted Odd Ratios (95% Confidence Interval) of the Multilevel Logistic
Models for Odds of Obesity (BMI>=30)

Model 1 Model 2 Model 3
Individual-level variables
Age (18+) 1.1337 1.1337 1.133"
Age’ 0.999" 0.999"" 0.9997"
Female 0.845 0.846 0.845
White 1.063 1.063 1.059
Married 0.886 0.885 0.887"
College 0.834"" 0.835 0.8277"
Self-employed 0.748"" 0.7497 0.752""
Out of work for more than 1 year 1.142 1.144 1.129
Out of work for less than 1 year 1.119 1.123 1.113
Homemaker 0.829"" 0.828"" 0.826
Student 0.879 0.876 0.838
Retired 1.054 1.055 1.050
Smoker 0.930° 0.931° 0.933
Zip code-level variables
Poverty 3.1497 3.686 3.4717
Street connectivity 1.002 1.002
Walk Score 0.999 1.000
Distance to park 1.007 1.011
Fast food accessibility 1.000 1.000
Metro 1.037 1.025
County-level variables
Poverty 0.996
Street connectivity 1.000
Walk Score 1.004
Distance to park 0.991
Ratio of fast-food to full-service 1.172" 1.160™"
Metro 0.875
AIC 23599.08 23595.30 23581.16

Sample size: 21,961 individuals living in 299 zip codes, 29 counties.
***p< 0.001, **p< 0.01, *p< 0.05 (two-tailed tests)

6.4 Discussion
A unique feature of the current study is that it fit three-level multilevel models to

simultaneously examine several built environmental features in their associations with odds of
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excessive body weight at two geographic aggregation levels: zip code and county. Two different
levels of excessive body weight, overweight plus obesity and obesity alone were examined. The
results suggest that observed built environmental influences on overweight and obesity are
sensitive to these nuances. Net of individual controls and place-based poverty prevalence,
distance to parks seems to be the only significant built environmental variable that is consistent

Table 14 Adjusted Odd Ratios (95% Confidence Interval) of the Multilevel Logistic Models for
Odds of Overweight and Obesity (BMI1>=25)

Model 1 Model 2 Model 3
Individual-level variables
Age (18+) 1.1357 1.136" 1.136"
Age? 0.999™" 0.999™" 0.999""
Female 0.475 0.475 0.475
White 1.058 1.058 1.054
Married 1.039 1.039 1.040
College 0.823"" 0.824"" 0.8207"
Self-employed 0.820"" 0.8217" 0.8217"
Out of work for more than 1 year  0.964 0.964 0.962
Out of work for less than 1 year 0.967 0.970 0.969
Homemaker 0.734™ 0734 0734
Student 0.861" 0.859 0.858
Retired 0.941 0.941 0.942
Smoker 0.945 0.945 1.768
Zip code-level variables
Poverty 2.104” 2.376 1.768
Street connectivity 1.000 1.000
Walk Score 1.000 1.000
Distance to park 1.009 1.014" 1.012"
Fast food accessibility 0.999" 0.999
Metro 1.003 0.975
County-level variables
Poverty 0.997
Street connectivity 1.000
Walk Score 1.005
Distance to park 0.991
Ratio of fast-food to full-service 1.128™ 1.120™
Metro 0.926
AIC 27604.79 27599.70 27585.17

Sample size: 21,961 individuals living in 299 zip codes, 29 counties.
***p< 0.001, **p< 0.01, *p< 0.05 (two-tailed tests)

66



with our hypothesis, that is, the longer distance to parks, the less spatial park accessibility, the
higher odds of overweight and obesity. However, this effect is only manifested for the odds of
being overweight or obese rather than being obese alone. Meanwhile, the results on the food
environment are inconsistent across zip code and county level analyses. In addition, walk score
and street connectivity, measures of neighborhood walkability, are not significantly linked to
odds of individuals’ excessive body weight in this sample.

Poverty rate is the only placed-based socio-demographic variable included in the analyses
as a control variable. Both zip code and county level poverty rates were examined. It turns out
the zip code-level poverty effect is more stable across the model configurations and body weight
outcomes compared to built environment features. By contrast, county-level poverty was never
significant in the presence of zip code-level poverty. This finding suggests that socioeconomic
status, captured by poverty rate, should play a more important role at smaller geographic unit.
County-level poverty has a weaker influence on the individual compared to zip code-level
poverty as the latter captures socioeconomic contexts of more immediate social surroundings.

Three types of built environment features including walkability, park accessibility and
food environment were examined. Unexpectedly, none of the two walkability measures, namely
street connectivity and walk score, were significant. Both variables were objectively measured
and theoretically expected to be conductive to leisurely or non-leisurely walking and thus help
with prevention against excessive weight gain. The empirical discrepancies are intriguing but not
without antecedent (Berke et al. 2007). Several reasons are possible for this result. Our measures
of walkability are not precise enough and the exposure misspecification may partly explain the
null finding. Lacking information on individual address, geographic centroids of each zip code

area as the focal point were used to measure street connectivity and walk score. Within-area
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variations can not be captured in this way. In addition, there may be interaction effects between
walkability and other neighborhood factors such as socioeconomic status and ethnic composition.
A recent study conducted in Baltimore found that walkability was only negatively linked to
lower odds of obesity among individuals living in predominantly white and high-SES
neighborhoods whereas the association between walkability and obesity among individuals
living in low-SES neighborhoods was not significant after accounting for the confounders
(Casagrande et al. 2011a). Other interaction effects may also exist. It is also possible that
walkability effects are simply just weaker compared to other built environment features like food
environments and park accessibility in Utah. However, population-based studies also conducted
in Utah (Smith et al. 2008a, Zick et al. 2013) used different walkability indicators and examined
the walkability and obesity link reporting that increasing levels of walkability decrease the risks
of excess weight. Perhaps empirical results of the walkability and excessive weight link are to
some extent to the specific walkable-environment measures used in the analysis.

Distance to parks captures spatial inaccessibility to local parks representing one type of
neighborhood activity-promoting public amenities. A significant and positive effect of this
variable was found at the zip code level but not at the county level. This is consistent with
previous findings that the association between neighborhood environments and health outcomes
are stronger for smaller units such as zip code and census tracts (Krieger et al. 2003, Sturm and
Datar 2005). The result also makes intuitive sense, that is, individuals’ exercise levels are likely
to be more responsive to parks nearby rather than those located distantly. Compare to walkability,
presence of local parks is a stronger built environment factor of individuals’ odds of excessive
weight in our analysis.

While walkability and park accessibility are both hypothesized to be environmental
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factors promoting physical activity, the food environment is supposed to affect the other key
energy balance factor, dietary intake. There are many ways to capture the food environment and
calculating the number of fast food restaurant per capita is a common method in many researches
(Wang et al. 2007, Jay 2004). In this study, density of BMI-unhealthy food outlets was captured
by focusing on per-capita exposure to fast food. Instead of using the conventional method, the
presence and density of fast food outlets were operationalized differently for the two spatial units,
zip code areas and counties. Fast-food restaurant accessibility was defined at the zip code level
and the ratio of fast-food outlets to full-service outlets was used at the county level. Results show
that there is slightly negatively association between fast food accessibility and risk of overweight
and obesity at the zip code level. Although the association at the zip code level in Model 1 is
counterintuitive, it is no longer significant after adding the county-level variables. For fast food
ratio at the county level, it is strongly positively associated with the risk of unhealthy outcome
and obesity (p< 0.001). The explanation is that full-service restaurants are typically providing
healthy food, while fast-food restaurants are typically main source of unhealthy, energy dense
processed foods (Michimi and Wimberly 2010). This is the only variable that is significant at the
county level. Since people normally drive to buy fast food beyond the zip code they live, perhaps
the adequate scale for defining food environment need to be expanded beyond zip code areas.
6.5 Concluding Remarks

Based on the BRFSS data in Utah, this research examines the associations between
neighborhood built environments and individual odds of overweight and obesity after controlling
for individual risk factors. Four neighborhood built environment factors measured at both zip

code and county levels are street connectivity, walk score, distance to parks, and food
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environment. Two additional neighborhood variables, namely the poverty rate and urbanicity, are
also included as control variables.

Several study limitations should be kept in mind when interpreting study findings. First
of all, this study is cross-sectional without taking the time effects. The built environment
variables describe an individual’s location at a specific time which does not account for how
long the residents have lived in that address. For example, people with high BMI may reflect
years of accumulation but only live in that area while doing the survey. The cross-sectional
analysis cannot tell whether neighborhood environment factors cause individuals to live health or
whether health individuals choose to live in neighborhood with good environment characteristics.
To better sort of selection versus causation, longitudinal analyses should be conducted in the
future. Second, the measurement of overweight/obesity was relied on self-reported weight and
height. Under reporting may occur if individuals who are older or heavier. Lastly, there are
omitted built environment factors that are important but not examined in this study. For example,
the mixed land use may increase people’s physical activities and reduce obesity. Highly mixed
commercial and residential land uses can provide goods and services within individuals’ walking
or bicycling distances.

Despite the limitations, several strengths of this study are noteworthy. A key contribution
of the current study is its simultaneously examining both physical activity and food
environments at two different geographic units. To the best of our knowledge, this is the first 3-
level study examining contextual effects of the built environments on individuals’ odds of
excessive weight. The MLM results show that among the four built environment variables, (1) at
the zip code level, distance to parks is the only significant (and negative) covariate of the odds of

overweight and obesity; and (2) at the county level, food environment is the sole significant
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factor with stronger fast food presence linked to higher odds of overweight and obesity. As
residents normally walk to parks for recreational activities but drive to restaurants for food, the
relevant built environments vary in spatial range. The findings suggest that obesity risk factors
lie in multiple neighborhood levels and built environment need to be defined at a neighborhood
size relevant to residents’ activity space. This raises the issue of “uncertain geographic context
problem (UGCoP)” and suggests that the contextual variables need to be defined in a way that

reflects human mobility pertaining to the specific trip purposes.
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Chapter 7 Conclusion and Future Work

This chapter summarizes the results and discussions of the previous chapters. Both
Ordinary Least Squares and Geographically Weighted Regression were used to test the
relationship between built environment and obesity rate by using the aggregated dataset. This
approach may lead to ecological fallacy, where relationships observed in groups are assumed to
hold for individuals. Besides the aggregate regression models, the need to consider
environmental and contextual variables in the social and behavioral sciences has taken into
account. Multilevel models have grown in popularity in large part because they provide a means
to explicitly model the influence of context on many individual level processes. However, in
applications of these and other statistical models that incorporate context into the analysis, rarely
is physical location or distance between entities considered. In order to obtain a comprehensive
understanding of how environmental attributes affect people’s behavior, this dissertation
examines the relationship between built environment and obesity by using different models and
sources of data.

The quantitative measured of the built environment variables by using GIS techniques
and the nationwide of the study area are the most important merits in this research. Multilevel
models which have the ability to model contextual questions were then used to study the
contextual and organization effects on people’s weight status. There are three main parts of this
dissertation. The first one and the second one were focused on county-level analysis with the
study area of the conterminous United States. The third part simultaneously examined both
physical activity and food environments at two different geographic units: county and zip-code

in the state of Utah. The results suggest that obesity risk factors lie in multiple neighborhood
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levels and built environment need to be defined at a neighborhood size relevant to residents’
activity space.

While the measurements of neighborhood built environment are similar to those
commonly investigated in the literature, the implementations at the national level, particularly
walk score and food environment, are new. Furthermore, regionalization analysis was applied in
order to identify the attributes of the areas with higher rates of obesity which will be a useful tool
for public health researchers and policy makers to effectively optimize scarce public health
resources on disadvantage regions. Multilevel models including both two-level and three-level
models were performed to predict the risk of obesity based on a function of predictor variables at
more than one level. It contributes to a better understanding of the specific individual, socio- and
built environment variables that are associated with obesity which may provide insight into
potentially risk factors to the current obesity epidemic.

7.1 Summary of the results and conclusions

(1) By reviewing the aggregate level, the regression model has found that the walk score
and street connectivity are negatively relatedly to obesity, and that poverty rate and metro are
positively related to obesity, while the fast-food-to-full-service restaurant ratio is not significant.
While the global OLS regression model can measure the relationship between the obesity rate
and the explanatory variables, GWR has its strength in finding geographical heterogeneity
among the counties by the clustered spatial pattern of their coefficients. A regionalization
method was used to group the U.S. counties to regions based on their GWR coefficients.
Qualitative inferences of policies are made available with the regions to facilitate our better

understanding of the obesity problem associated with the built environment.
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(2) Multilevel modeling is used to control for the effects of individual socio-demographic
characteristics such as race-ethnicity, age, sex, marital status, education attainment, employment
status, income level, and whether an individual smokes. Neighborhood variables include built
environment, socio-demographic factors and urbanicity level at the county level. The
relationship between built environment and obesity was checked by urbanicity in the
conterminous United States area. County-level socio-demographic structure such as a lower
racial-ethnic heterogeneity index or a higher poverty rate is linked to a higher obesity risk.
Among the built environment variables, a poorer street connectivity and a more prominent
presence of fast-food restaurants are associated with a higher obesity risk. While the effect of
walk score is not evident in influencing obesity risk, a higher walk score is indeed linked to a
lower rate of physical inactivity. Overall, obesity risk initially increases with the urbanicity level
and then drops, resembling an inverted-V shape. The results lend support to the relevance of
built environment in potentially influencing people’s health behavior and outcome. Urbanization
level differences are found for these associations by analyzing the data subsets. The influences of
poverty, street connectivity and walk score on obesity are stronger in the urban areas. The
positive association between the food environment and physical inactivity/obesity is stronger
among non-metro areas. The results demonstrate that different geographic settings should be
taken into account among the obesity research.

(3) The Utah BRFSS data include information on 21,961 individuals geocoded to zip
code areas. Individual variables include BMI (body mass index) and socio-demographic
attributes such as age, gender, race, marital status, education attainment, employment status, and
whether an individual smokes. Neighborhood built environment factors measured at both zip

code and county levels include street connectivity, walk score, distance to parks, and food
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environment. Two additional neighborhood variables, namely the poverty rate and urbanicity, are
also included as control variables. Multilevel modeling results show that at the zip code level,
poverty rate and distance to parks are significant and negative covariates of the odds of
overweight and obesity; and at the county level, food environment is the sole significant factor
with stronger fast food presence linked to higher odds of overweight and obesity. These findings
suggest that obesity risk factors lie in multiple neighborhood levels and built environment need
to be defined at a neighborhood size relevant to residents’ activity space. A key contribution of
this study is its simultaneously examining both physical activity and food environments at two
different geographic units. To the best of our knowledge, this is the first 3-level study examining
contextual effects of the built environments on individuals’ odds of excessive weight.
7.2 Suggestions for future work

Although the ultimate goal of public health research is to thoroughly understand the
obesity problem related to the physical and socio-economic conditions, this research only
focused on several built environment variables and social status variables. We selected the
variables according to the major hypotheses about obesity. In addition to street connectivity,
walk score, park accessibility and food environment, other build environment variables such as
land use mix, neighborhood crime rates, and greenness could be included as input data to predict
people’s health status. Except the commonly used built environment variables, some physical
environment variables including weather (temperature, precipitation, or disaster etc.) will be
considered in the future study.

This study was mostly focus on county level as neighborhood, only a small study area
Utah was checked at the zip code level. For some variables, county or zip code may not be

suitable to describe people’s activity space. Therefore, smaller geographic unit, such as census
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tract will be used in the future study. Also, small population problem will be taken into account
since it may cause unstable rate estimates and suppress data in sparsely populated areas.
Regionalization which is to combine small units into large areas to ensure population is
comparable across areas will be used in the future study.

This whole study is cross-sectional without considering any temporal changes. The built
environment defined is the present state of environment for an individual. A person’s BMI
reflects the accumulated effect of one’s living environment and behavior, both of which may
have changed. The research may establish the link between an environment factor and obesity,
but cannot tell whether the neighborhood factor causes residents to live healthy or whether

healthy individuals choose to live in neighborhood with such an environment.
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