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Abstract
Obesity is a fast-growing global health crisis and the epidemic is about to get
worse. Environment has been shown to influence physical activity and people’s
body weight. Utilizing Centers for Disease Control and Prevention 2004-2010
waves of the continuous obesity data, this study conducted longitudinal analyses to examine neighborhood built environment and obesity risk controlling
for the effects of socio-demographic characteristics. This study presents a
comprehensive effort to understand the relationship between the environment
and physical inactivity and obesity across the entire contiguous US. When
constructing measures of the built environment, Geographic Information
Systems (GIS) were used to calculate street connectivity, walk score and food
environment. In addition to the built environment, the natural environment,
which was represented by the annual number of extreme weather events from
2004-2010, was taken into account in explaining variation of physical inactivity and obesity across the contiguous US. Results show that higher street connectivity and walk score are related to lower physical inactivity and obesity
rates, while the ratio of fast-food restaurants and number of extreme weather
events are positively related to physical inactivity and obesity. The results are
believed to provide policy-makers and planners with useful insights into the
dynamics between the environment and obesity epidemic. Further, the significant effects of extreme weather invite more studies to investigate the relationship between the natural environment and obesity.
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1. Introduction
Obesity has risen as a global issue in all countries and has been prevalent in both
adults and children [1]. The WHO statistics showed that more than 600 million
people worldwide were obese; 13% of adults aged 18 years and above and 41 million children aged 5 years and below were obese in 2014 [2]. A combination of
factors may have contributed to obesity including proximal drivers (e.g., human
behaviors; physical activity) and those considered as distant drivers such as built
environment, food system, policies and other social factors [1].
The relationship between obesity or physical activity and built environment
has drawn intense attention in the past decade [e.g., [3] [4] [5]]. From an ecological perspective, human behaviors are influenced by multiple factors, thus
changes in built environment are likely to have far reaching impact on people’s
physical activities [6]. Built environment refers to all human-made places that
constitute people’s living environment including parks and recreation centers,
play grounds, community layout, roads, and transportation system [7]. Built environment factors such as land use, population density, road connectivity,
transportation patterns, and food environment have been investigated in relation to physical activity and obesity risk [3] [8] [9].
Evidences consistently support that neighborhood walkability was positively
associated with physical activity, namely, residents in highly walkable neighborhoods reported a higher level of physical activity in comparison with those from
lowly-walkable neighborhoods [10] [11] [12]. Key components of neighborhood
walkability include residential density, land use, and road connectivity [12].
Neighborhood walkability was estimated using Walk Score based on different
amenity categories [13]. The current literature also revealed the relationship between the socioeconomic status of a neighborhood and residents’ walking for
transport. Specifically, residents from low socioeconomic neighborhoods reported more utilization of walking for transport than residents from high socioeconomic neighborhoods who utilized more motor transportation [14].
Food environment was another significant predictor of obesity. The density of
food outlets was found significantly associated with the BMI scores of individuals based on a study of 13,102 adults who live in New York City [8]. Rundle et al.
[8] also found that a higher density of healthy food outlets was correlated with a
lower mean of BMI, whereas a higher density of unhealthy food outlets was associated with a higher level of BMI in individuals. The results were solidified by
a 30-year longitudinal study on 3113 residents living in Massachusetts where
residential proximity to the closest fast-food restaurant was associated with participants’ BMI scores, and an increase in driving distance to the nearest fast-food
restaurant was associated with a decrease in participants’ BMI scores [15]. Similar findings were found pertaining to the role of built environment in child obesity. A literature review manifested a positive association between more positive
built environment (e.g., high walkability or bikeability, high level of land use
mix, more accessible destinations) and higher level of child physical activity [16].
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Additionally, accessibility to fast-food restaurants and convenient stores increases the likelihood of child obesity [16].
Despite the paucity of literature on the link between weather and obesity, previous studies have examined the impact of extreme weather on physical activity.
Given that being outdoors is a significant indicator of physical activity [17] [18]
[19] [20], extreme weather can pose a barrier for individuals to being outdoors
and therefore prevent them from getting engaged in physical activity. Indeed,
Tucker and Gilliland [21] conducted a comprehensive literature review on thirty-seven studies from eight countries, and found clear evidence that participation in physical activity is constrained by extreme weather. Physical activity has
been identified as a determinant of obesity [22]. It is reasonable to assume that
variables identified as factors of physical activity can further cause obesity. A recent empirical study has showed that extreme temperatures represented by hot
summers and cold winters can lead to obesity [23]. Hereby, we speculate that
more frequent extreme weather events can promote obesity rates in the contiguous US.
However, most studies have been based on cross-sectional analyses and most
of the longitudinal studies had only focused on social environments ignoring
parameters of the built environment [24] [25]. In addition, the studies based on
cross-sectional data involve confounding variables such as walking context and
residential self-selection, which may have led to inaccurate findings in regards to
the relationship between built environment and physical activity or obesity [26].
Longitudinal analyses are thus desirable to reflect changes in physical activity,
obesity, and/or the Body Mass Index (BMI) patterns that are associated with
changes that occurred in built environment [27] [28] [29]. The majority of the
longitudinal studies had only focused on social parameters of the neighborhood
environment without considering characteristics of the built environment and
few research examined the longitudinal influence of weather variables. In this
study, we seek to explore the longitudinal relationships between sociodemographic environments and physical inactivity/obesity over 7 years, taking into
account the neighborhood built environments. Furthermore, the effect of various urbanicity levels and natural environment variable (number of extreme
weather events) were examined through the study. The conceptual framework of
the study is shown in Figure 1.

2. Data and Methods
2.1. Variables and Data Source
The study area is 3109 counties in the 48 states and Washington D.C. Alaska and
Hawaii are excluded due to their non-contiguity with the conterminous US. Aggregated data for leisure-time physical inactivity prevalence and obesity prevalence were used as dependent variables respectively. The National Health Interview Survey (NHIS) has asked different questions on leisure-time physical activity for purposes of national surveillance [30]. The physical inactivity is the ratio
DOI: 10.4236/gep.2017.59015
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Figure 1. Conceptual framework relating environments to physical inactivity and obesity.

of the population who are physically inactive over the total population in each
county. BMI = mass (kg)/(height (m))2 was used to measure obesity, if respondents consider their BMI values were over 30. Obesity rate is calculated as the
percentage of the obese population over all population.
These county data indicators can be downloaded from the Centers for Disease
Control and Prevention (CDC) website
(https://www.cdc.gov/diabetes/atlas/countydata/atlas.html) from 2004-2010. Data
collected in 2011 and forward reflect a change in weighting methodology and
combined landline and cell phone respondents, which means that estimates
cannot be directly compared with estimates from data collected in 2010 and before [31]. The explanatory variables include four sociodemographic variables:
population density (i.e., number of population per square mile), poverty rate,
employment status and education level, and three built environment variables:
street connectivity, walk score and food environment. Street connectivity and
walk score were constructed from GIS-based measures and food environment
was measured by the ratio of fast-food restaurants over the total restaurants; the
effect of urbanicity according to different levels of urban categories; number of
extreme weather events which was used as one measure of natural environments
in the study.
2.1.1. Social Environment
Population density is measured as the total residents per square mile from the
2010 US Census. The average population density of the 3109 counties is 255.77,
and the Loving County in Texas has the lowest population density while four
counties New York, Kings, Bronx and Queens from New York have the highest
population density. Poverty data is from the US Census Bureau’s Small Area Income and Poverty Estimates (SAIPE) program which provides annual estimates
of poverty statistics for all counties [32]. The average poverty rate among all the
counties from 2004-2010 is 15.44%. Labor force data was downloaded from local
area unemployment statistics provided by Bureau of Labor Statistics
DOI: 10.4236/gep.2017.59015
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(https://www.bls.gov/lau/tables.htm). The average unemployment rate is 6.44%
and the rate has increased to more than 9% in 2009 and 2010. Education data
was downloaded from United Stated Department of Agriculture (USDA) Economic Research Service
(https://www.ers.usda.gov/data-products/county-level-data-sets.aspx). We
couldn’t get the annual education data, since the 2000 data is from US. Census
Bureau and the decennial Census of population while the data for 2010-2014 is a
5-year average from the Census Bureau’s American Community Survey [33].
Education data includes the percentages of adults with less than a high school
diploma, with a high school diploma only, completing some college or associate’s degree and a bachelor’s degree or higher, respectively. We used the percent of adults with less than a high school diploma (express as “percentage of
less than high school” in the following contents) in this study.
2.1.2. Built Environment
1) Street connectivity
Street connectivity was defined as the number of intersections per square mile
in an area or along a certain street network. Although our study unit is county
level, we calculated the index of street connectivity for each census tract and
then aggregated to county adjusted by population. The conventional measure of
street connectivity directly from a large geographic area such as a county can be
biased with the majority of residents concentrated in a limited urban area [34].
Road network was constructed from StreetMap North America included with
ArcGIS Desktop. The Environmental System Research Institute (ESRI) is authorized by TomTom (TeleAtlas) to use their four-year-old streets database, updating every two years. The TomTom streets product varies in street segment count
depending on the processing they have done to merge adjacent street segments
with common attributes in any given year [35]. We calculated the street connectivity for 2004-2006 by using the data CD-ROMs distributed with ArcGIS 10.0
and 2007-2010 with ArcGIS 10.2.
2) Walk score
Walk score is kept the same through 2004-2010 since we cannot get the past
real-time data. We first obtained the walk score in census tracts, and then aggregated to the county level by using the Walk Score API [36]. The aggregation
takes population as the weight term such as

=
wk

w

∑ i =0 pi ∗ p i
nk

(1)

k

where wk is the walk score in county k, nk is the number of census tract units in
county k, pi is the population of census tract i within county k, and pk is the total
population in county k. Walk Score API accepts the latitude and longitude of the
requested location or a specific address. For each point, Walk Score analyzes
hundreds of walking routes to nearby amenities, such as schools, parks, restaurants, and grocery stores. Data source include Google, Education.com, Open
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Street Map, the US Census, Localeze and used-defined places [37]. We used the
population-weighted centroids of the census tracts from census block 2010 data
as input parameters, instead of simple geographic centroid, to avid bias caused
by population concentration in a limited space within a large area [38] [39]. We
developed a Python program to automatically request walk scores from the
server through the Walk Score API. Walk score ranges from 0 (car-dependent)
to 100 (walker’s paradise).
3) Food environment
Besides lacking of physical activity, eating unhealthy is another important
factor related to obesity. There are many ways to measure food environment: Xu

et al. [40] used fast-food restaurant accessibility to measure food environment at
the zip code level; some studies used the number of fast-food restaurants per capita to measure food environment [41] [42]. In our research, we used the ratio of
fast-food restaurants to all restaurants (fast-food and full-service restaurants)
numbers to measure food environment, which can account for the availability of
options between healthy and unhealthy food by consumers. The data is from the
County Business Patterns (CBP), an annual series that provide subnational economic data by industry
(http://www.census.gov/programs-surveys/cbp/data/datasets.html).
2.1.3. Urbanicity
According to Lopez and Hyness [43], inner city residents usually have higher
population density, greater street connectivity and higher walk score, but yet
they still have higher physical inactivity and obesity rates when compared to
people living in suburban areas. In the meantime, inner city neighborhood tend
to have more disadvantaged population (i.e., minorities, low socioeconomic status) with less attractive and safe environments for physical activity [44]. Finer
classifications and more reasonable measures of urbanicity are necessary to improve research on the urbanicity-health relationships than the simple classification of urban and rural regions. In this research, we used the 2006 National
Center for Health Statistics (NCHS) for 2004-2006 and 2013 NCHS for 2007-2010.
2006 NCHS is based on the Office of Management and Budget’s (OMB) December 2005 delineation of Metropolitan/Micropolitan Statistical Areas (MSA) and
Vintage 2004 postcensal estimates of the resident US population, while 2013
NCHS is based on OMB February 2013 MSA and Vintage 2012 [45]. Both classifications in 2006 and 2013 contain six levels of urbanicity categories, including
large central metro, large fringe metro, medium metro, small metro, micropolitan and nor-core [46]. There are only small differences between the classifications of these two years.
2.1.4. Extreme Weather Events
The extreme weather events data comes from National Weather Service (NWS)
at National Climatic Data Center (NCDC). The data records “the occurrence of
storms and other significant weather phenomena having sufficient intensity to
DOI: 10.4236/gep.2017.59015
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cause loss of life, injuries, significant property damage, and/or disruption to
commerce, and it also includes weather phenomena that “generate media attention” and “other significant meteorological events such as maximum or minimum temperatures or precipitation” (NWS 10-1605, 4). The data has 48 types of
extreme weather events. We construct the annual number of extreme weather
events per county from 2004-2010 based on this data.

2.2. Analytical Strategy
Generalized Estimating Equations (GEE) was employed to address the dependency of repeated observations of obesity rate over years in the same county. We
opted for the GEE rather than a parametric alternative such as the generalized
linear mixed-effects model, because of robustness of GEE estimates for a wider
class of data distributions. Physical inactivity rate and obesity rate at 2004 were
treated as the baseline level and introduced into the GEE model as a control variable respectively. Another control variable added was the population density.
The model also included variables of interest to assess their effects on obesity
rate: poverty rate, percent of adults with lower than a high school diploma, unemployment rate, street connectivity, walk score, the ratio of fast-food restaurants, urbanicity level and annual number of extreme weather events. Due to extremely skewered distribution of walk score, observations were dichotomized
into either low (<25) or high (≥25) groups and around 80% fell in the low group.
All statistical tests were two-sided; p-values of <0.05 were considered to be statistically significant. All statistical analyses were performed using R 3.2.2.

3. Results
Before proceeding to the findings, we first present patterns on the rates of physical inactivity/obesity and descriptive statistics of the county level variables. In
Figure 2, we show the annual trend in physical inactivity and obesity rates from
2004 to 2010. The mean value of obesity rate has increased year by year, from
25.20% in 2004 to 30.48% in 2010, while the mean value of physical inactivity
rate presents almost the same pattern with a slight difference. The mean rate is a
slightly lower in 2005 than in 2004, and slightly lower in 2010 than in 2009. In
order to save space, we showed the distribution patterns of all the variables in

Figure 2. Physical inactivity and obesity rates in the United States, 2004 to 2010.
DOI: 10.4236/gep.2017.59015
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2010 in Figure 3 and Figure 4. From Figure 3(a) and Figure 3(b), we can see
that higher overall obesity and physical inactivity are clustered in the south-east
central region of the US Greene County, Alabama, has the highest obesity rate

Figure 3. Distribution patterns of variables in 2010: (a) Obesity rate; (b) Physical inactivity rate; (c) Poverty rate;
(d) Unemployment rate; (e) Percentage of less than high school.
DOI: 10.4236/gep.2017.59015
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Figure 4. Distribution patterns of variables in 2010: (a) Street connectivity; (b) Walk score; (c) Food environment;
(d) Extreme weather events; (e) Urbanicity.

at 48.3%, while Wyoming County, West Virginia has the highest physical inactivity rate at 43.1%. The average poverty rate, unemployment rate and percentage of adults with lower than a high school diploma in 2010 are 16.79%, 9.36%
DOI: 10.4236/gep.2017.59015
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and 15.49% individually. From Table 1, the five aforementioned variables
showed significant difference between baseline and follow-up results according
to the Mann-Whitney U test.
From Figure 4(a) and Figure 4(b), street connectivity and walk score show
high values along the West Coast and the urbanized northeast of the US San
Francisco in California, District of Columbia, Baltimore City in Maryland and
Suffolk County in Massachusetts have extremely high values of street connectivity and walk score. The ratio of fast-food restaurants to all restaurants does not
show many obvious patterns from Figure 4(c). Ohio, Louisiana and Maryland
have the highest average ratio of fast-food restaurants and South Dakota, North
Dakota and Nebraska have the lowest average ratio. In 2010, there were 105 extreme weather events in Cook County, Illinois and 102 in Polk County, Iowa.
Iowa and Texas has the highest total number of extreme weather events in this
year. Figure 4(e) shows the distribution of urban-rural categories, in which the
warm colors 1, 2, 3 and 4 stand for metro areas (large central, large fringe, medium and small) and the cold colors 5 and 6 stand for non-metro areas (micropolitan and rural). Among the 3109 counties, 1086 (approximately 35%) are metro areas while the rest are non-metro areas.
Table 2 represents the regression coefficients and standard error from
GEE-analysis, investigating the longitudinal relationship between physical inactivity/obesity (outcome variable) and neighborhood socio and built environment
over 7 years. Generalized estimating equations were used to estimate the coefficients for physical inactivity and obesity, respectively. GEE takes into account
Table 1. Characteristics of the variables.
Baseline

Follow-Up

Obesity rate

25.20 (18.75, 31.65)

28.57 (20.43, 36.72)

Physical inactivity
rate

25.30 (15.20, 35.40)

26.12 (16.16, 36.08)

Poverty rate

13.77 (3.69, 23.85)

15.72 (3.33, 28.10)

Unemployment
rate

5.66 (2.17, 9.15)

6.57 (0.62, 12.51)

Less than high
school %

22.66 (5.54, 39.78)

20.27 (2.94, 37.60)

Street connectivity

30.26 (0, 92.72)

32.90 (0, 108.10)

Walking score
(low/high)

Low: 79.7% High: 20.3%

Fast-food
restaurant ratio

61.1 (0.26, 0.96)

61. 3 (0.27, 0.96)

Urbanicity

2.03/11.39/10.58/10.94/22.13/42.94

2.19/11.84/11.90/11.42/20.49/42.17

Extreme weather
events

11.29 (0, 30.85)

12.62 (0, 35.19)

Note: Results are presented as 95% confidence interval. Marked bold: significant difference between baseline and follow-up (Mann-Whitney U test; p < 0.001).
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Table 2. GEE predicting physical inactivity and obesity by US County, 2004 to 2010.
Physical inactivity

Obesity

Coefficient

SE

Coefficient

SE

Intercept

−1.310***

0.266

0.325

0.176

Baseline

0.790***

0.009

0.942***

0.006

Population density

1.30e−4***

2.27e−5

−3.60e−6

7.14e−6

Poverty rate

0.085***

0.007

0.022***

0.004

Less high school %

0.167***

0.004

0.020***

0.002

Unemployment rate

−0.115***

0.011

0.026***

0.007

−0.011***

0.001

−0.007***

0.001

Socio-demographic variables

Built environment variables
Street connectivity
Walk score

−0.451***

0.060

−0.123***

0.037

Fast food ratio

1.43e−2***

0.151

4.84e−3***

0.087

Large fringe metro

0.771***

0.176

0.298**

0.106

Medium metro

0.071

0.177

0.240*

0.106

Small metro

0.039

0.182

0.390***

0.110

Micropolitan

0.229

0.180

0.316***

0.109

Non-core

0.283

0.184

0.211

0.111

0.023***

0.002

0.010***

0.001

0.725***

0.018

0.902***

0.010

Urban-rural classification
Large central metro
(reference)

Weather variables
Extreme weather events
Year (2004 to 2010)

Note. SE = standard error; e−1 = 10 . *p < 0.05, **p < 0.01, ***p < 0.001.
−1

the dependency of repeated observations from the same subject by specifying a
“working correlation structure” and it doesn’t require any distribution assumption compared with another alternative, linear mixed effect model. The physical
inactivity rate is expected to increase by 0.085% for each percent increase in poverty rate after adjusting for other variables, while obesity rate is expected to increase by 0.022%. Population density is positively related to physical inactivity
but has no effect on obesity. Percent of adults without a high school diploma is
expected to be related to an increase in physical inactivity and obesity rates.
There is a contradictory finding on unemployment rate: it is positively related to
obesity rate while negatively related to physical inactivity rate. The three built
environment variables show the same direction of effect on both physical inactivity and obesity. Higher street connectivity and walk score are expected to
lower physical inactivity and obesity rates; the ratio of fast-food restaurants is
positively related to the two outcome variables. Number of extreme weather
events has the same effect as food environment. By comparing with large central
metro, people living in large fringe metro is expected to have significant higher
DOI: 10.4236/gep.2017.59015
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physical inactivity and obesity rates, while medium metro, small metro and micropolitan have significant higher rate for obesity only.

4. Discussion
The study examines several environmental features, including social, built and
natural environments in their association with physical inactivity and obesity at
the geographic aggregation level, considering time effect from 2004-2010. Street
connectivity and walk score confirms the previous findings that walkability play
an important role in reducing physical inactivity and obesity [47] [48]. GIS-based
measures of walkability have demonstrated a feasible and effective way in the
study of public health. Food environment was also measured in a reasonable way
to examine its effect on obesity. We considered not only the fast-food restaurants but also the full-service restaurants according to different consumer needs.
Furthermore, NCHS six urban-rural categories were added in the model to
measure the influences of different geographic settings on physical inactivity and
obesity. Besides the commonly used social and built environments, we added
one natural environment in this research. The weather variable, annual number
of extreme weather events, was used to measure the natural environment that
may lead to physical inactivity and thus increase obesity risks.
As to social environment variables, the results for population density are different for physical inactivity and obesity. It is not related to obesity rate but
linked to greater physical inactivity risk. Higher population density may suggest
better walkability, however, higher population density may be linked to more active transportation, which can result in higher risk of physical inactivity. The relationship between population density and obesity can vary depending on other
factors being controlled and needs to be further explored. Higher poverty rate
and lower education level are linked to higher risks of physical inactivity and
obesity. People with high income and high education are more likely to buy
healthy food. Moreover, they are more likely to be aware of health-related information and be more motivated and equipped to follow suggested healthy lifestyles. The inconsistency between the employment status on physical inactivity
and obesity suggests possible gaps in data reliability of self-reported physical inactivity and more objectivity body weight and height.
Street connectivity and walk score are objective measures of walkability, which
also capture the patterns of mixed land use. The negative relationship of these
variables with physical inactivity and obesity rates provides a strong argument
for the concept that pedestrian-friendly programming and activity-promoting
facilities are related to lower risks of physical inactivity and obesity. While walkability promotes physical activity, food environment is hypothesized to affect
dietary intake which is another key energy balance factor. Table 2 shows that
fast-food restaurant ratio is strongly positively related to the risk of physical inactivity and obesity (p < 0.001). According to our general life experience,
fast-food restaurants are the main source of unhealthy, processed and energy
DOI: 10.4236/gep.2017.59015
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dense foods, whereas full-service restaurants provide more healthy food. On the
other hand, food price in fast-food restaurants is much cheaper than full-service
ones, therefore, people are more likely to intake excessive energy. Our results
provide evidence at the national level, rather than a local setting, on the link between built environment and physical inactivity/obesity.
Different urban-rural classifications have different effects on the two outcome
variables. From Table 2, large fringe metro is the only classification that has statistical significant higher physical inactivity rate compared with large central
metro (reference level). Small metro and micropolitan areas are strongly positively related to obesity risk, while large fringe and medium metro has somewhat
weaker but still significantly positive effect. People living in urban areas have
more chances to access facilities and more walkable destinations. The relationship between urbanicity and physical inactivity/obesity needs to be further explored. The number of extreme weather events was added as a natural environment. Extreme weather events constitute a hostile environment that discourages
people from engaging in physical activities, thus further induce obesity. In other
words, if there are more extreme weather conditions, people are more likely to
stay inside, which will reduce their chances to participate in physical activities
and increase the likelihood of eating more while staying at home. We will add
more variables to measure the nature environment in future studies of physical
activity and obesity.

5. Conclusions
The research agenda on revealing the obesity-environment is far from being
complete. Several limitations of this study need to be acknowledged. First, although we have included various variables retrieved from the literature, there are
still some variables that need to be considered. For example, the land use mix,
other weather variables (temperature, precipitation etc.), and crime rate in the
neighborhood. Second, the self-report surveys may not be the most reliable
measures of physical activity. Future studies need to account for these biases and
adopt a comprehensive measure to capture individual physical activity. Furthermore, the impacts of unemployment status on physical inactivity and obesity
need to be further explored, given the seemingly contradictory results in the
present study. Lastly, we used aggregated data in this study ignoring individual
variability. Individual behaviors such as eating habit and physical activity do not
occur itself; rather, they are influenced by socio-environmental factors including
built and natural environment. We will include individual-level risk factors in
the future to overcome the possible ecological fallacy, where relationships observed in groups are assumed to hold for individuals.
In conclusion, the key purpose of this research was to explore the role of
neighborhood social characteristics, and built and natural environment attributes
in contributing to physical inactivity and obesity risk over a span of seven years
across the contiguous US. A space-time framework was used in this study to
DOI: 10.4236/gep.2017.59015
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analyze different years, instead of one single year which could predict the spatio-temporal pattern of the obesity-environment relationship. Through comprehensive data preparation and analyses, we made several important findings:
higher poverty rate, lower education level, lower walkability, higher ratio of fastfood restaurants, larger number of extreme weather events are related to higher
risks of physical inactivity and obesity, and different urban-rural levels have different effects on these risks. Furthermore, the obesity problem and related environment factors for counties in different years were analyzed using GEE model
with a GIS. Such data analysis approach could help us to come to a better understanding of the obesity and other public health problems in the US. We look
forward similar approaches to be applied to other social problems in the US and
other countries.
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