
OR I G I N A L R E S E A R C H

Associations Between Obesity, Physical Inactivity,
Healthcare Capacity, and the Built Environment:
Geographic Information System Analysis
Duaa Aljabri

Health Information Management and Technology Department, College of Public Health, Imam Abdulrahman Bin Faisal University, Dammam, Saudi Arabia

Correspondence: Duaa Aljabri, Email daljabri@iau.edu.sa

Background: Obesity is one of the major critical health conditions affecting many people across the world. One of the major causes
of obesity is identified to be sedentary lifestyles and physical inactivity, which may be associated with environmental factors.
Objective: The study analyzes variations in obesity and physical inactivity in the State of South Carolina, US, and their association
with healthcare capacity and the built environment.
Methods: Data were obtained from different secondary sources and surveys, 2012, and then linked on the county-level using ArcGIS. Global
Moran’s I was used to examine the spatial distribution at the state level, and Anselin’s localMoran’s I was used to detect any significant clusters
at the county level. Ordinary least squares regression models were calculated for obesity and physical inactivity separately.
Results: More than 70% of SC counties had high levels of obesity and physical inactivity. Spatial analysis showed statistical clusters
of high obesity, high physical inactivity, and low access to exercise opportunities in rural areas compared to urban areas. Conversely,
clusters of high density of health-care facilities appeared in urban areas. Through the regression models, the density of primary care
physicians (p = 0.025) and access to exercise opportunities (p = 0.075) were negatively associated with obesity, while the low
perception of own health (p = 0.001) and obesity rate (0.011) were positively associated with physical inactivity.
Conclusion: GIS was useful to illustrate and identify significant geographic variations and high clusters of obesity and physical
inactivity in rural areas, compared with high clusters of access to exercise opportunities and health-care facilities in urban areas. The
international health community is encouraged to utilize spatial information systems to examine variations and recommend evidence-
based recommendations to redistribute equitable public health efforts. The development of strategies and initiatives toward reducing
variation in health and sustainable development is key to promote the population wellbeing.
Keywords: obesity, physical inactivity, healthcare capacity, built environment, healthcare management, Geographic Information System

Introduction
Sustainable Development Goals (SDGs) outlined in the United Nations 2030 agenda is a transformative vision for global
development.1 It focuses on achieving sustainability in economic, social, and environmental aspects, all of which are
interrelated and can significantly influence health and well-being.2 For instance, rising pollution levels (environmental factor),
or gender inequalities or discrimination or physical abuse (social factor), and low wages (economic factor) may influence
population health. Hence, sustainable development may not be fully achieved with high prevalence of chronic diseases or poor
health conditions of the community.3 Therefore, it is essential to develop inter-sectoral policies and strategies using integrated
approaches that align health and sustainability goals.4 With the development of knowledge relating to the sustainability and
health, there is a shift in the paradigm of understanding health as an absence of disease to understanding health as a factor in
relation with socio-environmental, and ecological factors that support health and well-being.5

As a healthy population is essential for sustainable development, reducing the burden of noncommunicable diseases (NCDs)
such as overweight and obesity become important. According to the World Health Organization (WHO) estimates, the global
prevalence of obesity has tripled in the last four decades (1975–2016), where around 2 billion adults were overweight. Of those,
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650million adults were obese.6 In 2016, the USA ranked first in the prevalence of overweight (36.5%), followed by the European
Unionwith a prevalence of 15.9%.7 In addition, obesity among the children has been increasing in the past fewdecades,which can
have significant long-term effects, as they are likely to continue their status into the adulthood, which increases the risk of
developing chronic diseases and in turn has effects on mortality and morbidity.8,9

There are various contributing factors of obesity, which mainly include social and physical environment, genetics,
medical history and behaviors such as poor diet and physical inactivity.10 However, studies11,12 have identified that the
changing lifestyles reflecting sedentary lifestyles and lack of physical activity are main factors leading to the increase in
the prevalence of obesity across the world. Furthermore, the health-care costs associated with obesity are overwhelming
and increasing. The global, medical costs of obesity reached $7.4 billion in 2020 similar to the projections in the work by
Andreyeva et al;13 while its indirect costs have been far higher. For instance, health-care costs of managing diabetes,
which is one of the risk factors of obesity was identified to be $760 billion in 2020.6

As the participation of human resources is an important factor in economic development, obesity may lead to severe health
complications, which may indirectly affect the sustainable development by reducing productivity.1 Furthermore, poor
sustainable development practices can also influence disability and obesity management, as its effects such as climate
changes, lack of focus on health development may lead to rise in obesity.7 Considering these factors, a shift towards
understanding the development of obesity from a broader perspective: the environment was observed.14 In particular, the
parallel occurrence of events such as increasing environmental deterioration and the rising number of chronic diseases may be
associated with the poor integration of health and sustainability goals. The development of strategies and initiatives toward
reducing variation in health and sustainable development is key to promote the population wellbeing. To address this gap in
research, in this study, we used examples from healthcare and the environment to illustrate that health and sustainability are
mutually associated. However, few studies have tested spatial relationships between the prevalence of physical inactivity and
obesity with multiple explanatory variables related to healthcare capacity and the built environment to identify potential
sources of inequalities at the community level of analysis. Accordingly, this study considered the use of various secondary data
sources for identifying the contributing factors of physical inactivity and obesity; and examine how these factors affect spatial
inequalities using the spatial regression models to predict factors associated with obesity and physical inactivity among South
Carolina’s residents. Analyzing the data from an environmental or spatial perspective can help the policy makers in
determining the health and lifestyles of the population in different regions based on which effective health interventions
can be introduced in order to address the issue of obesity.

In this context, Geographic Information Systems (GIS) are used to analyze population features in relation to their
location and health outcomes. Many recent researchers are utilizing GIS to illustrate the distribution and identify spatial
clusters of chronic diseases in various geographic areas.14–16 The aim of this study was to: 1) examine geographic
variation of obesity and physical inactivity prevalence in SC counties; 2) examine the spatial clustering of healthcare
capacity (health-care facilities and primary care physicians (PCPs); and 3) model the relationship between rates of
obesity, physical inactivity, and contextual risk factors. Understanding county variations may support policy-makers in
addressing county-level needs in the process of designing and developing interventions.

Materials and Methods
In this ecological population-based study, we examined the prevalence of obesity and physical inactivity in South Carolina
counties. South Carolina is located in the Southeast of the United States, covering 30,060 mi2, and consisting of 46 counties.
The total population (as of 2012) was 4,723,723, with the highest population residing in Greenville (n = 467,605), and lowest
in McCormick (n = 9943).17 Multiple secondary data sources were used including the US Census Topologically Integrated
Geographic Encoding and Referencing (TIGER)/Line Files for the 2012 census,18 Area Health Resource File (AHRF),19

Behavioral Risk Factor Surveillance System (BRFSS),20 and County Health rankings21 were utilized in this study. All data
were obtained from readily and publicly available secondary data sources that were combined and reported on the county-
level, and did not include any identifiable personal information. In addition, the study was ethically approved by the
Institutional Review Board at Imam Abdulrahman Bin Faisal University (IRB-2022-03-083).

Figure 1 shows the components of the study framework as discussed in the following sections:

https://doi.org/10.2147/JMDH.S345458

DovePress

Journal of Multidisciplinary Healthcare 2022:15690

Aljabri Dovepress

Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com
https://www.dovepress.com


Framework Components
Obesity and Physical Inactivity
Obesity was assessed by the percentage of adults who reported a body mass index (BMI) more or equal to 30 kg/m2

(weight in kilograms divided by height in meters squared). BMI was calculated based on self-report of height and weight
from the following two questions: “About how much do you weigh without shoes?” and “about how tall are you without
shoes?” BMI was measured from self-report height and weight obtained from 2012 BRFSS data.20 These measurements
have been previously validated with a sensitivity of 0.74–0.77 and a specificity of 0.99 for obesity.22,23 Physical inactivity
was assessed based on the question: During the past month, other than your regular job, did you participate in any
physical activities or exercises such as running, calisthenics, golf, gardening, or walking for exercise?
Both measures are based on the age-adjusted county-level estimates in the 2012 BRFSS random digit telephone interview
survey.20 After 2011, BRFSS methodology was refined to expand the sample by including data received from cell phone
users and the statistical method was modified to adjust for age, race and ethnicity, and gender. The new weighting method
is post stratification, and allowed multi-year estimates and county-specific estimates for those with more than 50
respondents in a county.24

Healthcare Capacity
Healthcare capacity was measured by health-care facility density (per 100,000) and primary care physician density (per 100,000)
to the adult population (aged 18 years and above), which were also referred to as supply ratios.25,26 A higher healthcare capacity
ratemeans the availability ofmore facilities and PCP servicing the population. Data to create these density variables was obtained
from the Health Resource and Services Administration (HRSA, 2011) Area Resource File.19 Location of health-care facilities
were acquired spatially from SC GIS Data Clearinghouse, SC Department of Health and Environmental Control (DHEC)-
licensed hospitals and primary care clinics.27

Built Environment
We focused our assessment of built environment on access to exercise opportunities, whichmeasured the availability of parks and
recreational facilities that enable individuals to exercise at the county level. Data were obtained from the County Health Rankings
that was developed from the Environmental Systems Research Institute (ESRI), OneSource Global Business Browser, and
Delormemap data.19 The access to exercise opportunitiesmeasurewas identified by the percentage of individuals in a countywho
live in an approximate location for exercise, specifically: Individualswho reside in a census blockwithin one-halfmile of a park, 1
mile of a recreational facility in urban areas, or 3 miles of a recreational facility in rural areas were considered to have access to
exercise opportunities.

Contextual Factors
There are various types of contextual factors that can be related to the various health outcomes. For instance, lack of social support
or motivation for quitting smoking can be one of the factors for increase in chronic lung-related diseases. Accordingly, in the

Figure 1 Study framework.
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context of this study, three factors, including rate of not seeing a doctor due to cost barriers,28 rate of inadequate social support,29

and rate of low perceptions of health among the people30 are considered in this study.

Statistical Analysis
Descriptive statistics were calculated using the Statistical Package for the Social Sciences (SPSS) software Version 16 to
summarize county characteristics in percentages, means, and standard deviations. Pearson’s correlation coefficients were
computed to detect relationships between obesity and physical inactivity, separately, with healthcare capacity and built environ-
ment factors. P-value of <0.05 was considered significant.

A number of demographic and socioeconomic variables were examined as covariates (see Table 1). After testing collinearity
statistics (as tolerance and Variance Inflation Factor VIF >5), some variables with high collinearity were excluded. Non-spatial,
ordinary least square (OLS) regression was calculated to examine if any of the remaining factors was associated with obesity or
physical inactivity.

The regression equations were:
1) Obesity (y)= β1 (physical inactivity) + β2 (healthcare facility density) + β3 (PCP-to-population ratio) + β4 (access

to exercise opportunities) + β5 (lack access to a doctor due to cost) + β6 (inadequate social support) + β7 (low perception
of health) +error

2) Physical Inactivity (y)= β1 (obesity) + β2 (healthcare facility density) + β3 (PCP-to-population ratio) + β4 (access
to exercise opportunities) + β5 (lack access to a doctor due to cost) + β6 (inadequate social support) + β7 (low perception
of health) + error

ArcGIS Desktop Version 10.2.2 (ESRI, Redland, CA, USA) was used to join data from multiple sources to the
TIGER/SC county map using the Spatial Join tool. Then, layers of county rates on obesity, physical inactivity, and access
to exercise opportunities were overlaid and displayed in thematic maps. Cutoffs points for each variable were presented
according to the Healthy People 2020 objective of 30.6% adult obesity and 32.6% physical inactivity rates.31

GlobalMoran’s I was used to examine the spatial distribution of health-care facility density and PCP density at the state level,
and Anselin’s local Moran’s I was used to detect any significant clusters at the county level. Based on the Centers for Disease
Control definition, a cluster is “an unusual aggregation, real or perceived, of health events that are grouped together in time and
space and that are reported to a health agency”.32 In this study, Anselin’s local Moran’s I was also used to detect any significant
clusters of obesity and physical inactivity.

Table 1 Variables Definition and Data Source

Variables Definition/Options Data Source

%Race African Americans, Whites, Hispanics, and others Census Population Estimates, 2012

%Gender Female vs Male Census Population Estimates, 2012

%Unemployment Population who are unemployed but seeking work Bureau of Labor Statistics, 2012

%Uninsured
adults

Population under age 65 without health insurance US Census Bureau’s Small Area Health Insurance Estimates (SAHIE)

model 2011, and the American Community Survey (ACS)

%Not seen
a doctor due cost

In the past 12 months, needed to see a doctor but

could not because of cost.

Behavioral Risk Factor Surveillance System, 2012

% Inadequate
Social Support

Adults without social or emotional support Behavioral Risk Factor Surveillance System, 2012

% Low perception
of health

Fair or Poor self-reported health Behavioral Risk Factor Surveillance System, 2012
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Results
County Characteristics
Table 2 summarizes the findings for demographic and socioeconomic rates in South Carolina counties.

Adult population (aged 18 and above) was the highest in McCormick (86.5%) and lowest in Dorchester (73.8%). The
median household income was the highest in Beaufort ($54,139) and lowest in Allendale ($25,633). Marion had the most
females (54.2%), while McCormick had the lowest (45.5%). Uninsured adults were the highest in Jasper (33.6%) and
lowest in Richland (19.1%). Unemployment was the highest in Marion (18.1%) and lowest in Lexington (6.9%).
Allendale had the highest rate of African Americans (72.9%), Pickens had the largest proportion of White residents
(87.0%), while Jasper had the largest proportion of Hispanics (14.8%), and Marlboro had more of other races (5.0%).

Table 3 summarizes the study outcomes and contextual factors. Obesity rate was the highest in Lee (43.9%), and
physical inactivity was the highest in Dillon (35.2%). Beaufort had the lowest obesity (22.5%) and physical inactivity
rates (15.2%), and its residents were the lowest to report their health status as fair or poor (10.1%). Charleston had the
highest ratio of health facilities (116.25 per 100,000) and highest PCP-to-population ratio (155 per 100,000). Inadequate
social and emotional support were highest in Allendale (39.5%) and lowest in Lexington (16.7%).

Table 2 Demographic and Socioeconomic Profile of South Carolina Counties, 2012

Demographic & Socioeconomic
Factors

Overall in SC SC Counties (n = 46)

Mean ± SD Minimum Maximum

Adult Population (18+ years)
Number (n) 3,643,633 79,209 7866 (Allendale) 355,833 (Greenville)

Percentage of total population 73.8% (Dorchester) 86.5% (McCormick)

Median Household Income 43,290 38,687 25,633 (Allendale) 54,139 (Beaufort)

Female (versus male) 51.4% 50.9(1.8) 45.5% (McCormick) 54.2% (Marion)

Uninsured Adults 24.0% 24.1(2.7) 19.1% (Richland) 33.6% (Jasper)

Unemployed but seeking work 10.2% 10.8(2.8) 6.9% (Lexington) 18.1% (Marion)

Race and Ethnicity
Non-Hispanic African American 27.6% 35.9(16.4) 6.7% (Pickens) 72.9% (Allendale)

Non-Hispanic White 64.0% 57.3(15.2) 23.3% (Allendale) 87.0% (Pickens)
Hispanic 5.2% 4.2(3.0) 1.0% (McCormick, Union) 14.8% (Jasper)

Others 2.0% 3.0(0.9) 0.5% (McCormick,

Fairfield)

5.0% (Marlboro)

Table 3 Summary of Study Outcomes and Contextual Factors in South Carolina's Counties, 2012

Characteristics Overall in
SC

SC Counties (n = 46)

Minimum Maximum

% Adult Obesity 34.2% 22.5% (Beaufort) 43.9% (Lee)

% Adult Physical Inactivity 28.1% 15.2% (Beaufort) 35.2% (Dillon)

Healthcare facilities (per 100,000) 35.0 4.5 (Marlboro) 116.25 (Charleston)

Primary care physicians (per 100,000) 63.7 11.5 (Williamsburg) 155.0 (Charleston)

Adequate access to exercise
opportunities

53.0% 0.05% (Marlboro) 97.3% (McCormick)

(Continued)
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Marlboro had the highest proportion of the residents’ who have not seen a doctor due to cost (24.6%), the highest to
report their health status as fair or poor (28.3%), and the lowest ratio of health facilities (4.5 per 100,000).

Obesity and Physical Inactivity
Geographic Variations
Figure 2 demonstrates the geographic variation in obesity and physical inactivity in SC. Sixteen percent of SC counties
(n = 8) met the Healthy People 2020 objective of having their population with less than 30.6% obesity rate. However,
73% (n = 34) of SC counties had rates between 30.6% and 35.6%, indicating potential areas for improvement on obesity
prevention; and 1% of SC counties (n = 4) had higher than 35.6% obesity rates, needing some urgent interventions for
obesity control.

As for physical inactivity, 15% of SC counties (n = 7) met the objective of Healthy People 2020 goals of reducing
physical inactivity to 32.6%. However, more than 71% (n = 33) counties had rates between 32.6% and 37.6%, signifying
areas for improvement; and 1.5% (n = 6) of the counties had more than 37.6% physical inactivity rate.

Correlation Analysis
Pearson correlation coefficients in Table 4 shows that obesity had a strong positive linear correlation with physical
inactivity, as expected (r = 0.784, p < 0.0001). The density of health-care facilities had a moderate correlation with
obesity (r = 0.408, p = 0.005), and weak positive correlation physical inactivity (r = 0.272, p = 0.067).

On the other hand, PCP density had strong negative correlation with obesity (r = −0.506, p < 0.0001), but
a weak negative correlation with physical inactivity (r=−.392, p = 0.007). Similarly, access to exercise opportu-
nities had a negative correlation that was stronger in obesity (r = −0.603, p < 0.0001), compared to physical
inactivity (r = −0.560, p < 0.0001); indicating that as access to exercise increase, rates of obesity and physical
inactivity are more likely to decrease.

Spatial Analysis
Figures 3 and 4 illustrate the spatial autocorrelation of obesity and physical inactivity analyzed by Local Moran’s I in
ArcGIS.

Table 5 shows that some counties had significantly similar or dissimilar clusters, and there was enough evidence to
reject the null hypothesis (p < 0.05). A positive z-score indicates that a county neighbors’ other counties with similarly
high or low rates, and the county is part of a cluster. Greenville (Low-Low) had a cluster of low obesity rates and was
surrounded by neighbors with similarly low rates. Bamberg, Allendale, and Hampton (High-High) had high obesity rates
and were also surrounded by high rates. Allendale (High-High) and Dillon (High-High) had high physical inactivity rates
and were also surrounded by similar high inactivity rates. Conversely, a negative z-score indicates that a county neighbor
with other counties with dissimilar rates, and the county is an outlier. Therefore, Beaufort (Low-High) is an outlier as it
had low rates of obesity and was surrounded with high obesity rates.

Table 3 (Continued).

Characteristics Overall in
SC

SC Counties (n = 46)

Minimum Maximum

Not seen by Doctor due to Cost 16.0% 11.6% (Fairfield) 24.6% (Marlboro)

Inadequate social and emotional
support

29.0% 16.7% (Lexington) 39.5% (Allendale)

Low perception of own health 20.0% 10.1% (Beaufort) 28.3% (Marlboro)
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Clusters of Healthcare Facilities and Access to Exercise Opportunities
Figure 5 illustrates the spatial distribution of health-care facilities in SC counties. At the state level, Global Moran’s I result
showed a non-significant p-value (p = 0.978), which means that we fail to reject the null hypothesis, and therefore, conclude
that the spatial distribution is random. At the county level however, Local Moran’s I result showed that there was enough

Figure 2 Geographic variation in (A) Obesity and (B) Physical Inactivity, in South Carolina's counties, 2012.
Notes: Data from Behavioral Risk Factor Surveillance System (BRFSS).20
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evidence to reject null hypothesis, as statistical spatial clustering was detected in Greenville (High-High Cluster, p = 0.006,
z = 2.718) and Charleston (High-Low Outlier, p = 0.013, z=−2.466). This indicated that Greenville had high density of
healthcare facilities, and was surrounded by counties with high density too. On the other hand, Charleston had high density
of health-care facilities, but was surrounded with counties with low density. Interestingly, these counties are located in
urban areas and reported lower rates of obesity (Greenville = 28.5%, Charleston = 25.0%) and physical inactivity
(Greenville = 23.0%, Charleston = 20.2%).

Figures 6 and 7 show the geographic variation in access to exercise opportunities. More than 25% (n = 11) of SC
counties had low access to exercise opportunities (0–25%), while less than 1% (n = 2) of the counties had high access
opportunities (75–100%). McCormick (97.3%) and Greenville (77.9%) had the highest access to exercise opportunities,
while spatial clusters significantly showed (P < 0.05) low access to exercise opportunities in rural counties such as
Bamberg, Allendale, Hampton, and Marlboro (Low-Low). This finding emphasizes disparities in exercise opportunities
between rural and urban counties.

Regression Analysis
Obesity regression model in Table 6 shows that 73.5% of the variation in obesity is explained by the contextual
factors. There was enough evidence to reject null hypothesis (p < 0.0001), and the significant predictors of obesity at
95% confidence level were, rates of physical inactivity (p = 0.011), health facilities ratio (p = 0.017), and PCP ratio
per 100,000 of the adult population (p = 0.002). Adequacy of access to exercise opportunities was not significant
predictor for obesity (p = 0.075). As for physical inactivity, the regression model in Table 7 shows that 72% of the

Figure 3 Spatial autocorrelation of obesity in South Carolina.
Notes: Data from Behavioral Risk Factor Surveillance System (BRFSS).20

Table 4 Results of Correlation Coefficient Analysis

Healthcare Capacity Built Environment

Outcomes Health facilities density PCP density Access to Exercise
Opportunities

Obesity (r = 0.408, p = 0.005) (r = −0.506, p < 0.0001) (r = −0.603, p < 0.0001)

Physical Inactivity (r = 0.272, p = 0.067) (r = −0.392, p = 0.007) (r = −0.560, p < 0.0001)

https://doi.org/10.2147/JMDH.S345458

DovePress

Journal of Multidisciplinary Healthcare 2022:15696

Aljabri Dovepress

Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com
https://www.dovepress.com


variation in physical inactivity is explained by the contextual factors. There was enough evidence to reject null
hypothesis (p < 0.0001), and the significant predictors of physical inactivity were, obesity rate (p = 0.011) and having
a fair or poor perception about their own health (p = 0.001).

Discussion
Capitalizing on the wide international variability in health capacity and built environments, this study integrates several
databases to describe an example of the relationship between public health outcomes, built environment, and the density
of healthcare capacity. By identifying clusters of obesity and physical inactivity across SC counties, the present findings

Figure 4 Spatial autocorrelation of physical inactivity in South Carolina.
Notes: Data from Behavioral Risk Factor Surveillance System (BRFSS).20

Table 5 Local Moran’s I Analysis for Spatial Autocorrelation

County P-value (All Sig.) z-score Interpretation

Obesity Spatial Clusters

Greenville (LL) 0.036 2.092 Cluster: has neighbors with similarly low rates (Low rate surrounded by low)

Bamberg (HH) 0.016 2.409 Cluster: has neighbors with similarly high rates (High rate surrounded by
high)

Allendale (HH) 0.019 2.336

Hampton (HH) 0.041 2.043

Beaufort (LH) 0.035 −2.099 Outlier: has neighbors with dissimilar data values; (Low rate surrounded by
high)

Physical Inactivity Spatial Clusters

Allendale (HH) 0.012 0.012 Cluster: has neighbors with similarly high rates (High rate surrounded by

high)

Dillon (HH) 0.008 2.613 Cluster: has neighbors with similarly high rates (High rate surrounded by

high)
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highlight the significance of built environment improvements and proper healthcare resource allocation as a promising
public health intervention strategy toward equitable and sustainable health outcomes.

This study found a considerable amount of variation in demographic, socioeconomic and contextual factors between
rural and urban counties. Demographic and socioeconomic disparities due to geographical barriers have been shown to
influence health in several studies.33–35 These studies found that differences in race, income, and health insurance
between rural and urban areas are significantly associated with mortality and obesity. Allendale, a rural county in SC, had
the lowest median income ($25,633), highest rates of African Americas (72.9%), and significant cluster of obesity and
physical inactivity. Similarly, Patterson33 found that rural residents of every racial and ethnic group were at higher risk of

Figure 5 Spatial autocorrelation of healthcare facilities in South Carolina.
Notes: Data from the SC GIS Data Clearinghouse – DHEC.27

Figure 6 Demonstration of geographic variation in access to exercise opportunities in South Carolina.
Notes: Data from the County Health Rankings.21
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obesity than urban Whites. Also, Probst et al36 found that minorities and families with lower socioeconomic status had
higher odds of overweight.

Spatial analysis revealed significant clusters of high obesity and high physical inactivity in rural counties compared to
urban counties. Interestingly, a study by Martin et al34 found that “the degree of urbanization is evident and robust in the
South”, showing higher physical inactivity in rural compared with urban areas. On the other hand, local spatial analysis
revealed high clusters of health facilities in urban compared to rural counties. Luke et al37 indicated that spatial
proximities and clusters offer opportunities for hospitals to improve their performance by integrating care and coordinat-
ing services. However, other studies pointed that centralizing health facilities in urban areas may create duplicative
capacities, increase travel costs, and decrease rural residents' access to facilities with high-complexity services.38–40

Figure 7 Demonstration of counties with clusters of low access to exercise opportunities in South Carolina.
Notes: Data from the County Health Rankings.21

Table 6 Regression Analysis for Adult Obesity

Characteristics Unstandardized
Coefficients

P-value Standardized Beta 95% CI

B Std. Error Lower Upper

(Constant) 20.651 4.251 0.000 12.045 29.257

Physical Inactivity rate 0.448 0.168 0.011 0.395 0.013 0.126

Healthcare facilities (per 100,000) 0.069 0.028 0.017 0.264 −0.061 −0.004

Primary care physicians (per 100,000) −0.032 0.014 0.025 −0.212 −0.097 0.005

% of adequate access to exercise opportunities −0.046 0.025 0.075 −0.214 −0.231 0.412

% of not seeing a doctor due to cost 0.090 0.159 0.573 0.068 −0.215 0.367

% of inadequate social and emotional support 0.076 0.144 0.602 0.097 −0.348 0.355

Low perception of own health 0.004 0.173 0.984 0.003 0.109 0.788

Notes: Bold p-values indicates significance at the 0.05 level. Dependent variable: Obesity. Adjusted r2= 0.735, SE = 2.418, F = 18.815, P < 0.0001. Other variables were
excluded due to high collinearity (Variance Inflation Factor VIF >4).
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Healthcare Capacity
Regression and correlation results show obesity and physical inactivity to be equal predictors to one another and thus
highly correlated. Obesity was positively correlated with health facilities and negatively correlated with PCP ratios in
different directions. This finding was investigated to find that majority of those health facilities in rural areas have
established themselves based on the high prevalence of obesity in the area rather than being based on planned preventive
recommendations. Those health facilities were more likely to be hospice, rehabilitation, and surgical centers that are
associated with obesity treatment rather than prevention. In this regard, health policymakers are often faced with
infrastructural issues such as location and size of hospitals in the community. Thus, it is important for hospitals to
develop the infrastructural capabilities according to the changing needs of the healthcare market and technologies.41

Findings also showed that PCP density a significant element associated with obesity. This is supported by several
studies that discussed the role of PCP to the health system as well as the overall population health.42,43 Availability of
PCPs is associated with greater patient trust in the provider, good patient-provider communication, better counseling and
continuity of care.44,45 Despite those benefits, obesity counseling by PCPs may face barriers due to lack of training, lack
of time, and shortage or inequality in the distribution of providers.46–48

Socioeconomic factors, preference for affluent neighborhoods, availability of technology are other reasons affecting
physicians’ distribution.49,50 Furthermore, recent medical graduates may contribute to the unequal PCP distribution as
they tend to be more interested in sub-specialties rather than primary care, under the effect of market motivations, ie,
profit maximizing.43 In Indonesia, Meliala et al51 found that there is a concentration of specialist doctors in urban areas,
where most hospitals are located. Physicians not only seek to maximize their profit in cities due to private work practice
but also for the development and growth opportunities, access to supportive facilities, and increase the quality of their
social life.49,51,52 Inequity in supply and distribution of physicians has been discussed in many national policy agendas
and has been a continuous effort of international health policymakers.12,53

Studies have identified that even though there is significant increase in the number of physicians, the problem of
inequality in the distribution of physicians continued to exist.54,55 There is also limited understanding of effective ways to
achieve an improved sustainability-performance. Many health-care systems are increasing the number of medical
graduates or building new health-care centers, as an attempt for making healthcare delivery sustainable. Yet, participatory
and transformational health-care leaders need to encourage PCP to increase their commitment to sustainability by feeling
empowered to make green behaviors in their own practices such as discouraging unhealthy lifestyles and benefiting from
the natural environment, which can consequently improve population health.56

Table 7 Regression Analysis for Physical Inactivity

Characteristics Unstandardized
Coefficients

P-value Standardized Beta 95% CI

B Std. Error Lower Upper

(Constant) 4.649 4.741 0.333 −4.949 14.246

Obesity rate 0.353 0.132 0.011 0.400 0.086 0.620

Healthcare facilities (per 100,000) −0.020 0.026 0.446 −0.088 −0.074 0.033

Primary care physicians (per 100,000) 0.004 0.013 0.776 0.028 −0.023 0.030

% of adequate access to exercise opportunities 0.000 0.023 0.986 −0.002 −0.048 0.047

% of not seeing a doctor due to cost −0.039 0.141 0.783 −0.033 −0.325 0.247

% of inadequate social and emotional support 0.093 0.127 0.468 0.135 −0.164 0.350

Low perception of own health 0.487 0.132 0.001 0.499 0.219 0.754

Notes: Bold p-values indicates significance at the 0.05 level. Dependent variable: Physical Inactivity. Adjusted r2= 0.733, SE= 2.428, F=18.613, P < 0.0001. Other variables
were excluded due to high collinearity (Variance Inflation Factor VIF >5).
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Therefore, focus should be on building health-care facilities that adopt sustainable-oriented approaches. Matsumoto
et al57 compared the distribution of PCP in Japan, Britain and the United States and found that the political health system
has a major role in PCP distribution in Japan and the US, while Britain had more equitable distribution and regulations.
In Turkey, a two-year compulsory service law for newly graduated general practitioners and specialists have reduced the
inequalities in the physician distribution.58 Thus, system-level government interventions to improve the capacity and
allocation of healthcare resource is crucial to provide fair distribution of health-care facilities and physicians in rural and
urban areas. Incentive and retention strategies need to be integrated into ongoing efforts to strengthen the health system
and reduce inequities in population health.

Perception of Health
Low self-reported health status was a significant predictor for physical inactivity. People who are less likely to engage in
leisure physical activities, were more likely to have low perception of their own health. Several studies identified the
effects of health perception on living satisfaction and wellbeing activities. Lee59 found that leisure and sporting activities
were recognized as ways to achieve mental and social satisfaction, and Oh60 found that swimming participation
effectively decreased depression and improved psychological and physical health. Hardcastle et al61 suggested that
health perception is one of the important factors to motivate individuals in promoting behavior and lifestyle. It is
important to point out, however, that the observational nature of our ecological study does not allow us to examine
whether physical inactivity is a downstream result of low perceived health status, or whether persons with low perceived
health status tended to do less physical activity from the outset.

Built Environment
World Health Organization has identified the need to develop supportive environments promoting physical activity to
achieve good health and well-being, and to control the rise of non-communicable diseases. In this study, there was
a considerable decline in access to exercise opportunities between urban and rural areas. Many studies declared that
geographic distance from parks and recreational facilities, fear of crime, traffic, lack of time and lack of interest in
outdoor physical exercise are factors that contribute to low exercise.62–65 Studies also reported that people in rural areas
had even less opportunities to exercise compared with people in urban areas due to their general better sidewalks, safer
cycling paths, and more playgrounds and fitness centers.66,67 Several constraints in rural communities may be key factors
for this problem, such as community design, walkability, transportation, recreational facilities, land availability, and funds
that enable investment on building parks and active-friendly environments.

Despite the valuable contributions of the study, there are some limitations. First, the utilized secondary data for
obesity and physical inactivity stemmed from the self-reported BRFSS survey, which is subject to underreporting of
socially undesirable responses (obesity) and recall bias of reporting no-leisure activities in the past month (physical
inactivity). In addition, physical inactivity question in the BRFSS was measured by a categorical answer rather than
a continuous one. Hence, readers must be cautious in interpreting associations as causal relationships, especially in this
cross-sectional study.

Furthermore, the measures of healthcare capacity were limited as they reflect the ratio in an area and cannot be used
solely to infer the adequacy of provider resources. For example, county residents in a certain area may use health
facilities and PCP services in proximate neighbored counties. Thus, spatial spillover bias might be an effect, especially in
rural counties. It is recommended to measure the adequacy of healthcare capacity with more aggregate factors such as
physicians’ characteristics, technology, and population needs and expectations. Future studies should consider other
factors that affect obesity such as the proximity to food outlets and fast food restaurants. Finally, ecological fallacy is
expected in the nature of this study, limiting its inference only to the county-level.

Conclusion
The study found significant geographic variations and high clusters of obesity and physical inactivity in rural areas, compared
with high clusters of access to exercise opportunities and health-care facilities in urban areas. Analyzing patterns related to
physical inactivity and obesity in the counties using GIS aided the assessment of the situation of healthcare capacity and the
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built environment. Local policymakers are encouraged to consider the results of this study as baseline to compare with after
taking planned actions and interventions. The international health community is encouraged to utilize spatial information
systems to examine variations, and recommend evidence-based recommendations to redistribute equitable public health
efforts to rural and remote areas, taking this study as an example. The documentation of county-level differences would prove
helpful in terms of local and international cooperation in adopting sustainable-oriented approaches and sharing knowledge
toward achieving the Healthy People 2030 targets and the equity of the healthcare system. Focusing on convergent strategies
that aim at solving health problems and strategies for sustainable development is a step toward transdisciplinary thinking and
integration in strategy formulation to achieve desired health outcomes.
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