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Abstract
Background: Obesity is a global epidemic causing at least 2.8 million deaths per year. This complex disease is associated with
significant socioeconomic burden, reduced work productivity, unemployment, and other social determinants of health (SDOH)
disparities.
Objective: The objective of this study was to investigate the effects of SDOH on obesity prevalence among adults in Shelby
County, Tennessee, the United States, using a geospatial machine learning approach.
Methods: Obesity prevalence was obtained from the publicly available 500 Cities database of Centers for Disease Control and
Prevention, and SDOH indicators were extracted from the US census and the US Department of Agriculture. We examined the
geographic distributions of obesity prevalence patterns, using Getis-Ord Gi* statistics and calibrated multiple models to study
the association between SDOH and adult obesity. Unsupervised machine learning was used to conduct grouping analysis to
investigate the distribution of obesity prevalence and associated SDOH indicators.
Results: Results depicted a high percentage of neighborhoods experiencing high adult obesity prevalence within Shelby County.
In the census tract, the median household income, as well as the percentage of individuals who were Black, home renters, living
below the poverty level, 55 years or older, unmarried, and uninsured, had a significant association with adult obesity prevalence.
The grouping analysis revealed disparities in obesity prevalence among disadvantaged neighborhoods.
Conclusions: More research is needed to examine links between geographical location, SDOH, and chronic diseases. The
findings of this study, which depict a significantly higher prevalence of obesity within disadvantaged neighborhoods, and other
geospatial information can be leveraged to offer valuable insights, informing health decision-making and interventions that
mitigate risk factors of increasing obesity prevalence.
(JMIR Public Health Surveill 2022;8(8):e37039) doi: 10.2196/37039
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Introduction
Obesity is a global epidemic with increasing prevalence from
3% to 11% among men and 6% to 15% among women within
the past 40 years [1]. Obesity is responsible for at least 2.8
million deaths per year [2] and is defined by the Centers for
Disease Control and Prevention (CDC) as “weight that is higher
than what is considered healthy for a given height” with a BMI
of 30 kg/m2 or higher [3]. It is a noncommunicable disease
(NCD) that could have a profound, lifelong adverse impact on
individuals’ overall life expectancy, quality of life, and other
clinical outcomes. Moreover, obesity increases susceptibility
to developing other NCDs such as diabetes mellitus,
hypertension, heart disease, myocardial infarction, stroke, fatty
liver disease, and cancers. According to the CDC, obesity is
associated with the top leading causes of death in the United
States. With over 42% of individuals living with obesity, there
is a significant US $147 billion financial burden placed on the
United States [4].
Although genetic and behavioral factors increase susceptibility,
studies have shown that social determinants of health (SDOH)
risk factors adversely affect health outcomes and are major
contributing factors to the increasing occurrence of obesity and
other NCDs [5-9]. Evidence suggests that the pattern of
distribution for societal resources and socioeconomic status are
correlated with the quality-of-life attributes as well as physical
and psychosocial characteristics [10]. SDOH indicators
including education attainment, financial security, health
literacy, access to healthy food, poverty level, employment
conditions, and health care access are determined to be the most
significant predictors of an individual’s health status. Moreover,
SDOH indicators are perceived to be among major driving forces
behind systematic social inequalities [11]. As a result, certain
susceptible populations are more likely to be affected by
obesity-associated SDOH stressors than other groups and
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populations [12]. The ongoing global pandemic caused by
COVID-19 has further worsened SDOH burdens, since
individuals diagnosed with preexisting conditions such as
obesity have been disproportionately affected by COVID-19
morbidity and mortality [13]. Tailored and effective obesity
prevention interventions should be implemented within the
context of sociocultural, socioeconomical, environmental,
psychosocial, and demographic indicators that influence
population health.
There is a dearth of studies that have leveraged geospatial
intelligence to examine SDOH indicators associated with
obesity. In this study, we examined the geographical variations
and prevalence patterns of obesity in Shelby County in the
United States, using Getis-Ord Gi* statistics and calibrated
multiple models to study the association between SDOH and
adult obesity. We also adopted unsupervised machine learning
to conduct grouping analysis and investigate the distribution of
obesity prevalence and the associated SDOH indicators. In
addition to facilitating the surveillance of obesity and other
NCDs within Shelby County, our findings could inform
innovative health strategies to tackle SDOH disparities and
other adverse influences on health outcomes.

Methods
Data Source
In this study, data from well-known, publicly available
multidimensional sources were merged at the census tract level.
We used CDC 500 Cities data (2019) [14], which represents
city-level data originating from 500 largest US cities, to
determine obesity prevalence. The CDC 500 Cities data were
merged with SDOH data extracted from the American
Community Survey and the US Department of Agriculture
(2018-2020) estimates [15,16]. Table 1 shows the summary
statistics for variables included in the study.
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Table 1. Summary statistics for obesity and related risk factors in census tracts of Shelby County, Tennessee.

a

Variables

Operationalization

Source

Values, mean (SD)

Obesity

Model-based estimate for the crude prevalence of obesity among adults aged ≥18
years, 2018

CDCa

35.77 (7.84)

Low access to supermarket Count of housing units without a vehicle and greater than half a mile from supermarket USDAb
in the census tract

102.54 (108.37)

Black population

Percentage of the Black or African American population living in the census tract

58.02 (17.31)

Poverty

Percentage of the population living below the federal poverty line in the census tract USDA

24.89 (17.35)

Unemployment

Percentage of the unemployed population living in the census tract

US census

4.32 (3.04)

High school diploma

Percentage of the population aged ≥25 years without a high school diploma in the
census tract

US census

9.33 (6.59)

Renters

Percentage of the population renting their homes

US census

18.87 (11.85)

Average household size

Average household size in a census tract

US census

2.57 (0.52)

Median household income Median household income in a census tract (US $)

US census

53,746 (29,335)

Female head of the house- Percentage of the households with a female head in a census tract
hold

US census

7.75 (4.23)

US census

Uninsured

Model-based estimate for the crude prevalence of uninsured adults aged ≥18 years,
2018

CDC

18.84 (7.16)

Lack of physical activity

Model-based estimate for the crude prevalence of lack of physical activity among
adults aged ≥18 years, 2018

CDC

32.88 (10.52)

Aged 55 years and older

Percentage of the population aged ≥55 years in a census tract

US census

21.89 (7.81)

Single

Percentage of the population who are single in a census tract

US census

13.70 (8.62)

CDC: Centers for Disease Control and Prevention.

b

USDA: The United States Department of Agriculture.

Obesity Clusters
We explored the geospatial clustering and hot spots of adult
obesity prevalence in Shelby County. We conducted this analysis
by using Getis-Ord Gi* statistics with first order queen
contiguity and applied the false discovery rate correction
parameter to account for multiple testing and spatial dependence.

Regression Modeling
Data Wrangling
To prepare the data set for predictive modeling, we scaled our
features such that columns had a mean of 0 and a SD of 1 [17].
Relative scales have been shown to reduce heterogeneity and
allow for variable comparison [18].

Model Selection
The predictor variables that were considered were the 13-census,
tract-level risk factor variables, and the outcome variable was
the adult obesity prevalence in the census tract (Table 1). We
used the “forward and backward” stepwise regression to depict
a subset of the variables and Akaike’s information criterion
(AIC) as the metric [19,20]. Variance inflation factor (VIF) was
applied to assess redundancy between predictor variables to
prevent multicollinearity. VIF factors that exceeded 10 were
removed [21]. Predictor variable values that were not significant
(P<.05) were removed.
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Models
In this study, we applied multiple modeling techniques. Ordinary
least squares (OLS) regression modeling was amongst these
techniques, represented by the following equation:
Y = Xβ + ε (1)
Equation 1 shows the regression model in matrix notation, where
Y is an n×1 vector of n observations on the dependent variable;
X is an n×q design matrix of n observations on q explanatory
variables (first column in X matrix will consist of a vector of n
ones for the intercept); β is a q×1 vector of regression
coefficients; and ε represents an n×1 vector of random error
terms (independently and identically distributed). To assess and
compare the performance of the models, we used adjusted R2
and AIC. To assess the heteroskedasticity of random error terms,
we used the Koenker-Bassett test. To assess the normality of
error distribution, the Jarque-Bera test was applied. We assessed
the multicollinearity of the entire model using the condition
number. To examine the independence of the terms Robust
Lagrange Multiplier (error) and Robust Lagrange Multiplier
(lag) methods were applied. First, order queen contiguity
weights were constructed for spatial testing. Queen contiguity
was chosen because areas sharing all boundaries and vertices
are considered as neighbors, which yields more neighbors per
area than the rook contiguity. If dependence was found among
the terms, we incorporated the terms that accounted for
autocorrelation in the model. Thus, we applied spatial
autoregressive models: spatial lag or spatial error model (SEM)
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[22]. The spatial lag model includes a spatially lagged dependent
variable and is represented by equation 2:
Y= Xβ+ ρWY + ε (2)
In equation 2, Y is an n×1 vector of n observations on the
dependent variable; ρ is a scalar spatial lag parameter; WY is
the spatially lagged dependent variable for an n×n weights
matrix W; X is an n×q design matrix of n observations on q
explanatory variables; β is an q×1 vector of regression
coefficients; and ε represents an n×1 vector of error terms.
The spatial error model includes a spatial autoregressive error
term and is represented by equation 3:
Y = Xβ + u, u = λWu + ε (3)
In equation 3, Y is an n×1 vector of n observations on the
dependent variable; X is an n×q design matrix of n observations
on q explanatory variables; β is an q×1 vector of regression
coefficients; λ is a scalar spatial error parameter; W represents
the n×n spatial weights matrix; u represents an n×1 vector of
error terms; Wu denotes a spatially lagged error term; and the
represents an n×1 vector of error terms. OLS regression and
spatial autoregressive models will be assessed and compared
to depict the optimal performance.

Grouping Analysis
In order to understand the dependent variable and significantly
associated SDOH across the region, we used the hierarchical
clustering unsupervised machine learning algorithm [23-25] in
the “stats” package embedded in R software (version 4.0.3;
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RStudio, PBC) [25] to conduct an exploratory grouping analysis.
Ward’s Method was used to minimize the increase in the error
sum of squares [26].

Lack of Physical Activity, Obesity, and SDOH
We explored the geographical distribution of lack of physical
activity, obesity, and the top four features significantly
associated with obesity in Shelby County.

Visualization and Tools
ArcGIS Pro software (version 2.9.0; Esri) was used to produce
spatial distributions to investigate patterns (ie, spatial clustering).
R Studio (version 4.0.3; RStudio, PBC) and GeoDa software
(version 1.16.0.12; Luc Anselin) were used for statistical
analyses.

Results
Obesity Clusters
Figure 1 reflects adult obesity prevalence geospatial distribution
and adult obesity prevalence significant clusters in the study
region.
Figure 1A shows a high percentage of the population in the
central and southwestern regions diagnosed with adult obesity,
and Figure 1B shows that the central western region is also a
significant hot spot for adult obesity. Conversely, significant
cold spots are clustered along the eastern region of the Shelby
County.
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Figure 1. (A) represents geospatial distribution of adult obesity prevalence in Shelby County; (B) represents significant hot and cold spots of adult
obesity prevalence in Shelby County.

Model Selection
After conducting the analytical modeling techniques in the
“Regression Modeling“ section, the percentage of population
that lacks physical activity was removed during the VIF
assessment (VIF=46.7), and the percentage of population with
a female head of the household and the percentage of the
population aged 25 years and older without high school
education were removed during the AIC process (they were
also found to be nonsignificant after conducting further
experimental analysis). In addition, the average household size
and households with low access to supermarkets were not
significantly associated with obesity. However, there were 8
variables from Table 1 that were significantly associated with
obesity prevalence: median household income, percentage of
the Black population, poverty level, percentage of the uninsured

https://publichealth.jmir.org/2022/8/e37039

XSL• FO
RenderX

population, percentage of the population aged 55 years or older,
percentage of the population who are single, percentage of the
unemployed population, and percentage of home renters. The
significant variables each had a VIF ≤10.0.

The Final OLS Model Results
The final OLS regression model results are shown in Table 2,
which displays the predictor variables that best describe the
model. The adjusted R2 was 0.963, indicating that 96% of the
variation in the outcome variable was explained by the predictors
with an AIC of –88.34. There was a multicollinearity condition
number of 6.99, which is less than 20, thus not suspected of
multicollinearity. The Jarque-Bera test had a P value <.001.
Koenker-Bassett test had a P value of .17, indicating the
presence of constant variance in error terms. The P value (F
statistics) less than .05 was deemed as significant or meaningful.
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Table 2. Ordinary least squares regression results.

a

Variable

Coefficient

Constant

–0.000

Median household income

–0.046a

Poverty

0.184b

Renters

–0.134b

Aged 55 years and older

0.043a

Single

0.091c

Uninsured

0.445b

Unemployment

0.042a

Black population

0.438b

P<.05.

b

P<.001.

c

P<.01.

However, Robust Lagrange Multiplier (error) had a test value
of 10.72 (P=.001), which was significantly higher than Robust
Lagrange Multiplier (lag) with a test value of 8.449 (P=.003).
OLS model results are not reliable due to significant spatial
dependency. A spatial error term will be incorporated into the
model.

Spatial Error Model
Table 3 shows the SEM results. In the model, the percentage
of the Black population, the percentage of the population below
poverty rate, the percentage of the population who are single,
the percentage of uninsured population, and the percentage of

the population aged 55 years or older are positively associated
with obesity, showing an increase in obesity. On the other hand,
the median household income and the percentage of home
renters are negatively associated with obesity, showing a
decrease in obesity.
Since our variables are measured on the same scale, we were
able to compare the strength of the effect of each predictor
variable on obesity prevalence. We found that the percentage
of uninsured population, the percentage of the Black population,
the percentage of the population below poverty level, and the
percentage of home renters were the most important variables
when predicting obesity prevalence in Shelby County.

Table 3. Spatial Error Model results.

a

Variable

Coefficient

Constant

–0.001

Lambda

0.488a

Median household income

–0.056a

Renters

–0.106a

Poverty

0.146a

Aged 55 years or older

0.051b

Single

0.066c

Uninsured

0.466a

Unemployment

0.027

Black population

0.423a

P<.001.

b

P<.01.

c

P<.05.
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Overall Model Performance Comparison
After calibrating both models, we found that SEM outperformed
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the OLS model. Table 4 shows that the R2 value improved to
0.968 after incorporating the error term in the model, and the
AIC improved to –108.09, indicating a better model fit.

Table 4. Model performance.
Model

Adjusted R2

Akaike’s information criterion

Ordinary least squares

0.963

–88.34

Spatial error model

0.968

–108.09

Grouping Analysis
Our grouping analysis divided the study area into 5 distinct
groups across the Shelby region, based on the top four features
that were significantly associated with obesity (Figure 2).
Figure 2. Grouping analyses results.
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Group 1 spans the fourth largest area of the region (47 census
tracts) and was quantified as being below average in obesity
prevalence, percentage of the Black population, percentage of
the population with an income below the poverty level, and
percentage of the uninsured population; however, this group is
around average in the percentage of renters.
Group 2 is the largest area in the region, comprising of 62 census
tracts. This region is far above average in obesity prevalence,
percentage of renters, percentage of the Black population,
percentage of the population with an income below the poverty
level, and percentage of the uninsured population.
Group 3 comprises of 52 census tracts. This region is above
average in obesity prevalence, percentage of renters and
percentage of the uninsured population, and it is far above
average in percentage of the Black population; however, this
group is around average in percentage of the population with
an income below the poverty level and below average in
percentage of renters.
Group 4 comprises of 52 census tracts and is quantified as being
far below average in obesity prevalence, percentage of the Black
population, percentage of the population with an income below
the poverty level, percentage of renters, and percentage of the
uninsured population.
Group 5 spans the smallest area of the region (6 census tracts)
and is characterized as being average in obesity prevalence and
percentage of the uninsured population; however, this group is
far above average in percentage of the Black population,

Brakefield et al
percentage of the population with an income below the poverty
level, and percentage of renters.

Lack of Physical Activity, Obesity, and SDOH
Even though lack of physical activity was removed during the
“model selection” process due to multicollinearity, we examined
the Spearman rank correlation coefficient (Table 5), the
geospatial distribution of obesity (Figure 1A), and lack of
physical activity (Figure 3), as well as the geospatial patterns
among the top four obesity-associated features and lack of
physical activity (Figure 3). The Spearman rank coefficient
shows a strong positive relationship between lack of physical
activity and obesity. Figure 1A shows a high prevalence of
obesity clusters in the central and southwestern regions of
Shelby County, consistent with the top four obesity-associated
features and the lack of physical activity geospatial pattern.
In addition, Table 5 shows a strong positive relationship between
lack of physical activity and the top four features associated
with obesity. Geographically, we found that the central and
southwestern regions of Shelby County consisted of a high
percentage of population who are below the poverty rate, Black,
and uninsured, and the percentage of the population who lack
physical activity was consistent with these geospatial patterns.
On the other hand, the eastern region of Shelby County showed
a consistent pattern among the low percentage of the population
below poverty rate, percentage of the Black population,
percentage of renters, and percentage of the uninsured
population, and consisted of clustered census tracts that
contained a low percentage of the population who lack physical
activity.

Table 5. Spearman rank coefficients to assess the relationship between lack of physical activity and obesity and the top four obesity-associated features
in Shelby County census tracts.

a

Variables

Spearman rank coefficient

Obesity

0.96a

Uninsured population

0.95a

Black population

0.76a

Renters

0.43a

Poverty

0.86a

P<.001.
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Figure 3. Assessment of lack of physical activity and the top four features associated with obesity.

Discussion
Obesity is a serious health condition that is associated with
several comorbidities (eg, heart diseases, cancers, and diabetes)
that are leading causes of death in the United States. SDOH
factors such as the community, home, school, and workplace
setting can impact physical activity and access to affordable
healthy food. Some communities are more impacted, as
evidenced by the disproportionality of adult obesity rates,
https://publichealth.jmir.org/2022/8/e37039
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compared to other populations [27,28]. Although a few studies
have leveraged geospatial analysis in the United States to
explore the relationship between neighborhood factors and
obesity, this study was a critical step in understanding and
effectively addressing chronic diseases. Using Getis-Ord Gi*
statistics and unsupervised machine learning, this study
examined how SDOH characteristics influenced obesity
prevalence among adults 18 years or older in Shelby County.
In a study by Cohen et al [29] in 2017, obesity rates were
JMIR Public Health Surveill 2022 | vol. 8 | iss. 8 | e37039 | p. 9
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modeled against urban-rural geographic status, using the
Behavioral Risk Factor Surveillance System. Moreover, our
findings, showing associations between SDOH indicators (eg,
race, income level, and poverty rate) and obesity, are consistent
with the findings of other studies [29-31]. Our study also found
that in the eastern region of Shelby County, where the
percentage of home renters was low (Figure 3), the obesity rate
was also low (Figure 1A). Thus, a population’s rental status
could play a role in the obesity prevalence. However, contrary
to other studies [32-34], our study found that lack of educational
attainment was not significantly associated with an increase in
obesity prevalence. Given some of the SDOH risk factors that
have been identified (eg, percentage of the population below
poverty rate, low median household income, percentage of
renters, Black population, and the uninsured population), as
well as the high obesity prevalence depicted among socially
disadvantaged groups within Shelby County, our study proposes
that the effective planning and implementation of intervention
strategies to address obesity are informed by SDOH surveillance.
Notably, our model calibration results indicate that SEM
outperformed the OLS model.
Unlike multiple studies [5-12,27-34] that have examined obesity
and SDOH, we provided an analysis to assess adult obesity and
SDOH at the census tract level in Shelby County, Tennessee.
Admittedly, some limitations should be considered with our
findings. First, cross-sectional studies such as ours are unable
to detect causal relations between predictor and outcome
variables nor are they able to qualitatively examine
sociocontextual influences. Another limitation is that when
aggregating data such as SDOH and analyzing at a specific level
of granularity, a change in units could alter the findings
(modifiable areal unit problem). In addition, our study may not
be generalizable to the whole Tennessee state and the United
States. In the future, we will conduct comparative studies to
assess the generalizability of our results and include additional
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SDOH indicators (eg, proximity to green spaces, crime, and
transportation) and social and community contexts (eg, social
cohesion) to expand our study. In addition, 500 Cities only
provide data for 219 of 221 census tracts in Shelby County,
which could pose a problem during the integration process; we
removed the missing census tracts (ie, 980200 and 980300)
from other integrated data sets for parallelism. Another
limitation is that CDC 500 Cities data relies on self-reported
surveys that have not been continuously scrutinized for potential
social desirability bias and measurement bias. However, this
data set offers access to validated, regionally representative
data. Despite these limitations, our study depicts that SDOH
and environmental characteristics at a granular level are major
risk factors for obesity in Shelby County.
Finally, results from this study will be incorporated into the
analytics layer of our Urban Public Health Observatory
knowledge-based surveillance platform [35,36] and Personal
Health Libraries [37]. These platforms could facilitate the
collection of public health evidence as well as surveillance data
that will facilitate precision population health [38] to provide
immediate insights to inform decision-making at multiple levels
of authority, including among health officials, patients,
physicians, and caregivers.

Conclusion
Previous studies have found associations between
sociogeographical determinants and health outcomes [39-42].
Likewise, our study found that a high percentage of
disadvantaged neighborhoods within the Shelby region had
significantly higher obesity prevalence and SDOH risk factors.
Accordingly, policies should be implemented that are
socioculturally adaptable and tailored toward vulnerable
communities and can address SDOH disparities and are geared
to tackle underlying determinants of the obesity epidemic.

Conflicts of Interest
None declared.

References
1.
2.
3.
4.
5.

6.

7.

8.

Jaacks LM, Vandevijvere S, Pan A, McGowan CJ, Wallace C, Imamura F, et al. The obesity transition: stages of the global
epidemic. Lancet Diabetes Endocrinol 2019 Mar;7(3):231-240. [doi: 10.1016/s2213-8587(19)30026-9]
Obesity. World Health Organization. URL: https://www.who.int/health-topics/obesity#tab=tab_1 [accessed 2021-08-28]
Defining adult overweight and obesity. Centers for Disease Control and Prevention. URL: https://www.cdc.gov/obesity/
basics/adult-defining.html [accessed 2021-08-28]
Adult obesity facts. Centers for Disease Control and Prevention. URL: https://www.cdc.gov/obesity/data/adult.html [accessed
2022-07-22]
Lee A, Cardel M, Donahoo W. Social and Environmental Factors Influencing Obesity. Feingold KR, Anawalt B, Boyce
A. editors.EndotextInternet. South Dartmouth (MA): MDText.com, Inc; 2000. URL: https://www.ncbi.nlm.nih.gov/books/
NBK278977/ [accessed 2022-07-27]
Suglia SF, Shelton RC, Hsiao A, Wang YC, Rundle A, Link BG. Why the neighborhood social environment is critical in
obesity prevention. J Urban Health 2016 Feb 15;93(1):206-212 [FREE Full text] [doi: 10.1007/s11524-015-0017-6] [Medline:
26780582]
Suglia SF, Shelton RC, Hsiao A, Wang YC, Rundle A, Link BG. Why the neighborhood social environment is critical in
obesity prevention. J Urban Health 2016 Feb 15;93(1):206-212 [FREE Full text] [doi: 10.1007/s11524-015-0017-6] [Medline:
26780582]
Reidpath DD, Burns C, Garrard J, Mahoney M, Townsend M. An ecological study of the relationship between social and
environmental determinants of obesity. Health Place 2002 Jun;8(2):141-145. [doi: 10.1016/s1353-8292(01)00028-4]

https://publichealth.jmir.org/2022/8/e37039

XSL• FO
RenderX

JMIR Public Health Surveill 2022 | vol. 8 | iss. 8 | e37039 | p. 10
(page number not for citation purposes)

JMIR PUBLIC HEALTH AND SURVEILLANCE
9.

10.

11.
12.

13.

14.
15.
16.
17.
18.

19.
20.
21.
22.
23.
24.
25.
26.
27.

28.

29.

30.
31.
32.
33.

34.

Yang Y, Jiang Y, Xu Y, Mzayek F, Levy M. A cross-sectional study of the influence of neighborhood environment on
childhood overweight and obesity: Variation by age, gender, and environment characteristics. Prev Med 2018 Mar;108:23-28.
[doi: 10.1016/j.ypmed.2017.12.021] [Medline: 29289640]
McGill R, Anwar E, Orton L, Bromley H, Lloyd-Williams F, O'Flaherty M, et al. Are interventions to promote healthy
eating equally effective for all? Systematic review of socioeconomic inequalities in impact. BMC Public Health 2015 May
02;15(1):457 [FREE Full text] [doi: 10.1186/s12889-015-1781-7] [Medline: 25934496]
Social determinants of health. World Health Organization. URL: https://www.who.int/social_determinants/sdh_definition/
en/ [accessed 2022-07-22]
Javed Z, Valero-Elizondo J, Maqsood MH, Mahajan S, Taha MB, Patel KV, et al. Social determinants of health and obesity:
Findings from a national study of US adults. Obesity (Silver Spring) 2022 Feb 27;30(2):491-502. [doi: 10.1002/oby.23336]
[Medline: 35088551]
Singu S, Acharya A, Challagundla K, Byrareddy SN. Impact of social determinants of health on the emerging COVID-19
pandemic in the United States. Front Public Health 2020 Jul 21;8:406 [FREE Full text] [doi: 10.3389/fpubh.2020.00406]
[Medline: 32793544]
500 Cities project: 2016 to 2019. Centers for Disease Control Prevention. URL: https://www.cdc.gov/places/about/
500-cities-2016-2019/index.html [accessed 2022-07-22]
The United States Census Bureau. About the American community survey. 2021. URL: https://www.census.gov/
programs-surveys/acs/about.html [accessed 2021-08-28]
United SDOA. Data sources. USDA economic research service. 2021. URL: https://www.ers.usda.gov/topics/farm-economy/
farm-sector-income-finances/data-sources [accessed 2022-07-27]
Gelman A. Scaling regression inputs by dividing by two standard deviations. Stat Med 2008 Jul 10;27(15):2865-2873. [doi:
10.1002/sim.3107] [Medline: 17960576]
Hemilä H, Friedrich JO. Many continuous variables should be analyzed using the relative scale: a case study of β-agonists
for preventing exercise-induced bronchoconstriction. Syst Rev 2019 Nov 19;8(1):282 [FREE Full text] [doi:
10.1186/s13643-019-1183-5] [Medline: 31744533]
Bozdogan H. Model selection and Akaike's information criterion (AIC): the general theory and its analytical extensions.
Psychometrika 1987 Sep;52(3):345-370. [doi: 10.1007/BF02294361]
Venables WN, Ripley BD. N. In: Modern Applied Statistics with S, Fourth Edition. New York: Springer; 2002.
Franke GR. Multicollinearity. Wiley Online Library 2010 Dec 15 [FREE Full text] [doi: 10.1002/9781444316568.wiem02066]
Anselin L. Spatial externalities, spatial multipliers, and spatial econometrics. IRSR 2016 Jul 26;26(2):153-166. [doi:
10.1177/0160017602250972]
Nielsen F. Hierarchical clustering. In: Introduction to HPC with MPI for Data Science. New York: Springer; 2016:195-211.
Gentleman R, Carey VJ. Unsupervised machine learning. In: Bioconductor Case Studies. New York: Springer; 2008:137-157.
Antoch J. Environment for statistical computing. Computer Science Review 2008 Aug;2(2):113-122 [FREE Full text] [doi:
10.1016/j.cosrev.2008.05.002]
Murtagh F, Legendre P. Ward’s hierarchical agglomerative clustering method: which algorithms implement ward’s criterion?
J Classif 2014 Oct 18;31(3):274-295. [doi: 10.1007/s00357-014-9161-z]
Kirby JB, Liang L, Chen H, Wang Y. Race, place, and obesity: the complex relationships among community racial/ethnic
composition, individual race/ethnicity, and obesity in the United States. Am J Public Health 2012 Aug;102(8):1572-1578.
[doi: 10.2105/ajph.2011.300452]
de Oliveira AC, Leonard TC, Shuval K, Skinner CS, Eckel C, Murdoch JC. Economic preferences and obesity among a
low-income African American community. J Econ Behav Organ 2016 Nov;131(B):196-208 [FREE Full text] [doi:
10.1016/j.jebo.2015.11.002] [Medline: 28133400]
Cohen SA, Cook SK, Kelley L, Foutz JD, Sando TA. A closer look at rural-urban health disparities: associations between
obesity and rurality vary by geospatial and sociodemographic factors. J Rural Health 2017 Apr 24;33(2):167-179. [doi:
10.1111/jrh.12207] [Medline: 27557442]
Akil L, Ahmad HA. Effects of socioeconomic factors on obesity rates in four southern states and Colorado. Ethn Dis
2011;21(1):58-62 [FREE Full text] [Medline: 21462731]
Ameye H, Swinnen J. Obesity, income and gender: the changing global relationship. Glob Food Sec 2019 Dec;23:267-281.
[doi: 10.1016/j.gfs.2019.09.003]
Kim Y. The long-run effect of education on obesity in the US. Econ Hum Biol 2016 May;21:100-109. [doi:
10.1016/j.ehb.2015.12.003] [Medline: 26828291]
Befort C, Nazir N, Perri MG. Prevalence of obesity among adults from rural and urban areas of the United States: findings
from NHANES (2005-2008). J Rural Health 2012;28(4):392-397 [FREE Full text] [doi: 10.1111/j.1748-0361.2012.00411.x]
[Medline: 23083085]
Devaux M, Sassi F, Church J, Cecchini M, Borgonovi F. Exploring the relationship between education and obesity. OECD:
J Econ Stud 2011 Sep 15:1-40. [doi: 10.1787/eco_studies-2011-5kg5825v1k23]

https://publichealth.jmir.org/2022/8/e37039

XSL• FO
RenderX

Brakefield et al

JMIR Public Health Surveill 2022 | vol. 8 | iss. 8 | e37039 | p. 11
(page number not for citation purposes)

JMIR PUBLIC HEALTH AND SURVEILLANCE
35.

36.

37.

38.
39.

40.

41.

42.

Brakefield et al

Brakefield WS, Ammar N, Olusanya OA, Shaban-Nejad A. An urban population health observatory system to support
COVID-19 pandemic preparedness, response, and management: design and development study. JMIR Public Health Surveill
2021 Jun 16;7(6):e28269 [FREE Full text] [doi: 10.2196/28269] [Medline: 34081605]
Brakefield WS, Ammar N, Shaban-Nejad A. An urban population health observatory for disease causal pathway analysis
and decision support: underlying explainable artificial intelligence model. JMIR Form Res 2022 Jul 20;6(7):e36055. [doi:
10.2196/36055]
Ammar N, Bailey JE, Davis RL, Shaban-Nejad A. Using a personal health library-enabled mHealth recommender system
for self-management of diabetes among underserved populations: use case for knowledge graphs and linked data. JMIR
Form Res 2021 Mar 16;5(3):e24738 [FREE Full text] [doi: 10.2196/24738] [Medline: 33724197]
Shaban-Nejad A, Michalowski M, Peek N, Brownstein JS, Buckeridge DL. Seven pillars of precision digital health and
medicine. Artif Intell Med 2020 Mar;103:101793. [doi: 10.1016/j.artmed.2020.101793] [Medline: 32143798]
Lawson JA, Janssen I, Bruner MW, Madani K, Pickett W. Urban-rural differences in asthma prevalence among young
people in Canada: the roles of health behaviors and obesity. Ann Allergy Asthma Immunol 2011 Sep;107(3):220-228. [doi:
10.1016/j.anai.2011.06.014] [Medline: 21875540]
Betteridge JD, Armbruster SP, Maydonovitch C, Veerappan GR. Inflammatory bowel disease prevalence by age, gender,
race, and geographic location in the U.S. military health care population. IBD 2013;19(7):1421-1427. [doi:
10.1097/mib.0b013e318281334d]
Thornton LE, Pearce JR, Kavanagh AM. Using Geographic Information Systems (GIS) to assess the role of the built
environment in influencing obesity: a glossary. Int J Behav Nutr Phys Act 2011 Jul 01;8(1):71 [FREE Full text] [doi:
10.1186/1479-5868-8-71] [Medline: 21722367]
Congdon P. Obesity and urban environments. Int J Environ Res Public Health 2019 Feb 05;16(3):464 [FREE Full text]
[doi: 10.3390/ijerph16030464] [Medline: 30764541]

Abbreviations
AIC: Akaike’s information criterion
CDC: Centers for Disease Control and Prevention
NCD: noncommunicable disease
OLS: ordinary least squares
SDOH: social determinants of health
SEM: spatial error model
VIF: variance inflation factor

Edited by Y Khader; submitted 04.02.22; peer-reviewed by N Maglaveras, C Zhao, C El Morr, D Carvalho; comments to author
11.04.22; revised version received 21.06.22; accepted 06.07.22; published 09.08.22
Please cite as:
Brakefield WS, Olusanya OA, Shaban-Nejad A
Association Between Neighborhood Factors and Adult Obesity in Shelby County, Tennessee: Geospatial Machine Learning Approach
JMIR Public Health Surveill 2022;8(8):e37039
URL: https://publichealth.jmir.org/2022/8/e37039
doi: 10.2196/37039
PMID: 35943795

©Whitney S Brakefield, Olufunto A Olusanya, Arash Shaban-Nejad. Originally published in JMIR Public Health and Surveillance
(https://publichealth.jmir.org), 09.08.2022. This is an open-access article distributed under the terms of the Creative Commons
Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction
in any medium, provided the original work, first published in JMIR Public Health and Surveillance, is properly cited. The complete
bibliographic information, a link to the original publication on https://publichealth.jmir.org, as well as this copyright and license
information must be included.

https://publichealth.jmir.org/2022/8/e37039

XSL• FO
RenderX

JMIR Public Health Surveill 2022 | vol. 8 | iss. 8 | e37039 | p. 12
(page number not for citation purposes)

