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ABSTRACT

Data from the Center for Disease Control (CDC) has shown that
the obesity rate doubled among adults within the past two
decades. This upsurge was the result of changes in human
behavior and environment.

Partial least sguares (PLS) regression and support vector
machine (SVM) models were conducted to determine the
relationship between U.S. county-level adult obesity rate and
multiple risk factors. The outcome variable was the adult
obesity rate. The 23 risk factors were categorized into four
domains of the social ecologicad model including
biological/behavioral factor, socioeconomic status, food
environment, and physical environment.

Of the 23 risk factors related to adult obesity, the top eight
significant risk factors with high normalized importance were
identified including physical inactivity, natural amenity, percent
of households receiving SNAP benefits, and percent of all
restaurants being fast food. The study results were consistent
with thosein the literature.

The study showed that adult obesity rate was influenced by
biological/behavioral factor, socioeconomic status, food
environment, and physical environment embedded in the social
ecological theory. By analyzing multiple risk factors of obesity
in the communities, may lead to the proposa of more
comprehensive and integrated policies and intervention
programs to solve the popul ation-based problem.

Keywords: Adult Obesity, Food Environment, PLS Regression,
SVM Model, and Socia Ecologica Theory,

INTRODUCTION

Obesity has become a significant public health concern in the
United States. Data from the CDC showed that adult obesity
rose in the 1990s ranging from 10 to 14 percent. In 2010, adult
obesity ranged from 20 percent to 30 percent. Within the past
two decades, the adult obesity rate increased by 10 to 16 percent
[1]. If the obesity trend continues unabated, by 2030
approximately half of al U.S. adults will be obese [2]. The
obesity epidemic is a mgjor contributor to national morbidity
and mortality [3, 4, 5, 6, and 7]. Public health prevention efforts
are currently aimed at addressing this critical issue.

Various biological/behavioral factor, socioeconomic status, and
food and physical environments among al U.S. counties may
contribute to the complexity of thisissue[8, 9, and 10].

Biological or Behavioral Factor
Researchers have shown that Blacks have the highest obesity
rate (47.8%), followed by Hispanics (42.5%), Whites (32.6%),
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and Asians (10.8%) [1]. With respect to age, obesity was most
prevalent amongst older men and middle-aged women [3].

Alcohol consumption has been commonly thought to increase
the risk of obesity [11]. Drinking habits have consistently been
linked with body weight. However, the use of alcohol actualy
lowered the risk of obesity compared to norma weight
individuals[12].

Physical inactivity was associated with obesity and increased
risk for chronic diseases (e.g., cardiovascular and certain
cancers) and premature mortality [13]. Non-Hispanic Blacks
were approximately 30 percent less likely to participate in
physical exercise than any other ethnic group, regardiess of
income, education, and their awareness concerning a healthy
diet or food choice [14]. This finding was a possible result of
the unfavorable environment where most minorities typicaly
reside[15].

Surrounding environments may be a limitation to people not
participating frequently in physical exercise. With closer
proximity to recreational facilities, shopping centers, and
schoals, physical activity has the potential to reduce the risk of
obesity in many communities [16].

Socioeconomic Status

A study of BMI in relation to socioeconomic status was
conducted [17]. The results indicated that lower levels of
income and educational attainment usualy result in BMI
increases. Lower income people bought food based on price,
taste, and convenience rather than hedlthy status [18]. Therefore,
these choices contributed to the consumption of low-quality
food, which ultimately lead to obesity.

The obesity rate was associated with percentage below poverty
level, unemployment rate, and general income level. Although
unemployment confined individuals to cheaper food options,
employment also exaggerated increases in obesity [19]. By
working long hours, employed individuals had easier access to
unhealthy dieting due to time restraints.

Food Environment

Lower-priced food could lead to passive overeating due to
energy-dense ingredients such as refined grains, added sugars,
and fats [18]. Studies indicated that energy-dense foods and
unhealthy eating habits contributed to poor nutrition and
increased adult obesity rate.

Poor nutrition contributing to obesity rate was also linked to
prices of foods [6, 20]. Food insecurity was a significant
contributor to poor nutrition among adults [21]. Due to lack of
income, individuals with such insecurity were more likely to
purchase cheaper food products with low nutrition values.

The food environment consists of grocery stores, convenience
stores, restaurants, and farmers’ markets in public places [15].
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Several studies revealed a strong relationshipdsivhealthy or
unhealthy food environments and obesity rates £3}, The
ratio of convenience to grocery stores was seletea risk factor
due to the assumption that grocery stores typiaafifgr more
healthy foods compared to the unhealthy, energgedprocessed
foods primarily offered by convenience stores %),

Changes in the food environment have contributedth®
increment of obesity rates from the early 1990sh® mid-
1990s [26, 27]). During the same period, the 85ceetr
increase in fast-food restaurants corresponded with 15
percent decrease of food stores [28]. The type aafdf
availability in a community depends on neighborhood
characteristics, such as race/ethnicity and sociu@uic status.
Comparatively, supermarkets are more common among
predominately white, high income communities wiiést food
restaurants and convenience stores are more coramoing
minority, low income communities [29].

Fast food contains higher energy densities thanoéimgr foods.
High energy dense food is usually harder for thgestive
system to digest, therefore, increases the humaly hwight
gain [30]. The availability of fast food restaursmresulted in
weight gain while weight loss was evident wherd-$elrvice
restaurants were available. Therefore, a surrogndin
environment with multiple full-service restauramtas essential
to healthy weight loss [24].

Physical Environment

Neighborhood accommodations such as parks, sidewalk
protected bicycle lanes, and access to public pantetion or
recreational facilities usually lead to increaséggical activity
and ultimately, reduced adult obesity [28, 31]. Himsence of
these accommodations is expected to have longaéeuts on
residents in the neighborhood.

Additionally, the USDA's natural amenity index wiasluded as a
proxy for the influence of climate and the natdaadscape (e.g.,
green space) on physical activity [10, 32]. Furthene, the level
of natural amenity (e.g., good or fair physical iszwments) in

the geographical areas in the U.S. was signifigaagisociated
with a risk level (e.g., low or high) of obesity.

Application of Social Ecological Theory

Many health outcomes are functions of mass corttrigurisk
factors [33, 34]. In planning for implementation mdpulation-
based prevention strategies, an approach integratiese
different levels would greatly affect the lifestyehaviors. As
shown in Figure 1, the social ecological theoryused to
determine the relationship between adult obesity muultiple
risk factors encompassed within the environmentad the
behavioral dominions.

Figure 1.
Social Ecological M odel
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It can be hypothesized that the obesity epidemialinU.S.
counties exhibits discernable patterns althoughlt aoloesity
rate may be affected by biology/behavioral factors,
socioeconomic status, and food and physical enmigss.

PL S Regression Model

The PLS regression model combines features of finea
regression and principle component analyses. Theatgr
advantages of PLS regression over linear regressirnfl) the
availability of charts describing the model struetu(2) the
capabilities of accommodating high-dimensional datad
dealing with collinearity issues; and (3) not reau the model
assumptions such as normality, linearity, and iedejgnce.

The notion of PLS regression seeks to extract taten
components, accounting for as much of the variatias
possible in the model [35, 36]. Hence, the acromus denotes
“projection to latent structure”. Therefore, PLSyn@ssion is
capable of reducing a large number of variables anfew latent
components (orthogonally spaced factors) that atcfou most

of the variations in the dataset [37].

PLS regression simultaneously decomposes indepen@gn
and dependentY] variables to derive the orthogonal vectors
(latent components) with the constraint that theseponents
explain as much as possible of the covariance legtXeandY
matrices [38, 39, 40]). The covariance is a measifrbow
muchX andY variables affect each other. The two outer retatio
equations may be written &= TP’ + Eand Y = UQ’ + K
whereT andU are latent components, the extrackedand Y-
scores matrice? andQ are coefficients, th&- andY-loading
matrices, andt andF are errors, the residual matrices [38, 39].

According to XLSTAT package, PLS regression allows
researchers to minimize the residual matrices whaéntaining
the relationship betweeX and Y through the inner relation
equation written abl = TD, whereD is a diagonal matrix. Also,
T = XW¥, where the latent component¥) (are estimated as
linear combinations of the original variabMswith the weights
Wy k=1, 2, p; 1 =1, 2, ...,a wherea is the number of
components)[41]. Based on the inner relation, theS P
regression can be rewritten¥as UQ' + F = XW*C' + F = XB

+ F = XWPW? + F, with B (p x m and
B=W+*C'=W(P'W)* C’, where weight vectoraV and C (or
W*C values) [41].

SVM Model

The support vector machine (SVM) uses special imeaf
functions called kernels to transform the inputdato a multi-
dimensional spacetf]. The most suitable kernel function was
chosen based on the model fitting statistic andadivprediction
accuracy [43]. The SVM model seeks an optimal hylaee to
separate data from different categories through the
computational shortcut of kernel functions [43]heTbasic role
of the kernel function is to calculate inner prodwalues
through a transformation in high-dimensional featspace, and
ultimately maximize the margin of separation toldidigh
accuracy of data separation. The Decision Tree d3sgn
(DTREG) software package was used to constructSm
models [44].All four kernel functions are involved in the SVM
model construction: linear, radial basis functioRBF),
polynomial, and sigmoid. Each SVM model containgyane
kernel function to fit a hyperplane into the dat444].
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Sudy Sample and Sudy Variables
The data points, 2,887 of all 3,144 U.S. countie2013, were
analyzed. Approximately 8% (257) counties were wketl due

to missing cells, (241) for multiple risk factorsdaoutliers (16)
for the initial run of PLS regression model. Théamme variable
was the adult obesity rate defined as the percenifigdults in
the county with a BMP 30kg/nt. The adult obesity rate in the
United States was uniquely documented by data fthm
Behavioral Risk Factor Surveillance System [45].sh®wn in
Table 1, a total of 23 variables (risk factors)esatl the PLS
regression and SVM models via the XLSTAT and DTREG
software packagedata was compiled from multiple sources,
including National Center for Chronic Disease Préivm and
Health Promotion, the United States Census Buraad, the
United States Department of Agriculture (USDA) Ewmmic
Research Service Food Environment Atlas.

—

Table 1.
Study Variables
Variable
M easur ement scales
Name Description
Measured by dividing the
income distribution into
mdn_hh_income | Median two equal groups: half hag
household income above that amour
income and the other half has

income below that
amount.

unemploy_rate

Unemployment
rate

Measured by dividing the
number of unemployed
individuals by all
individuals currently in
the labor force.

poverty _raté

Poverty rate

Measured annual poverty|
rates based on the
summation of reported
annual income reported &
few times a year divided
by the sum of poverty
thresholds at month
intervals.

pct_free_lunch

Children eligible
for free lunch
program

Percent of children
eligible for free lunch
program.

pct_reduced®
lunch

Children eligible
for reduced-price
lunch program

Percent of children
eligible for reduced-priced
lunch program.

More than 350,000 adults
are interviewed each yeal
using Behavioral Risk

excess_drink Excessive Factor Surveillance
drinking System (BRFSS) with a
question “Have you had
four or more drinks on
one occasion?”
) " Violent cri Violent crime rate per
crime_ra iolent crime 100,000 population.
. Percent of adults reportin
physical_inact P hys'lc_al no leisure-time physical
inactivity

activity.

38

SYSTEMICS, CYBERNETICS AND INFORMATICS

access_rec_faci

Access to
recreational
facilities (per
100,000 pop.)

Percent of people access
to recreational facilities.

¢

Access to Percent of households
healthy_food healthy food with access to healthy
grocery stores food grocery stores.
Fast food Percent of all restaurants
Fast_food ’
= restaurants serving fast food.
Dividing the percentage of
rt_b_w_pop Black to white black population by the
_O_W_p population ratio | percentage of white
population.
Ratio of fast- Dividing the percentage of
food to full- fast-food restaurants
re_ff fs service /1,000 pop. by the
restaurants percentage of full-service
restaurants/1,000 pop.
Measured by dividing the
Ratio of percentage of conveniend
rt_co_gf convenience to | store/1,000 pop. by the
grocery stores percentage of grocery
stores/1,000 pop.
pct_no_car ?gté:l?g(:gslovxth Percent of households
lacces® access to grocer| With no car and low
access to grocery stores
stores
Supplemental
Nutrition
bct_snap Assistance Percent of households that

Program (SNAP)
participants

use SNAP

food_insecut

Household food
insecurity

Percentage of household
with food insecurity

milk_usav§

Price of low-fat
milk, national
average

Ratio of low-fat milk
price, US national averag

4

soda_price_usatg

Price of soda,
national average

Ratio of soda price, US
national average

milk_soda_prick

Price of low-fat
milk/soda,
national average

Divide the national
average of low-fat milk
price by the national

natural_amenify

USDA's natural
amenity index

Measuring each county b
a scale with the score of 3
being the most desirable
county to live, and over -2
as the least desirable
county to live.

Economic Resource
Service (ERS) has definel

j=n

Persistent : .
Perpovent§ counties as being
Poverty County persistently poor if 20
percent or more of their
Metropolitan or | Metropolitan areas have &
Metrd® Non- 50,000 or more pop. whilg

metropolitan
Area

Non-metropolitan areas
have less than 50,000 po

1=

!United States Census Bureau
%Office of Management and Budget's Statistical Bolirective 14
3National Center for Education Statistics
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“Center for Disease Control and Prevention

*Uniform Crime Reporting — FBI

®National Center for Chronic Disease Prevention aHealth
Promotion

"County Business Patterns

8United States Department of Agriculture Economisdech Service
Food Environment Atlas

STUDY METHOD

A graphical method for variable selection is auaia in
XLSTAT software, which is the quantity of Variable
Importance in the Projection (VIP). Variables withP values
close to one can be considered important in the emod
Additionally, the biplot graph enables researchervisualize
the commonality (possession of common features)ngnsk
factors. In particular, the higher one risk fadg®icorrelated to
the others, the closer in proximity the risk fadgto each other
on the graph. Furthermore, a graph of 95% conéidéntervals
for standardized coefficients is constructed. ikptays the
directions and strengths of the relationship betweatcome
variable and its risk factors (individual risk factis significant
if the interval does not contain the null (zeroJued. Finaly,
data analysis was carried out by comparing the alized
importance, rank order of risk factors, and predictaccuracy
on the PLS regression to those of SVM model.

STUDY RESULTS

As shown in Figure 2, the top eight important riaktors that
contributed to the adult obesity rate were: (1ycest of adults
reporting no leisure-time physical activity (phyaianact); (2)
natural amenity (natural enmity); (3) percent ofdiien eligible
for free lunch program (pct_free_lunch); (4) mediusehold
income (mdn_hh_income); (5) poverty rate (povemse), (6)
percent of households with no car and low accesgracery
stores (pct_no_car_laccess); (7) black to whiteufaifon ratio
(rt_b_w_pop), and (8) persistent poverty countyrpecnty)
on component 1.

Figure 2.
VIP Valuesfor Component 1
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A biplot in Figure 3 indicated that the relationshibetween
latent components and adult obesity rate demoestnatunique
feature of PLS regression. Four risk factors relate food
environment were closely aligned with the latenmponent
(t2) and, in fact, were in the same positive digecas the adult
obesity rate. These four risk factors were colldpseo the
latent component (t2), namely food environment thats
positively related to the adult obesity rate atofes: (1) percent
of households with no car and low access to grostoyes

ISSN: 1690-4524

SYSTEMICS, CYBERNETICS AND INFORMATICS

(pct_no_car_laccess); (2) ratio of conveniencertezery stores
(rt_co_gr), (3) ratio of fast-food to full-serviceestaurants
(rt_ff_fs), and (4) percent of all restaurants segvfast food
(fast_food). However, the following two risk factoin the
negative direction of the latent component (t2),maby

socioeconomic status that negatively contributedh®s adult
obesity rate: (1) median household income (mdn_ridorhe);
and (2) percent of people access to recreationcilities

(access_rec_faci).

Overall, the findings just mentioned above wereststent with
those in Figure 2, where top eight important riaktérs were
significantly associated with the adult obesiterat

Figure 3.
Risk Factors Correated with Latent Components (t1 and

2)

Correlations with t on axes t1 and t2
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Modd Fitting and Accuracy

Both PLS and SVM models were found to be good fthwR
squared values of 0.642 and 0.692, indicating #dhtrisk
factors entering this model accounted for approiefya64%
and 69% of the variation in adult obesity rateattdition, PLS

and SVM models had small mean absolute percentr erro

(MAPE) values of 2.72% for PLS and 6.12% for SVM,
indicating that the models had high percent of jotac
accuracy.

MAJOR FINDINGS

As shown in Table 2, the eight significant and nalired
important risk factors related to adult obesity eveselected
from the following three criteria generated fromttbanodels:
(1) top eight ranking with a VIP value greater thann PLS
regression; (2) top eight ranking in the absolusu® of the
PLS standardized coefficent that must be statigtica
significant; and (3) top eight ranking of normatizenportance
in SVM model.

Of all eight significant risk factors with high rmmoalized
importance, three risk factors meeting all afoeriosred
criteria were: (1) percent of adults reporting mislire-time
physical activity, (2) natural amenity, and (3) ddato white
population ratio. Also, the study showed that twsk ifactors
meeting the first two criteria: (1) children elitgtfor free lunch
program and (2) percent of households with no cat law
access to grocery stores. Additionally, median Bbakl
income met the first and third criteria while thergent of
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households receiving SNAP benefits and percent bf a

restaurants being fast food met the last two caiter

Eight risk factors belonged to the four dominionste social
ecological theory. These risk factors included) Biological
or behavioral factor--black to white populationi@and percent
of adults reporting no leisure-time physical activity; (2)
Socioeconomic status--median household income,epéerof
children eligible for free lunch program, and pertceof
households receiving SNAP benefits; (3) Food emvirent--
percent of all restaurants serving fast food, aedcgnt of
households with no car and low access to grocergstand (4)
Physical environment--natural amenity index.

Table 2.
Significant and Nor malized | mportant Risk Factors
in PLS Regression and SVM Models

PLSregron8 SVM* Sig. and/or
b important
solute .

_ Top8 values of risk factors
Risk factors | vipwith sig. std Top 8 toboth PLS
in equation | value>1 coeff NI and SVM
physical_ 1 1 1 Yes
inact
natural_
amenity 2 2 2 Yes
pct_free_ 3 4 Yes
lunch
mdn_hh_
income 4 6 Yes
pct_no_car_
laccess 6 8 ves
rt_b_w_pop 7 3 3 Yes
pct_snap 5 5 Yes
fast_food 6 8 Yes

#The best kernel function in SVM model was RFB eatthan linear, polynomial,
and sigmoid, which yielded the smallest MAPE vatiie5.12% with parameter
values: Epsilon =0.001, C = 40.7886, Gamma =7984and P = 1.

CONCLUSIONSAND IMPLICATIONS

This study accomplished its objective by confirmitige
research hypothesis that the obesity epidemic InUa6.
counties exhibits discernable patterns affectedoby domains
of social ecological framework: biological or belaal factor,

socioeconomic status, food environment, and phlysica

environment. Top eight significant and normalizesportant
risk factors such as percent of adults reportingeigure-time
physical activity and percent of children eligiite free lunch
program were embedded in these domains, demonstretat
PLS regression and SVM models yield the constratitlity as
well as the predictive validity.

In terms of the biological or behavioral factoratk to white
population ratio and percent of adults reportingleisure-time
physical activity, were in line with the finding$ adult obesity
studies in the literature [46]. Also, three sigrafit and
normalized important risk factors were clusteregetber as a
latent component, namely socioeconomic statuselzded with
adult obesity rate: median household income, péraghn
children eligible for free lunch program, and perceof

households receiving SNAP benefits, which were aiso
consistent with the adult obesity literature [15Additionally,

two significant and normalized important risk fastdound in

SYSTEMICS, CYBERNETICS AND INFORMATICS

the food environment congruent with the literat{@d] were:
percent of all restaurants serving fast food anccere of
households with no car and low access to groceoyest
Furthermore, for the physical environment in thigdy, the
natural amenity affecting adult obesity was in adaace with
the obesity literature [10].

The principle of social ecological model regardadylt obesity
proposes that creating an environment conducivehtmge is
important to sustain healthy behaviors. The futegration of
these population-based interventions that spanipfeifomains
could lead to asignificant decrease in the adult obesity rate.
Population-based interventions should be conductedhools,
community centers, and churches to focus on hunedabor
modification in order to engage in physical activit
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