OPENBACCESS Freely available online

ISSN: 2572-5629

Diabetes Case Reports

Research Article

Distribution of Obesity-related Health Outcomes across the Urban-Rural
Commuting Area in Mississippi, Alabama, Louisiana, and Georgia

Roungu Ahmmad’, Fazlay Faruque

Department of Health Sciences and Engineering, University of Mississippi Medical Center, Mississippi, USA

ABSTRACT

Obesity-related chronic diseases are still major public health concerns in the United States of America, particularly
in the south. The purpose of this study is to examine the association between obesity-related chronic diseases
and rurality/urbanicity in the four Deep South states- Mississippi, Alabama, Louisiana and Georgia. We used
publicly available Zip Code level approximations of USDA-developed RUCA Code for rurality designation and
Zip Code level PLACES data developed by CDC for selected obesity-related health outcomes- Asthma, Obesity,
Chronic Obstructive Pulmonary Disease, Coronary Heart Disease, Diabetes, High Cholesterol, Stroke and High
Blood Pressure. This study employed the random forest method, partial least squares discriminant analysis and
multinomial logistic regression to investigate the association between selected health outcomes and degrees of rurality.
There are significant differences in the prevalence of Asthma, Obesity, COPD and Stroke between Metropolitan
and small towns or complete rural areas. On the other hand, while considering Micropolitan and small towns or
complete rural areas, Asthma, Obesity, COPD, Diabetes, High Cholesterol and Stroke show significant differences
in prevalence. This study revealed disparities in health outcomes per RUCA Codes, which can be useful to target

specific geographic areas for appropriate interventions.
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INTRODUCTION

In the United States of America, obesity is increasingly causing
major health issues that impact the country's economy, health, and
even military readiness [1]. Over onefourth of all children and,
more than one-third of all adults in the USA are obese, according
to the Centers for Disease Control (CDC) [2]. CDC also mentions
that more than half of Americans do not live within half a mile
of a park, and 40% of all USA households do not live within one
mile of healthier food retailers. The situation does not seem to
be improving, and by 2030, almost half of adults in the USA are
projected to be obese [3]. Southern states are burdened more with
obesity-related public health issues than other parts of the USA
[4]. MS, AL, and LA are consistently among the topmost obese
states; currently, MS is number one, AL is third, and LA is fourth
in the ranking. Among the so-called Deep South states, only South
Carolina (SC) and GA are in relatively better shape. In this study,
we included three states, MS, AL, and LA, which are among the
top five obese states. Among these four contiguous states, GA has
better health status than the other three. In the USA, the overall
adult obesity prevalence percent in 2020 is lowest in Colorado

(24.2) and it is highest in MS (39.7), which clearly stands out in the

standard deviation map shown in Figure 1.

In the USA, and even within the southern states, rural areas have
been known to have a higher prevalence of obesity than urban areas,
both for children and adults [5-9]. It could be noted that there is
no universal agreement about which area can be defined as urban
or rural, not even among the USA federal agencies. Furthermore,
it is impractical to designate an area as entirely rural or urban. In
this context, the Economic Research Service (ERS) of the USA
Department of Agriculture (USDA) has developed different scales
of rurality, such as Rural-Urban Continuum Codes (RUCC),
Urban-Influence Codes (UIC), Rural-Urban Commuting Areas
(RUCA), Frontier and Remote (FAR) Area Codes for a variety of
geographic units (USDA, 2022a) [10]. The other sub-county-level
urbanicity/rurality classification system, the RUCA codes, classifies
USA Census tracts based on population density, urbanization, and

daily commuting measures (USDA, 2022b) [11].
Data with RUCA Codes are also available at the Zip Code level,

which are apportionments from census tract data to the Zip Codes.
Zip Code or its area-level equivalent Zip Code Tabulation Areas
(ZCTA) is not the best choice for area-level public health study
because of the approximation of secondary data interpolated from
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Census geographic units and due to changes in the Zip Code
number or the area by the USA Postal Service. However, when the
health data are not available at any other sub-county level but only
by Zip Code, it remains the only choice, and is still being widely
used in the USA for public health studies. As our health outcome
data are available at the Zip Code level, we used RUCA codes in
this study. Both Census tract-based and Zip Code-based RUCA
have been used in many studies, often regrouping its 10-level
classification into smaller groups [12-14]. Through a joint project,
called PLACES, the CDC Foundation, in collaboration with the
Robert Wood Johnson Foundation, provides health data for small
areas. According to CDC, regardless of population size and rurality,
these data allow us to better understand the burden and geographic
distribution of health measures in their areas and assist them in
planning public health interventions. One significant advantage of
PLACES data is that they are available at different geographic units
for the entire USA. PLACES provide model-based health data to
all counties, places (incorporated and census-designated places),
Census tracts, and ZCTAs for major chronic disease measures.
Many public health studies for different chronic diseases have been
conducted using data from PLACES or its predecessor, the 500
Cities Project [15].

According to USA Census Bureau, 19.3% of residents live in rural
areas, where the healthcare infrastructure is not adequate, and
there are barriers to accessing healthcare facilities [16-18]. Over
the past decades, asthma and related allergic disorders (RAD) have
increased in prevalence in the USA, and as compared with rural
areas, the prevalence of asthma in children and adults is higher
in metropolitan and micropolitan areas [19,20]. However, another
study shows asthma is more common in micropolitan areas than in
rural and urban areas. Additionally, diabetes and CVD are more
prevalent among the rural population in the USA [21]. Diabetes
is another leading cause of death in the USA and is reported to
be up to 17% higher mortality in rural areas than in urban. There
has been evidence that diabetes is more prevalent in small towns
and remote areas than in metropolitan areas, where according to
Healthy People 2020, diabetes was ranked the third most significant
healthcare priority in the local community [21]. Age-adjusted
mortality for CVD and stroke was found to be higher in rural regions
compared with urban or metropolitan areas [21-24]. Furthermore,
rural patients suffer more stroke events but get minimal access
to treatment during acute ischemic strokes than in urban areas
[22]. Thus, according to the Reasons for Geographic and Racial
Differences in Stroke study results, stroke risk was 23% higher
in large agricultural towns, as well as 30% higher in small rural/
isolated areas than it was in urban areas [23]. People in urban areas
tend to have higher levels of cholesterol and low-density lipoprotein
cholesterol than people in rural areas; therefore, residents of urban
areas have less favorable lipid profiles as compared with residents
of rural [24,25]. In urban and rural public health, obesity causes
many health problems both independently and together with other
diseases. National surveys in the United States of America have
shown a marked increase in the prevalence of obesity over time in
the USA, but obesity-related health outcomes are more common in
the southern part of the USA [26,27]. Several studies revealed that
metropolitan residents suffer from high blood pressure problems
more frequently than their rural counterparts [24,30] (Figure 1).

Figure 2 shows the distribution of the population according to
RUCA codes grouped by southern states (MS, AL, LA, and GA,)
and CDC measures of health outcomes per RUCA codes. The
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1 to 10, but the total population decreases. Georgia, out of these
four states, has the lowest rate of obesity, high cholesterol, CHD,
and high blood pressure in its entire commuter area compared with
LA, AL, and MS. MS, on the other hand, has the highest rate of
obesity. COPD rates in MS are lower than those in LA and AL
in all RUCAs Code, and lower than those in GA in RUCA 5-10
(micropolitan, small towns, or rural areas). In comparison to LA,
AL, and GA, MS has a lower CHD rate in all RUCAs; however,
compared with the state of Georgia, MS has a higher rate except
for RUCA 9-10 (rural areas). According to the CDC data, the
rural areas (RUCA 9-10 of MS) have the lowest CHD rates of the

southern states (Figure 2).

Figure 1: Overall adult obesity prevalence in the contiguous US in
2020. The number inside each state is the percent of prevalence. The
half standard deviation map clearly shows the Data Source: The data
comes from the Behavioral Risk Factor Surveillance System, a state-
based telephone interview survey conducted by CDC and state health
departments, BRFSS, 2020 (CDC, 2020b). Note: (m) 1.8-1.9 Std. Dev.,
(m) 1.3-1.8 Std. Dev., (=) 0.75-1.3 Std. Dev., () 0.25-0.75 Std. Dev.,

( )-0.250.25 Std. Dev., ( + ) -0.75-0.25 Std. Dev., (== ) -1.3-0.75 Std.
Dev., (m)-1.8-1.3 Std. Dev., (m) <-1.8 Std. Dev.
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Figure 2: Loess smooth curve showing the relationships of population
and eight selected health outcomes with RUCA in MS, AL, GA, and
LA. 2A). Note: ( — )MS, (= )AL, ( =) GA,( —)LA

Proportion populations vary per RUCA codes; Georgia has
the highest, and Alabama has the lowest urban population. As
rurality increases, the Figure 2: Loess Smooth Curve showing the
relationships of population and eight selected health outcomes
with RUCA in MS, AL, GA, and LA. 2A). Proportion populations
vary per RUCA codes; Georgia has the highest, and Alabama has
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the lowest urban population. As rurality increases, the population
decreases in all four states. 2B). The patterns of health outcomes
vary for all four states per the RUCA codes. For example, obesity
rates for Georgia are the lowest and the highest for Mississippi
across the RUCA codes. However, for most other outcomes, the
rates are not the same across the RUCA codes.

Table 1 indicates that a total of 4,657,757 people reside in LA,
5,024,279 in AL, 2,961,279 in MS, and 10,711,908 in GA, with
over half of them white. The majority of the population has high
school diplomas, but only around 25% have a bachelor's degree or
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descriptions are shown in Table 2. The selected obesity-related
health outcomes were Asthma, COPD, Diabetes, High Cholesterol,
High Blood Pressure, Coronary Heart Disease and Stroke. We
used all categories of this 10-tired classification scheme, and for
modeling, but for more strength of inference, we regrouped into
three categories. For health outcomes, we used Zip Code Tabulation
Areas (ZCTAs)-based PLACES data available from CDC’s website.
We linked PLACES data and RUCA data using Zip Codes (Table 2).

Table 2: Primary RUCA codes, 2010.

higher (Table 1). Around 15% of the population under the age of Code Classification description
65 lives without health 1‘nsur2.1nce I? MS and GA, whereas in LA 1 Metropolitan core: primary flow within an urbanized area (UA)
and AL, the percentage is a little bit lower. In the study area, the
median household income in MS is the lowest, while the largest 5 Metropolitan high commuting: primary flow 30% or more to
household income is in GA. In MS, over 19% of the population a UA
lives in poverty, which was the highest among these states, whereas lean 1 ‘ ‘ | . .
Georgia had the lowest poverty rate (Table 1). 3 Metropolitan low commutm%gnmary flow 10% to 30% to a
Table 1: Basic population characteristics of the study area.
4 Micropolitan core: primary flow within an urban cluster of
2020 Data Louisiana Alabama Mississippi Georgia 10,000 to 49,999 (large UC)
Population 46,517,757 50,24,279 29,61,279 1,07,11,908 5 Micropolitan high commuting: primary flow 30% or more to a
large UC
White alone 57.10%  64.10%  56.00%  51.90%
6 Micropolitan low commuting: primary flow 10% to 30% to a
Black alone 31.40% 25.80%  36.60%  31.00% large UC
Hispanic or Latino 6.90%  5.30% 3.60% 10.50% 7 Small town core: primary flow within an urban cluster of 2,500
t0 9,999 (small UC)
Asian alone 1.90% 1.50% 1.10% 6.00%
Small town high commuting: primary flow 30% or more to a
American Indian and 8 small UC
. 0.70% 0.70% 0.60% 0.50%
Alaska Native alone
9 Small town low commuting: primary flow 10% to 30% to a
Diversity Index 58.60% 53.10%  55.90% 64.10% small UC
High school graduate or 10 Rural areas: primary flow to a tract outside a UA or UC
higher, age 25+, 2016- 85.90% 86.90%  85.30% 87.90%
2020 99 Not coded: Census tract has zero population and no rural-
urban identifier information
Bachelor's degree or
higher, age 25+, 2016-  24.90% 26.20%  22.80% = 32.20% Partial Least Square Discriminant Analysis (PLS-DA)
2020 methods
Persons without health 1050%  1L70%  15.40%  15.50% The PLS-DA method is utilized for the separation of samples into
insurance, underage 65 groups based on two data matrices, X (health outcomes) and Y
) (RUCAES). This method allows for the analysis of multiple categorical
Median household . . .
income. 20162020 $50,800 $52,035 $46,511  $61,224 dependent variables simultaneously, and a linear subspace of
’ explanatory variables is found to maximize the correlation between
Per capita income in past independent variables and corresponding dependent variables [28,
29,522 $28,934 25,444 32,427 . .
12 months, 2016-2020 4 5 $ $ 29]. By reducing the number of factors, this new subspace enables
Persons in poverty 1780% 1490% 18.70%  14.00% a simplified classification of dependent variables. A Variable

METHODOLOGY

There were four states included in this study that were MS, GA,
LA, and AL in the United States of America. These states have
a unique culture as they belong to a cultural and geographic sub-
region in the Southern USA, known as the Deep South. Among
these four states, for health outcomes, MS, LA, AL, and GA have
been ranked at the bottom in the USA.

We used publicly available Zip Code level approximations of
USDA-developed Rural-Urban Commuting Areas (RUCA) for
rurality designation and Zip Code level PLACES data developed
by CDC for health outcomes designation. The RUCA codes and
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Important Projection (VIP) score reflects a variable's importance in
the PLS-DA model and describes how it contributes to the model.
The VIP score of a variable is defined as the sum of the square
correlations between the PLS-DA components and the original
variable, where the square correlation represents the amount of
variation explained by the PLS-DA component in the model [29].
The number of terms in the sum depends on the number of PLS-
DA components found to be significant in identifying the classes
[30]. VIP scores are indicated on the Y axis, corresponding to the
variables on the X axis. VIP scores provide the most contributing
variables to class discrimination in the PLS-DA model. According
to the results of this analysis, selected standardized health outcomes

were associated with the RUCA Code. The VIP score is the statistical
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indicator of the significance of these relationships. When the VIP
scores of selected health outcomes from the PLS-DA are greater
than or equal to 1, then these health outcomes are considered to be
significantly associated with the corresponding RUCA Code [31].

Random Forest (RF) method

As with the PLS-DA approach, the RF approach is very similar and is
used for classifying and evaluating the most significant contributory
variables in class discrimination. It can be described as a supervised
nonlinear representation of class-level classification for categorical
outcomes [32]. RF method provides the most important features,
which are strongly associated with the categories outcomes such as
RUCA [32]. Through random forest analysis, supervised learning
algorithms with minimal errors can be incorporated to improve
decision tree performance [33]. In this analysis, the random forest
is fundamental, and it shows each variable, how important it is in
classifying the data [33]. The Mean Decrease Accuracy plot shows
how much accuracy the model loses when each variable is excluded.
The greater the drop-off inaccuracy, the more important the variable
is for classification. In order of importance, the variables are listed
in ascending order. The Gini coefficient is used as a measure of
homogeneity in the resulting random forest. The study considered
selected standardized health outcomes to be input features and
RUCAEs as output variables. By using Variables Importance Plots,
we visualized the relationship between health outcomes and the
RUCA Code. Similar results and inferences can be made in PLS-
DA modeling approach. Using the mean decreased accuracy score,
we were able to identify which health outcomes were strongly

associated with which RUCA code.
Multinomial logistic regression

The statistical correlation method is generally used to evaluate
relationships for binary outcomes; however, for more than two
groups of outcomes, multinomial logistic regression is meaningful
for classification. The ten-tire RUCA classes have been grouped into
three categories- a) RUCA 1-3: Metropolitan Area, b) RUCA 4-6:
Micropolitan Area and ¢) RUCA 7-10: Small towns or rural areas
as done in a previous study [34-36]. We compared Metropolitan
and Micropolitan areas with small towns or rural areas. In terms
of independent variables, the health outcomes of the CDC were
treated as independent variables, whereas the RUCA categories
were considered as grouped outcomes. In general, a multinomial
logistic model can be considered a logistic model for multiple
dependent outcomes. Taking category J as the baseline category,
then the logic for the baseline category is as follows:

ln[H’ ]:a&ﬁ X AP x_ 4.t f x m
11, VAR VAR VAR Y A pop

Where, j=1,2,..., ]-1 and p is the number of predictors; Tj is
the probability of each category of the dependent variables oj
denotes the intercept; B’s denotes the regression coefficient of the
independent variables x. According to our data, the multinomial
regression model will be

In Prob (RUCA = Metropoli tan)

Prob (RUCA = Small Town or Rural) = Intercept ! + ﬂl 1 Asthma+ 12 Obesity + 13 COPD+ f 14C[ID +

B ISD[abetes +p 16 HighChol + ﬂ” Stroke + [ 18HighBP
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In Prob (RUCA = Metropoli tan)

Prob (RUCA = Small Town or Rural) = Intercept ) + ﬂZ] Asthma + B » Obesity + 23 COPD+ f3 2 CHD +

B 25Diaberes +p 2% HighChol + ﬂ27 Stroke + ﬂ28 HighBP

We considered small towns/rural areas as a baseline category,
and we evaluated the effect of health outcomes associated with
metropolitan and micropolitan areas. The full factorial model
in statistical software R was employed to analyze the regression
coefficients.

RESULTS

As illustrated in Figure 4, health outcomes are clustered into two
major groups (Cluster-1 and Cluster-2), in which each outcome is
highly clustered with the other selected health outcomes. Cluster-1
showed an enriched positive association among obesity, asthma,
stroke, diabetes, and high cholesterol in all RUCAs codes except 1
and 4 (Figure 4). Additionally, CHD, COPD, and high cholesterol
are clustered in all RUCAs except RUCA 1, 2, and 4, as shown
in Cluster-2. According to Figure 4 except for RUCA 1, RUCA 2,
and RUCA 3, in all other areas, obesity, asthma, and stroke coexist
with each other. In the rural areas (RUCA 6-10), most of the health
outcomes are coexisting, indicating a higher disease burden in
these areas.

According to our multivariate analysis results, COPD is significantly
associated with RUCA 2, 7 and 10, while it is less associated with
RUCA 1, 3, and 5 (VIP > 1.0). Cardiovascular disease and high
cholesterol are also highly associated with the RUCA 2, 7, and 10
areas (Figure 5A) and show lower association with the RUCA 1,
3, and 5 areas (Figure 5B). For RUCA 7 and 10, high cholesterol
is a significantly highly associated health outcome; however, in
RUCA 1 and 5, high cholesterol is a significantly less correlated
health outcome. The random forest model yielded approximately
the same results for finding the most important health outcome
corresponding to the RUCA (Figure 5B). According to mean
decreased accuracy and VIP score, COPD is the most significant
prevalence that is strongly associated with RUCA 2 and 7-10. Based
on the statistical method PLS-DA and the machine learning model
random forest, we came up with nearly the same results for other
health outcomes.

Figure 3A and Figure 3B show the crude (unadjusted) and
standardized outcomes for asthma, obesity, COPD, CHD, diabetes,
high cholesterol, high blood pressure, and strokes. The loess smooth
curve, shown in Figure 2, illustrates selected health outcomes by
rural-urban commuting area codes. All the rural-urban commuter
areas found MS to have the highest obesity rate in comparison with
LA, GA, and AL, while GA had the lowest (Figure 2). Further, MS
has lower CHD rates in all RUCAs compared with LA and AL, but
compared with GA, MS has higher CHD rates except for RUCA
9-10 (rural areas). Consequently, the rural areas of Mississippi
(RUCA 9-10) have the lowest CHD rates in the study area.

According to Table 3, there is a significant difference in the
prevalence of Asthma, Obesity, COPD, and Stroke between
Metropolitan and small towns or complete rural areas. However,
CHD, Diabetes, High Cholesterol, and High BP do not show any
significant difference between these two categories. On the other
hand, while considering Micropolitan and small towns or complete

rural areas, Asthma, Obesity, COPD, Diabetes, High Cholesterol,
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and Stroke show significant differences in prevalence. Only CHD
and High BP do not have significant differences between these two
categories (Figure 3(a) (b) and 4).

As a means of gaining more strength of evidence, we regrouped
the RUCAs into three major categories: Metropolitan (RUCA
1-3), Micropolitan (RUCA 4-6), and Small Town or Complete
Rural (RUCA-7-10). A multinomial logistic regression model was
used to assess the association between rural-urban commuting
areas and selected health outcomes. Table 3 presents odds ratios
for metropolitan and micropolitan areas with small towns or rural
areas. A significant association between asthma prevalence and
urban areas was observed. A 35% higher prevalence of asthma

OPEN aACCESS Freely available online

was found in micropolitan areas compared to small towns or rural
areas (OR: 1.35, p=0.001) when other health outcomes were held
constant. Nonetheless, in metropolitan areas and micropolitan
areas, obesity problems were significantly lower (46% and 27%,
respectively) than in rural and small towns (OR: 0.54, p<0.001,
OR: 0.63, p<0.001) respectively. Compared to both metropolitan
(OR: 0.28, p<0.001) and micropolitan (OR: 0.27, p<0.001) areas,
small towns or rural areas with COPD have significantly higher
prevalence health outcomes. According to our Multinomial Logistic
Regression Model, there is no significant association between CHD
with any of the three categories in this study area (Figure 5(a) (b)
and Table 3).

Table 3: Multinomial logistic regression model outcomes for metropolitan vs. rural and micropolitan vs. rural with selected health outcome.

Metropolitan (RUCA = 1-3)

Micropolitan (RUCA = 4-6)

VS.

VS.

Small Town or Rural (RUCA=7-10)

Health outcome

Small Town or Rural (RUCA=7-10)

OR Z-Score p-value OR Z-Score p-value

(Intercept) 3.75 18.26 <0.001 1.26 2.79 0.005
Asthma 1.06 2.033 0.042 1.35 4.06 <0.001
Obesity 0.54 -4.45 <0.001 0.63 -3.21 <0.001
COPD 0.28 -4.24 <0.001 0.27 -4.04 <0.001
CHD 1.04 0.089 0.928 0.82 -0.51 0.613
Diabetes 1.66 1.186 0.235 0.22 -3.38 <0.001

High Chol 0.74 -1.085 0.279 2.06 2.33 0.02
Stroke 0.65 -0.87 0.038 0.71 4.39 <0.001
High BP 1.36 0.98 0.323 0.51 -1.92 0.055

(A) (3B)

Before Normalization

-_4|:[|4_.

i+

Figure 3: Multivariate statistical analysis for studying the associations of health outcomes with RUCAs. (3A) Overall average rate of eight health
outcomes in this study area. (3B) Standardized rates of the health outcomes.
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Figure 4: Hierarchical clustering of the health outcomes in association with RUCAs. Here clustering is demonstrating the magnitude of disease
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Figure 5: Multivariate statistical analysis for studying health outcomes and RUCA. (A) Variable Importance Projection according to RUCA by PLS-
DA. (B) Variable Importance (VI) according to RUCA by Random Forest method.

DISCUSSION

This study extended by analyzing commuting rurality (RUCA) in
the southern part of the USA. The focus of the study was the major
health problems associated with obesity-related health outcomes in
rural trends in the southern parts of the United States of America.
Despite substantial improvements in health and well-being for all
Americans, health disparities between geographic and population
groups have persisted and remained a significant concern for public
health policy. As mentioned earlier, there are a variety of health
outcomes, such as obesity, asthma, COPD, CHD, stroke, diabetes,
high cholesterol, and high blood pressure showing striking
disparities across the USA [37,38]. This study attempts to reveal
such disparities per the degree of urbanicity or rurality in the study
area.

Studies show that asthma prevalence rates for children and adults
are significantly higher in suburban and micropolitan areas than
in rural areas [35, 36]. People living in urban areas are at a higher
risk of asthma-related health outcomes than people living in rural
areas [38]. Asthma is a significant health issue that affects one's
wellness for the rest of his or her life, taking into account the types
of environments in which they live [38,39]. In this study, we found
that the prevalence of asthma was associated with metropolitan

(RUCA 1-3) and micropolitan areas (RUCA 4-6). Therefore, we
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conclude, consistent with other studies, asthma prevalence is
higher in metro and micropolitan areas than it is in small towns
or rural areas in the southern part of the United States of America

(40].

We found a significant association of obesity prevalence with the
spatial commuting pattern. Our research indicates that obesity is
more prevalent in rural areas (RUCA 7-10), which is consistent
with other studies [41]. Existing studies indicate that the prevalence
of COPD in rural areas is higher than those in urban areas [42,43].
According to our study, among the selected health outcomes,
COPD is the most significant health problem in RUCA 2 and
RUCA 10. This study also shows that the prevalence of COPD in
LA is higher than that in MS, AL, and GA in all RUCAs. Therefore,
we gather that people living in smaller towns and rural areas suffer
from higher rates of COPD than people living in major cities or
micropolitan areas.

Diabetes is one of the leading causes of death and disability in
rural areas of the United States of America [44]. Additionally,
the prevalence of diabetes in rural areas is significantly higher
by 17% than in urban areas [45]. Our study is aligned with these
studies revealing a significantly lower prevalence of diabetes in
micropolitan areas than in rural or small towns. However, we did
not find any evidence of a significant difference in the prevalence of
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diabetes between metropolitan areas and small towns, but diabetes
prevalence was strongly associated with RUCA 7 and 8.

There were more acute ischemic strokes among rural residents, and
they had fewer treatment options. According to national data, rural
populations are more likely to suffer strokes than urban populations
in the United States of America. Our study results are consistent
with the previous studies [46]. As per our study, persons living in
metropolitan areas have a 35% lower prevalence of stroke compared
with those who live in rural areas or small towns. Furthermore,
those who live in micropolitan areas (RUCA 4-6) have a 29% lower
prevalence of stroke compared to those living in rural or small
towns (RUCA 7-10). Consistent with the previous studies, we find
that stroke rates in the south are significantly higher in rural areas

(RUCA 7-10) [45,46].

The prevalence of high blood pressure and high cholesterol appears
to be higher in urban areas compared with rural areas in the USA,
which is consistent with our findings. The high cholesterol rate and
CHD rate in AL are higher in all RUCAs, compared to MS, GA,
and LA. On the other hand, GA has a lower rate of high cholesterol
compared with MS, AL, and LA. There is no significant difference
in the prevalence of high cholesterol among metropolitan and small
towns or rural areas in our study area. However, the prevalence of
high cholesterol is almost twice in micropolitan areas in comparison
with small towns or rural areas.

CONCLUSION

Using publicly available data, we utilized standardized rates from
the CDC for selected health outcomes and the USDA RUCA
code for the degree of rurality. In our study area, the prevalence of
obesity, COPD, and stroke is greater in rural areas (RUCA 7-10)
than in urban areas, while the prevalence of asthma is higher in
urban areas (RUCA 1-3). Among the selected obesity-related
health outcomes, COPD is the most significant and has a strong
association with RUCAs 2, 7, and 10, whereas RUCAs 1 and 5
have a less significant relationship. These findings can be useful to
target specific geographic areas for interventions.
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