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Abstract: The Health Opportunity Index (HOI) is a multivariate tool that can be more efficiently
used to identify and understand the interplay of complex social determinants of health (SDH) at the
census tract level that influences the ability to achieve optimal health. The derivation of the HOI
utilizes the data-reduction technique of principal component analysis to determine the impact of
SDH on optimal health at lower census geographies. In the midst of persistent health disparities and
the present COVID-19 pandemic, we demonstrate the potential utility of using 13-input variables
to derive a composite metric of health (HOI) score as a means to assist in the identification of
the most vulnerable communities during the current pandemic. Using GIS mapping technology,
health opportunity indices were layered by counties in Ohio to highlight differences by census tract.
Collectively we demonstrate that our HOI framework, principal component analysis and convergence
analysis methodology coalesce to provide results supporting the utility of this framework in the three
largest counties in Ohio: Franklin (Columbus), Cuyahoga (Cleveland), and Hamilton (Cincinnati).
The results in this study identified census tracts that were also synonymous with communities that
were at risk for disparate COVID-19 related health outcomes. In this regard, convergence analyses
facilitated identification of census tracts where different disparate health outcomes co-exist at the
worst levels. Our results suggest that effective use of the HOI composite score and subcomponent
scores to identify specific SDH can guide mitigation/intervention practices, thus creating the potential
for better targeting of mitigation and intervention strategies for vulnerable communities, such as
during the current pandemic.

Keywords: health opportunity index; health equity; health disparities; social determinants
of health; principal component analysis; GIS; Ohio; thematic mapping; disease convergence;
public health exposome

1. Introduction

According to Healthy People 2020, Social Determinants of Health (SDH) are conditions in the
environments in which people are born, live, learn, work, play, and pray that affect a wide range of
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health, functioning, and quality-of-life outcomes and risks [1]. A shift in focus in the field of public
health has caused additional attention to be paid to SDH. Understanding the impact these determinants
have on a community’s health is a vital part of achieving health equity [2]. Researchers estimate that
approximately 40% of health can be attributed to social and economic factors and 10% are due to factors
related to the physical environment [3]. These SDH vary both between and within communities based
on variety of demographic characteristics. Examples of SDH include access to healthcare services,
neighborhood crime and violence levels, and food security and availability.

Due to the current coronavirus disease 2019 (COVID-19) pandemic, the United States is
currently experiencing a higher number in cases and deaths than what we are seeing globally [4].
The asymptomatic nature of the disease combined with pattern of transmission of COVID-19,
emphasizes the importance of community health. Within the U.S., there are existing disparities
of underlying health conditions that influences the way the pandemic is impacting marginalized
groups and communities. The disparities in COVID-19 related health outcomes can be linked to
a number of factors. African American communities and other communities of color in New York
for example, are experiencing higher rates of infection and death during the COVID-19 pandemic
than their white counterparts within the city [5]. Various factors within these communities render
them to being more vulnerable to disease. For example, residents are struggling to access healthcare
resources in their neighborhoods, while multigenerational homes put older residents’ home at risk.
In addition, communities that have higher perveances of heart disease, diabetes, and other chronic
diseases are seeing worse outcomes. Furthermore, the composition of the essential worker population
is predominantly black and brown, who do not have the luxury of staying at home. This results
in these workers returning to their segregated community with the higher potential of spreading
infectious diseases. Public health practitioners, health systems, and community-based organizations
often do not have tools to understand the complex interaction of social determinants linked to poor
health outcomes. Given that disparate health outcomes from chronic conditions or pandemics such as
COVID-19 are influenced by SDH and underlying health conditions, the ability to target these high-risk
communities and provide interventions with a high degree of precision is critical to slowing the spread
of the pandemic.

Health Opportunity Index (HOI) is a tool to understand the effect of SDH on health outcomes.
Tools such as the HOI can demonstrate how the SDH can shape a community’s overall opportunity
for optimal health. Using tools for geospatial analysis with data from the HOI is an effective method
of identifying health disparities as well as the SDH, which drive these disparities out of control [6].
A thematic map can overlay SDH over a community of interest, highlighting rates of a determinant or
adverse health outcome in the area. While such an approach is functional—a more robust, informative
method needs to be explored in order to develop a deeper understanding of a community’s health.
The HOI is a tool used to better identify the determinants in a community that drive poor health
outcomes. The utilization of the HOI can assist in identifying communities with the lowest health
outcomes and reduce health disparities.

The HOI was developed by Rexford Anson-Dwamena, an epidemiologist and GIS/spatial analyst
at Virginia’s Public Health Department. The tool was later adopted by Johnnie (Chip) Allen, Director
of Health Equity at the Ohio Department of Health (ODH). Allen found that the HOI could become
a useful asset in the state’s effort to reduce health disparities and actively pursue true health equity.
Health equality calls for providing the same health interventions to all individuals, regardless of the
level of health disparity they face. Health equity, on the other hand, is achieved when every individual
has the same opportunity to achieve their full health potential. Achieving health equity requires the
identification of communities that might need a variety of interventions to overcome social, economic,
and structural barriers to reach their peak level of health. SDHs are multifaceted, complex and often
operate at varying levels of severity from one neighborhood to the next. The dynamic nature of
SDH makes it difficult to address them in a comprehensive manner. Moreover, tools required for
understanding the dynamic nature of SDH are needed now more than ever. One of ODH’s primary
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equity goals is to develop wide-spread capacity to identify and understand how specific SDHs operate at
the local/neighborhood level. This understanding can empower local communities to comprehensively
address these issues using targeted interventions with the help of broad-based coalitions.

The HOI utilizes principal component analysis in order to create an individual score for each
census tract. Principal component analysis (PCA) is a statistical procedure used in exploratory
data analysis. PCA is useful for data reduction and simplification, modeling, outlier detection,
variable selection, classification, predictions, and unmixing. For the HOI, PCA’s data reduction
functionality is critical. For example, literacy and educational determinants are both SDH and are
strongly correlated. Food accessibility and hunger behave similarly. For this reason, it can be useful to
adopt clustering methodology approaches in an attempt to identify SDH within census tract profiles.
Common profiles include economic stability, education, health and built environment. While the HOI
is a relatively new tool to the public health field, it shares similarities with another tool. The Child
Opportunity Index (COI) is a tool that measures the resources and conditions of a neighborhood that
are critical to the development of a child [7]. Its purpose is similar to the HOI, in that the tool aims to
compare opportunity levels of different neighborhoods around the country under one metric.

Therefore, the goals of the present analyses are to; (1) educate environmental public health
professionals and communities about the conditions children are exposed to in their neighborhoods,
(2) inform the relevant policy makers who control the distribution of resources, and (3) improve equity
and health outcomes in vulnerable populations. The index uses 29 indicators to measure neighborhood
health for residents. Some of these indicators include school poverty, access to healthy food, access to
green space, home ownership rate as well as other related indicators. Each indicator has an individual
weight which correlates to the indicators ability to impact health. The indicators are all measured
on different scales. For example, high school graduation rate and employment rate are expressed
using percentages versus the hazardous waste site index, which is measured using a count. In order to
combine these values, the raw data is standardized using z-score transformation. These indicators
are then combined into one of three domains: education, health and environment, and social and
economic. The scores are then weighted based on their health and economic impact and combined to
a single score, scaled between 0 and 100. The COI contains information on over 72,000 census tracts
that can be compared with other metro areas and across time periods. The COI 1.0 was released in
2014 and version 2.0 was released in January 2020.

Disparate health outcomes do not exist in a vacuum. Moreover, it is important but difficult to
understand how disparate health outcomes simultaneously exist at their worst levels and the social
determinants which impact these disparities. To help understand how these issues are connected, J.
Chip Allen also developed the Convergence Analysis (CA) to help contextualize the HOI. The CA
is a technique that uses geographically referenced health data with GIS mapping tools to visualize
where various disparate health outcomes simultaneously exist at their worst levels. Any dataset that is
geographically referenced can be used with the CA. This paper reflects the CA which uses selected
data sets from the CDC 2017 Behavior Risk Factor Surveillance Survey (BRFSS) 500 Cities Project,
2013–2017, Ohio Department of Health Vital Statistics Data on prematurity and as well as 2017 data on
lead exposure from the Ohio Department of Health at the census tract level. Specific datasets for the
2017 BRFSS 500 Cities Project data included crude prevalence rates of asthma, coronary heart disease,
diabetes, high blood pressure, stroke, and poor mental health.

2. Methodology

The Health Opportunity Index (HOI) is the primary outcome variable in this study and is
comprised of 13 indices: affordability, income inequality, Townsend Deprivation, job participation,
employment access, education, population churning, population-weighted density, segregation, food
accessibility, walkability, access to care, and environmental quality index. These 13 indices are
separated into profiles based on how they co-exist in the state of Ohio. Indices will fall into the
environmental, consumer, mobility, or economic profile. HOI scores are calculated for each census
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tracts in order to highlight specific community needs. Scores of census tracts were converted into
shapefiles, then uploaded to ArcGIS to be displayed over a thematic map. HOI scores ranged from 0
to 1. The closer to zero the score is, the lower the probability residents in the census tract have the
opportunity to achieve optimal health. A score closer to 1 signifies greater opportunity to achieve good
health. The following section describes the methodology used to create the 13-index scores that make
up the HOI within each of the four profiles.

The Environmental Profile consists of six indices, which include affordability, health care access,
walkability, employment, population density, and environmental quality. Each index is described below.

The Affordability Index measures the proportion of a neighborhood’s income that is spent on
housing and transportation. The equation used to derive the affordability index is as follows:

Affordability Index =
Housing Cost + Transportation Cost

Total Income
. (1)

The US Census Bureau has its own metric that it uses to measure poverty. However, this
metric carries its own flaws as it assumes that the cost-of-living is uniform across the United States.
This assumption is known to be false. To better account for this, the Affordability Index of the
HOI identifies the most significant expenses a family incurs and weights the impact of that cost
on disposable income [8]. The two major expenses factored into affordability are housing and
transportation. The proportion of income spent on these two combined factors help account for the
cost-of living variability and provide a better sense of affordability.

The Health Care Access index measures an area’s access to healthcare. The is accomplished using
a two-step process to assess physician availability [9]. First, within a predetermined travel radius
from a healthcare provider, the total population that the supplier could reach is established. This is
then converted to a provider-to population ratio, with the total number of providers in a healthcare
setting being accounted for. Next, once the area of interest (census tract) is established, the same
predetermined travel radius is applied. Every healthcare setting in the radius is captured and the
provider-to-population ratios are summed to give part of the access to care index. The additional
portion of the index comes from the percentage of uninsured population. The percentages come from
the American Community Survey, which records uninsured levels at the census tract level.

The Walkability Index is an EPA tool used to differentiate Census groups based on their walkability.
The walkability of an area is based on the built environment that promotes or discourages walking
as a mode of transportation. Factors such as street connectivity, crime, and facilities for walking are
examples of factors that can contribute to the walkability of an area [10]. The walkability index is
derived from a four-variable formula from the International Physical Activity and the Environment
Network (IPEN). The equation is as follows:

WAI = (2× con) + ent + far + hdens. (2)

The four variables represent what is known as the 4D’s. Design (2 × con), diversity (ent),
distance (far), and density (hdens) make up the new walkability index. Design refers to the design of
the built environment and safety features of an area. A large number of street crossings that support
safe pedestrian travel in a census block will increase this variable. Diversity refers to the diversity of
land use in the census block. It measures the variety of activities that are within a walkable distance.
Distance measures the distance to transit or how accessible it is for pedestrians to reach a transit stop.
Density refers to residential and employment density. These variables measure the density of activities
within a walkable distance.

The Employment Access Index measures the accessibility of jobs in a particular area. Poor job access
can include barriers such as distance from residents and transportation availability. Communities that
experience poor employment access tend to have more employment instability [11], which in turn
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leads to more socioeconomic disadvantages. The employment access index score is determined by
utilizing a gravity model. The equation for the index is as follows:

Ai =
∑n

j=1

Jid
−β
i j

V j
, where V j =

∑m

k=1
Wkd−βkj , (3)

Ai = job accessibility at location i,
Jj = the number jobs in location i,
d = the travel time between them,
β = the friction coefficient,
n = the total number of job locations,
Vj = job location’s proximity to all workers.
This index is calculated by summing the total number of jobs in an area and dividing by the

square of the distance to those jobs. This allows for further examination of the presence and proximity
of jobs in an area. The gravity model makes it possible to observe what job opportunities are available
in or around block group or census tract, which provides a better picture of job access.

The Population-weighted Density Index is critical to better understand the spatial differences
between rural and urban populations [12]. The index captures the density at which the average
individual lives. The index is calculated by dividing the total population-weighted by the square miles
in the area. The higher the index score, the higher the concentration of people per square mile.

The Environmental Quality Index is calculated using the EPA’s National Air Toxics Assessments
(NATA) environmental data. This assesses the level of air pollution by census tract. The NATA has
six indicators: neurological risk, cancer risk, respiration risk, on-road pollution, non-road pollution,
and non-point pollution. The six indicators are combined into one indicator using principal component
analysis. Principal component analysis converts the individual variables into latent variables which
are then standardized into hazard quotients. Higher hazard quotients result in a higher possibility that
the exposure to environmental conditions will result in a negative health outcome.

The Consumer Profile consists of three indices which include education, food access, and material
deprivation. These indices are described below.

The Education Index measures the average education level achieved by the adult population
in an area [13]. This is based on the average years of schooling in an area. Higher educational
attainment has been shown to have positive impacts on economic earning and positive health outcomes.
The equation for this index is as follows:

µ = AYS =
n∑

i=1

piyi, (4)

AYS = average years of schooling,
µ = average years of schooling for the concerned population,
pi = proportion of population with certain level of schooling,
yi = years of schooling at different education attainment levels.
This index however does not take into account the quality of the education received, only average

level of attainment.
The Food Accessibility Index measures low access to grocery stores, supermarket, and other

suppliers of healthy foods. Proximity to healthy food options plays a critical role in maintaining
a well-balanced and healthy diet [14]. The index score is based on the proportion of the census tract
population that fits into one of three USDA criteria. The criteria on whether a significant portion of
the population (500 individuals) or 33% of a low-income census tract live within a certain proximity
to a grocery store or supermarket. The proximity to grocery store or supermarket depends on the
population density of the census tract. Residents who live further than 0.5 or 1 mile away from
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a grocery store or supermarket in an urban area are considered to have low food access. Residents who
live further than 10 or 20 miles away from a grocery store or supermarket in a rural area are considered
to have low food access.

The Townsend Deprivation Index is used to measure material deprivation. Material deprivation,
according to sociologist Peter Townsend, encompasses the lack of goods, services, amenities, resources
and physical environment that are typically found and approved by society [15]. The index is
made up of four variables: unemployment, car ownership, home ownership, and overcrowding.
The unemployment variable is derived by determining the percentage of active residents in a community
between the ages of 16 to 64 who are unemployed. The car ownership variable is based on the percentage
of private households who do not possess a car. Home ownership is based off the percentage of
private homes not currently occupied by the homeowner. The overcrowding variable is the percentage
of private households with more than one person per room. Each of these variables are equally
weighed and combined together to determine the Townsend deprivation index. In order to combine
the variables, first the unemployment variable and the overcrowding variable must be log transformed.
Next, the z-score is calculated for each of the four variables and the scores are summed up for
the composite score for the index. The higher the score, the more a particular area lacks access to
the resources.

The third profile in the HOI is the Economic Profile, which consists of three indices: job participation,
segregation, and income inequality, which are described below:

The Job Participation index is a measure of the percentage of working aged individuals (16–64 years
of age) in the active labor force. The equation for the variable is as follows

Job Participation rate =
Civilian Employed + Civilian Unemployed

Civilian Population (16− 64 yrs)
. (5)

Unlike the unemployment variable of the Townsend deprivation index, the job participation
index is supposed to identify the employment rate of the active working class of an area. This index
is considered very sensitive to the attributes of the local community. Attributes such as educational
attainment, household composition, and car ownership can all influence an area’s employment rates.
This index is a strong indicator of economic growth and income, which are strong factors in individual
and community health status [16]. The higher the index, the healthier the labor market.

The Segregation Index, or the spatial dissimilarity index, measures how the racial composition
of a population in a census tract compares to that of the rest of the state [17]. The mapping software
tool ArcGIS (MapplerX, Nashville, TN, USA) has a toolbox to assist in the calculation of this index.
The equation to calculate spatial dissimilarity is noted below.

SD =
(

1
2

)
(

n∑
i=1

m∑
j=1
|CNi −CEi|i

m∑
j=1

CN ×CP j(
(
1−CP j

)
with CEi

=
(CNi−CN j)

CN and CNi j =
n∑

k=1
d
(
Ni j

)
,

(6)

CNij: Composite population count of ethnic group j in spatial unit i,
d(ij): Function defining surrounding spatial units I and k,
CNi: Total composite population count in spatial unit 1,
CNj: Total composite population count of ethnic group j,
CN: Total population in the city,
CPj: Proportion of population in ethnic group j.
The Income Inequality Index within the HOI is measured using the Gini coefficient. The Gini

coefficient (index) is a statistical measure typically used to measure economic inequality [18].
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The coefficient accomplishes this by measuring the diversity of actual earned income of a neighborhood.
The equation is as follows:

GINI =
1

µN(N − 1)

∑
i> j

∑
j

∣∣∣yi − y j
∣∣∣, (7)

µ = the mean of the variable (income),
N = total number of observations,
yi and yj = dollar values of income of individuals.
Absolute neighborhood equality, or homogeneity, would result in a Gini coefficient of 0.

Complete diversity in income for a neighborhood would result in a Gini coefficient of 1.
Income inequality is a critical variable to account for due to its correlation with health outcomes.
As the wage gap in the United States continues to increase, the disparities in health outcomes and life
expectancy between high-income and low-income Americans continue to increase [19].

The final profile in the HOI is the Population Mobility Profile, which includes the population
churning index and is described below.

The Churning Index is used to capture the total migration of individuals into a community.
Population churning can bring both positive and negative aspects to a community. The in migration
can bring an influx of social capital and opportunities. New community member can bring new
business and employment opportunities. On the other hand, out migration can lead to the disruption
of services that are critical to health and wellness [20]. The equation for the population churning index
is as follows:

Population Churning Rate =
In migration + out migration

Total population
. (8)

Population churning accounts for population movement in a manner that is different from net
migration. Rather than simply indicating the balance of movement as net migration does, population
churning gives a standardized measure of the amount of movement in relation to the population at
large. For the HOI, census mobility data was used to show 5-year mobility patterns.

3. Quantitative Validity and Reliability of the HOI as an Assessment/Predictive Tool for
Health Outcomes

To provide assurance that the HOI was truly sensitive to major shifts in health status throughout
the state, we used the most general definitions of good health, i.e., “life expectancy at birth” (LE)
and “years of potential life lost” (YPLL) data to determine if the HOI demonstrated systematic public
health differences between areas. Figure 1, above present’s life expectancies at birth by HOI quintiles.
The indicators (LE and YPLL) were chosen as the health outcomes of interest because they; (1) provide
a global indication of health across a population and across the life span; and (2) summarize health
in a manner that is easily understood by all—how long a life can I expect to live? Our indicators also
aligned with the notion that social determinants of health (SDH) are fundamental causes of disease.
Therefore, access or lack of access to SDH would be expected to influence the entire range of health
outcomes, and not just those associated with the same behavior (for example, physical activity being
associated with obesity and diabetes but not HIV).

HOI was constructed to simplify a very complex social landscape important to the health of
a community by specifying some very simple process-oriented indicators and determine how they
interact within a local spatial context. Of course, no traditional public health concern (e.g., infant
mortality, asthma, or cardiovascular, stroke or HIV) is incorporated in the composite Index. These are
what we want to view in terms of the Index. Upon maximal refinement of the HOI, we can then explore
how these health-based indicators relate to the broader community conditions.
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Figure 1. Health Opportunity Index Scaled into Quintiles against life expectancy to show the
relationship. The relationship is monotonic indicating that persons living in “Very High Opportunity
Areas” on average is expected to live over four more years compared to the persons in “Very Low
Opportunity Areas”.

The state of Virginia is our reference point for the maturation of the HOI and in Virginia,
the aforementioned independent variables were analyzed to determine which of these variables were
associated with birth outcomes. As can be seen in Figure 2 below, on a statewide level, infant mortality
per 1000 live births increases with HOI quintile to demonstrate that HOI variables were in fact,
associated with low birth weight infants and infant mortality. We can conclude that residents of very
low HOI quintiles are more likely to experience infant deaths by a striking 48.9% as compared to
residents of very high HOI quintiles. This striking disparity and trajectory by HOI quintile are also
true for diabetes hospitalization.

Int. J. Environ. Res. Public Health 2020, 17, x FOR PEER REVIEW 8 of 17 

 

Areas” on average is expected to live over four more years compared to the persons in “Very Low 
Opportunity Areas”. 

HOI was constructed to simplify a very complex social landscape important to the health of a 
community by specifying some very simple process-oriented indicators and determine how they 
interact within a local spatial context. Of course, no traditional public health concern (e.g., infant 
mortality, asthma, or cardiovascular, stroke or HIV) is incorporated in the composite Index. These 
are what we want to view in terms of the Index. Upon maximal refinement of the HOI, we can then 
explore how these health-based indicators relate to the broader community conditions. 

The state of Virginia is our reference point for the maturation of the HOI and in Virginia, the 
aforementioned independent variables were analyzed to determine which of these variables were 
associated with birth outcomes. As can be seen in Figure 2 below, on a statewide level, infant 
mortality per 1000 live births increases with HOI quintile to demonstrate that HOI variables were in 
fact, associated with low birth weight infants and infant mortality. We can conclude that residents of 
very low HOI quintiles are more likely to experience infant deaths by a striking 48.9% as compared 
to residents of very high HOI quintiles. This striking disparity and trajectory by HOI quintile are also 
true for diabetes hospitalization. 

 
Figure 2. Health Opportunity Index Scaled into Quintiles against infant mortality to show the 
relationship. Data shows that the infant mortality rate in “Very High Opportunity Areas” on average 
is 47.3% lower than the rate in “Very Low Opportunity Areas”. 

Post Processing of Data via Principal Component Analysis (PCA): As described above, the 13-
indicators for the HOI were carefully chosen as core variables to provide a broad aerial view of an 
“opportunity structure” that can be easily and intuitively recognized by most community residents. 
These indicators therefore circumscribe what residents in a particular area have to navigate to 
accomplish their normal daily life tasks. We chose to apply principal component analysis (PCA) to 
reduce the noise and the dimension of the data structure, as recently discussed by Kahlia et al., (2020) 
[21]. The 13-place based indicators were normalized (Z scores), combined, and weighted using PCA 
to discern local patterns in the data at the census tract level. The use of PCA is greatest in scenarios 
where there are a large number of variables being considered in answering a question. In these 
situations, it is difficult to partition and understand how each variable is interacting [22]. Engaging 
in dimensional reduction reduces the amount of interactions between variables and PCA achieves 
this through feature extraction by combining variables in specific ways. The methodology prioritizes 
critical parts of the variables while leaving out the less important aspects of the variables. 

Figure 2. Health Opportunity Index Scaled into Quintiles against infant mortality to show the
relationship. Data shows that the infant mortality rate in “Very High Opportunity Areas” on average is
47.3% lower than the rate in “Very Low Opportunity Areas”.

Post Processing of Data via Principal Component Analysis (PCA): As described above,
the 13-indicators for the HOI were carefully chosen as core variables to provide a broad aerial
view of an “opportunity structure” that can be easily and intuitively recognized by most community
residents. These indicators therefore circumscribe what residents in a particular area have to navigate
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to accomplish their normal daily life tasks. We chose to apply principal component analysis (PCA)
to reduce the noise and the dimension of the data structure, as recently discussed by Kahlia et al.,
(2020) [21]. The 13-place based indicators were normalized (Z scores), combined, and weighted
using PCA to discern local patterns in the data at the census tract level. The use of PCA is greatest
in scenarios where there are a large number of variables being considered in answering a question.
In these situations, it is difficult to partition and understand how each variable is interacting [22].
Engaging in dimensional reduction reduces the amount of interactions between variables and PCA
achieves this through feature extraction by combining variables in specific ways. The methodology
prioritizes critical parts of the variables while leaving out the less important aspects of the variables.

Therefore, PCA was used in the present study to find the appropriate latent variables that might
measure the landscape of an area. To maximize all indicators, the 13-indices were standardized into
Z-Score and rotated using Varimax with Kaiser Normalization method to retain four components
based on an eigenvalue cut-off of 1 or more. This process means that, if the eigenvalue is greater than
1, it indicates that that component explains more variance than a single variable because the sum of
the eigenvalues equals the number of variables in the model. Each component was weighted using
the proportion of their variance explained in the model as a percent of the cumulative variance and
summed (weighted sum) to compute the composite index for each census tract. Table 1 demonstrates
for example, that the variance of first component was 35.868% (Unweighted) while the cumulative
variance for the four retained components summed to 73.443%. The first component was then weighted
as 49.2% (35.868/72.857) *100. The process was repeated for all the three remaining components
and were subsequently summed to obtain the composite index, known as the Health Opportunity
Index (HOI).

Table 1. Explanation of the Total Variance in Derivation of Health Opportunity Index. The first
component, PC1 explained 35.878% of the total variance while the cumulative variance of the four
retained components summed to 72.857% based on the eigenvalue (1 or more).

Component
Initial Eigenvalues Extraction Sums of Squared

Loadings
Rotation Sums of Squared

Loadings

Total % of
Variance

Cumulative
% Total % of

Variance
Cumulative

% Total % of
Variance

Cumulative
%

Component 1 4.664 35.878 35.878 4.664 35.878 35.878 4.306 33.124 33.124
Component 2 2.632 20.248 56.126 2.632 20.248 56.126 2.291 17.626 50.750
Component 3 1.148 8.831 64.957 1.148 8.831 64.957 1.719 13.226 63.977
Component 4 1.027 7.900 72.857 1.027 7.900 72.857 1.155 8.881 72.857

Component 5 0.763 5.871 78.729
Component 6 0.621 4.776 83.505
Component 7 0.555 4.271 87.776
Component 8 0.398 3.061 90.837
Component 9 0.389 2.990 93.827

Component 10 0.255 1.964 95.790
Component 11 0.215 1.652 97.442
Component 12 0.181 1.390 98.832
Component 13 0.152 1.168 100.000

1. Extraction Method: Principal Component Analysis. 2. The table above shows the total variance explained and
based on the eigenvalue (1 or more), four components were retained.

4. Results

The HOI analysis results are presented in Table 2 (below) using a census tract in Cuyahoga County
as an example. The analysis includes a number of data points which can be assessed. The primary
data point is the HOI composite score. Step 1: HOI composite score and profile scores range from 0 to
1. The closer the score is to zero, the lower the chances for residents in the census tract to experience
opportunity for good health. Conversely, the closer the score is to 1, the greater the chances that
residents will experience high opportunities for good health. The public health professional can gauge
health opportunity by looking at the Quintile. Quintile 1 reflects low health opportunity. Quintile 5
reflects high health opportunity. Life expectancy can also help gauge health opportunity. Step 2:
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Once overall health opportunity is determined; the public health professional can search for the
social determinants that drive health opportunity. This requires an analysis of each of the Profile
scores (Environmental, Consumer, Economic, and Population Mobility) to discern the profile with
the lowest score. Step 3: Based on the Profile with the lowest score, (in this case, Consumer Profile)
the public health professional would select the social determinant(s) for that profile with the lowest
score (in this case, Food Access). Step 4: A public health professional might use other available
data for the convergence analysis (see Methodology section). The convergence analysis reveals that
there are six (6) health outcomes that are simultaneously at the worst levels in this census tract.
Step 5: Interpret/Summarize Findings (2016 Data): Census Tract 39035118602 has overall low health
opportunity for the residents to achieve good health. These sub-optimal outcomes include Poor
Mental Health, Diabetes, Stroke, Coronary Heart Disease, Asthma, and High Blood Pressure. The 2017
500 Cities data also reflects that chronic obstructive pulmonary disease and kidney disease are at
their worst levels. A deeper examination of the HOI data reveals that the social determinants of the
Consumer Profile drive the observed poor health opportunity. A closer examination of the Consumer
Profile reveals that Food Access is a major factor contributing factor to poor health opportunity in this
census tract. As a result, the public health professional might recommend that interventions to improve
overall health opportunity and disparate health conditions must take into account Food Access.

As mentioned above, the composite index score serves to provide an overall indication for the
health of a particular community. The relative profiles of a particular tract can then be examined
to explain what variables are making the greatest contribution to a low (or high) composite score.
By analyzing the various profile scores, the low numbers are indicative of the primary drivers of poor
health opportunity in the community. By extrapolating further, the specific index within the profile
can be identified as the primary driver of poor health opportunity in the community. The HOI analysis
report in Table 2 provides an example of the composite score for a census tract in Cuyahoga county.
The 0.041 score is reflective of a low health opportunity for the census tract. This is reinforced by the
score’s inclusion in the first quintile. By examining the four profiles, the consumer profile is shown to
be the primary driver of low health opportunity with a score of 0.095. Further, food access appears to
be the index that is driving the consumer profile.

Table 2. Health Opportunity Index score card. See text for details. The score card displays the
composite, profile and index score from the HOI the scores range from 0 to 1. The closer the number is
to 0, the more responsible the score is for driving low health opportunity.

Health Opportunity Index Score Card Census Tract FIPS Code: 39035118602
Composite Index Environmental Profile Consumer Profile Economic Profile Population Mobility Profile

0.041 0.74 0.095 0.141 0.892
Affordability Education Job Participation Population Churning

0.862 0.35 0.341 0.914
Quintile Health Care Access Food Access Segregation

1 0.593 0.063 0.055
Walkability Material Deprivation Income Inequality

Life Expectancy 0.718 0.176 0.352
70.1 Employment

0.891
Population Density

0.851
Environmental Quality

0.664

Convergence Analysis 6 Health outcome(s) simultaneously at their worst levels:

Poor mental health
Diabetes
Stroke

Coronary Heart Disease
Asthma

High Blood Pressure

The thematic mapping of HOI composite scores provides a visual breakdown of health opportunity
disparities across census tracts in an area. Figure 3 depicts an ArcGIS map with a shapefile containing
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composite scores from the Cuyahoga county area. Using the thematic map feature from ArcGIS,
differing census tract composite scores can be highlighted by quintile. The closer the census tract
is to yellow, the lower the health opportunity. Census tracts highlighted in red provide higher
health opportunity. The concentration of yellow census tracts aligns with the metropolitan area of
downtown Cleveland, Ohio. Figure 4 depicts the same HOI composite score but in the Franklin county
area. The concentration of the yellow census tracts aligns with the metropolitan area of downtown
Columbus, Ohio.
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Figure 4. HOI Composite score map from Franklin County. The thematic map displays census tracts
in Franklin County in central Ohio. The census tracts are color coordinated based on what quintile
their HOI composite score falls in. The lower HOI Composite scores fall in the first quintile while the
higher HOI scores fall in the fifth quintile.

To determine the validity of the health opportunity index’s ability to predict high or low health
opportunity, a disease convergence layer was added to the map. A disease convergent area is a census
tract where multiple negative health outcomes simultaneously occur at their worst levels. Using the
500 Cities online database, crude prevalence rates for health outcomes such as coronary heart disease,
COPD, asthma, chronic kidney disease, and diabetes were analyzed at the census tract level. Figure 5
shows a HOI composite score map for the Hamilton County area. Similar to the map from Figure 3
in Cuyahoga county, the census tracts with the lowest opportunity scores are highlighted in yellow
and concentrated around the metropolitan area around downtown Cincinnati, Ohio. The Convergence
Analysis for census tract FIPS Code 39035118602 revealed that there were six health conditions that
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simultaneously exist at their worst levels. They include poor mental health, diabetes, stroke, coronary
heart disease, asthma, and high blood pressure. In Figure 6, the additional layer for disease convergence
in Hamilton county Ohio has been added to the map as a cluster of outlined census tracts in the lowest
scoring areas.
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Figure 6. Disease Convergence as determined by HOI Composite score in Hamilton County. The census
tracts outlined in black indicate the disease convergent census tracts. The indicated census tracts are
areas where multiple diseases are occurring at high levels, simultaneously.

5. Discussion

The HOI can function as an essential tool in advancing health equity. It is important to note that
the HOI tool is not meant to assess health outcome. The purpose of this tool is to provide public health
practitioners, policy makers, and local organizations with a tool to assess SDH at the census tract level.
The HOI can then inform the actions of policy makers and local communities who embark on the
difficult work of improving the most serious health concerns of their communities by addressing the
SDH that impacts health.

First, the HOI provides a method of comparing overall health opportunities of surrounding
areas using the composite score. It is important to note that the HOI does not function as a health
ranking. While the composite HOI score can be used for comparison of health opportunity among
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counties, its great advantage is its ability to highlight challenges and opportunities within the county
and its census tracts. When applying and allocating funds for health-related grants, it is critical that
all parties use a tool that is standardized to provide a common understanding of SDH which drive
health outcomes.

The HOI also provides insight to similar challenges faced by different communities. The ability to
highlight which census tracts have the lowest opportunities for optimal health can lead to specific
policies, social, economic, environmental and structural changes to advance health equity. Further,
breaking down the HOI by examining its subcomponents makes it possible to highlight which
aspects of a community need the most attention to increase overall health. For example, in Table 2,
the consumer profile has a score of 0.095 which is identified as the primary driver of low health
opportunity. The food access index score of 0.063 signifies that the census block in Cuyahoga county
suffers particularly from access to grocery stores, supermarkets and other suppliers of healthy food.
With this information, the state’s public health department or community supporters could implement
healthy food interventions to improve food access. This detailed process offers a more accurate method
of addressing health equity issues.

The disease convergence layer is added over the HOI in order to provide better context of health.
That is, to understand how different types of health disparities, at their worst levels, reflect low health
opportunity and all of its complications. Figure 6 highlights 10 census tracts that are highlighted as
convergence areas in Hamilton county. Each of the convergence area census tracts highlighted are in low
health opportunity census tracts. The occurrence of multiple chronic health conditions simultaneously
present at their worst levels in a single census tract indicate the influence of challenging SDH on these
disparities. One of the shortcomings in public health practice is the proliferation of programmatic
silos, which often address a particular health issue at any given time. Convergence analysis provides
the opportunity for cross sector collaboration. In a census tract where diabetes, heart disease and
hypertension all are occurring at their highest levels, health organizations with different programs can
combine resources to address health conditions simultaneously.

Moreover, the HOI empowers collaborating organizations to be able to identify specific SDH to
focus their collaborative interventions on. The HOI provides a large-scale image of an area’s health
opportunity. Figure 3 highlights the census tracts that make up Cuyahoga county. The thematic map
presented displays the concentration of low health opportunity census tracts closer to proximity to
downtown Cleveland. Urbanization provides a number of factors that can drive the health opportunity
of an area down such as overcrowding, air pollution, and high unemployment rates [23]. These factors
provide a potential explanation of the differences in health opportunity between downtown Cleveland
in Figure 3 and Columbus in Figure 4 and their surrounding suburban census tracts. Additionally,
the thematic map allows stakeholders and policy makers to identify potential systematic issues
that could be linked to low health opportunities. Demographic information on the low health
opportunity census tracts are publicly available. For Figure 3, the converging point for the cluster of
low health opportunity census tracts is Cleveland city, Ohio. According to the United States Census
Bureau, the Cleveland city comprises approximately 25% of the Cuyahoga county population and is
predominately African American (49.6%) [24]. Combining this knowledge with the HOI provides the
potential for highly detailed and accommodating interventions in areas of the most need.

6. Conclusions

Our dashboard can be utilized by state and local health departments in municipalities across the
US. Microsoft Access and ArcGIS Online can be used to link the HOI with Convergence Analysis to
create reports and thematic maps to better visualize and contextualize both datasets to target vulnerable
communities. In the present study, the use of 500 Cities data featuring the natural brakes classification
method with seven (7) classes proved to be very useful, as was the 2013–2017 Vital Statistics data on
prematurity, and the 2017 lead data using the equal ranges classification method with five classes
(BRFSS 2017). Each dataset was selected based on the highest two classes that reflected the highest



Int. J. Environ. Res. Public Health 2020, 17, 5767 14 of 17

burden of disease. All data were imported into a MS Access database system. A query entitled
“convergence” was created to create linking both dataset by the census tract FIPS code. A report was
then created to identify census tracts that had at least four (4) of any of the conditions with a given
census tract. Additionally, to identify census tracts for the convergence of different health issues, a filter
tool in ArcGIS Online can be easily applied. By selecting the map layers with the appropriate data,
it is possible to mimic the function of the MS Access query by using the filter for the highest rates of
disease based on the natural breaks or equal range classes of the original dataset.

Relevant to the public health emergency that we are currently experiencing, the HOI provides
an opportunity for municipalities to address the capacity of health systems by identifying areas where
the availability of physicians are low using a provider-to-population ratio. Prior to the COVID-19
pandemic, the HOI was able to identify communities where access to health care was limited. This access,
or lack thereof, would be expected to be further exacerbated and strained during a pandemic such as the
current COVID-19 pandemic. As we have witnessed, as the pandemic has worsened across the United
States, we continue to observe an increase in the population in need of health care as cases of COVID-19
continue to rise. Further, it is now apparent that these very low and low HOI areas are synonymous
with the census tracts that are most disproportionately impacted in the COVID-19 pandemic. Therefore,
we put forth the proposition that this novel tool will allow local, state, regional and national agencies
to respond to COVID-19 impacted areas and other chronic health concerns due to its ability to predict
and identify communities were the need for a robust response is likely to be the greatest.

7. Limitations

The HOI utilizes data sets from a variety of sources. For urban areas, often times this information
is more readily available and accessible. However, for rural areas, the inability to access these data
could prove difficult to incorporate the HOI evenly across an entire state. The HOI is still in its early
stages of implementation so, Cleveland, Columbus, and Cincinnati are the initial major cities that
have been HOI mapped across census tracts. Additionally, the HOI is created on a state by state basis.
The index is built according to available datasets at the census tract level for that particular state,
including variables that stakeholders and health departments identify as important and actionable.
If the variables can be linked to health outcomes through academic literature, then they will serve as
the framework for that area’s HOI. The HOI for the state of Ohio does not contain the same indices as
the HOI for the state of Virginia. For this reason, cross state comparisons would prove to be difficult.
Hopefully, nationwide adoption of the HOI would facilitate the creation of a nationwide baseline HOI.

Finally, the HOI is a measure of access or availability of opportunity within a community.
This tool does not measure utilization or individual level barriers but rather assesses opportunity at
the community level. Likewise, the HOI is not designed to address the sociocultural, organizational,
geographic, and gender-related barriers in health care. Again, the purpose of the HOI tool is to
move beyond the health care setting and examine the social determinants of health that impact health
outcomes. While health care is an important determinant, the tool is aimed at assessing access to
healthcare based on the availability of physicians and that segment of the population that is uninsured.
Therefore, these issues are limitations of the HOI tool.

8. Future Directions

The differences in opportunity to achieve optimal health among communities around the state
of Ohio further exasperate the disparities in health between these communities. The HOI is a novel
tool capable of aiding public health officials and local stakeholders alike in identifying the differences
in health opportunity. Conditions that drive poor health are extremely complex, exemplified by the
possibility of two adjacent census tracts having low HOI scores caused by different SDH. Without having
tools such as the HOI to understand which specific SDH drive poor health opportunity, it is highly
likely that the wrong interventions will be applied, which will negatively impact efforts to advance
health equity. It is not sufficient to just identify the differences, but understanding what factors are
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potentially driving down health are necessary for impactful health interventions. Using geospatial
mapping tools such as ArcGIS, it is possible to create interactive tools that facilitate collaborative efforts
to address the SDH on many different levels to improve impact disparate chronic health outcomes
in census tracts. As communities continue to diversify, so do their health concerns and troubles.
Addressing these growing concerns will require a more detailed intervention methodology by public
health officials [25]. The implementation of the HOI presents a new tool to assist in this process.
The fact that 12- of the 13 indices in the HOI are related to socioeconomic factors, its use in conjunction
with the Public Health Exposome framework presents an exciting future for environmental health
science [26]. The recently described Public Health Exposome framework can model the relationships
between environmental and socio-demographic variables and health outcomes [27]. We have used the
exposome framework to reveal latent associations between chemical stressors and low birth weights
and pre-term births, both which have high prevalence rates in Ohio. Both the Public Health Exposome
and the HOI incorporate datasets from a variety of locations to present a geographical approach to
combating health disparities. Parallel use of these frameworks may prove to be beneficial to public
health officials and local stakeholders alike.

In combination with the Public Health Exposome, the question as to how chemical stressors such
as components of ambient pollution negatively impact vulnerable populations to result in premature
death, including ischemic cardiovascular disease, stroke, respiratory infections, chronic obstructive
pulmonary disease, and lung cancer might be more appropriately addressed [28–32]. Using the
Public Health Exposome [33–35] and HOI analytics to integrate public health with exposure science
and population-based epidemiological designs will likely provide novel and innovative theories
and interventions to address disparate health outcomes. A recent study used data from the Global
Burden of Disease 2016 study to address the question: “How much does exposure to chemical stressor
(as PM2.5 air pollution) shorten human life expectancy around the world?” The study used a prior
dataset that evaluated chemical stressor levels in 2000 and 2007 from 585 US counties and effects on
life expectancy. The analysis revealed that in 2016, chemical stressor exposure reduced average global
life expectancy at birth by ∼1 year with reductions of ∼1.2–1.9 years in polluted countries of Asia and
Africa. A major conclusion from that study was; if exposure to chemical stressors in all countries met
the World Health Organization Air Quality Guideline (10 µg/m3), the estimated life expectancy would
increase by a population-weighted median of 0.6 year (interquartile range of 0.2–1.0 year), a benefit
of a magnitude similar to that for eradicating lung and breast cancer [36]. This study and the many
studies conducted prior to this most recent report serve to illustrate how mortality from exposure to
airborne chemical stressors as environmental contaminants substantially reduces human longevity.

Author Contributions: D.B.H.: academic and research advisor arranged and designed the practicum and
culminating project for C.N.O. to work with J.A. at the Ohio Department of Health and R.A.-D. at the Virginia
Department of Health during the pre-COVID-19 and accommodations COVID-19 phases. D.B.H. and J.A.
conceived the idea of how the HOI might be used in parallel with the Public Health Exposome (PHE) framework
as a means to identify census tracks of vulnerable populations where COVID-19 disproportionate health outcomes
might be exacerbated in the three large urban centers of Ohio. (Cleveland, Columbus and Cincinnati) D.B.H.
provided the PHE conceptual framework and J.A. and R.A.-D. provided the HOI framework and convergence
analysis methodology for Ohio cities so that D.B.H., K.S.B. and C.N.O. could derive composite scores from
environmental, consumer and economic profiles in the three Ohio cities. All the authors contributed data
from literature. D.B.H., C.N.O., J.A., W.I., O.A., K.S.B. and R.A.-D. analyzed data, performed the review and
discussed the feedback regularly. D.B.H. led the writing of the manuscript through four initial drafts with C.N.O.
Subsequently all authors read the various iterations of the manuscript draft, contributed to its revision, re-read
and approved the final and submitted version. All authors have read and agreed to the published version of
the manuscript.

Funding: This research was funded in part, by a GRA to CO by US EPA STAR Award RD83927501 (DBH).
Support was also provided by an OSU Outreach and Engagement grant #14848 (DBH): E6, Enhancing Environmental
Enterprises via e-Equity, Education and Empowerment.

Acknowledgments: The authors would like to acknowledge and thank the members of the Ohio State University,
Wexner Medical Center, Health Equity Steering Committee and faculty members in the Division of Environmental
Health Sciences, College of Public Health for providing critical review and comments.



Int. J. Environ. Res. Public Health 2020, 17, 5767 16 of 17

Conflicts of Interest: The authors declare no conflict of interest.

Abbreviations

Health Opportunity Index, HOI; Public Health Exposome, PHE; Social Determinants of Health, SDH;
Public Participatory Geographical Information Systems, PPGIS; Principal Component Analysis, PCA; SARS-CoV,
Corona Virus Disease 19, COVID-19, Ohio Department of Health, ODH; US Department of Agriculture, USDA.

References

1. US Department of Health and Human Services, Office of Disease Prevention and Health Promotion,
US Department of Health and Human Services, & Office of Disease Prevention and Health Promotion. 2010;
Healthy People 2020. Available online: https://www.healthypeople.gov/2020/topics-objectives/topic/social-
determinants-of-health (accessed on 3 March 2020).

2. WHO Commission on SDH, & World Health Organization. Closing the Gap in a Generation: Health Equity through
Action on the SDH: Commission on SDH Final Report; World Health Organization: Geneva, Switzerland, 2008.

3. Hood, C.M.; Gennuso, K.P.; Swain, G.R.; Catlin, B.B. County Health Rankings: Relationships between
Determinant Factors and Health Outcomes. Am. J. Prev. Med. 2016, 50, 129–135. [CrossRef] [PubMed]

4. COVID, C.; Team, R. Severe outcomes among patients with coronavirus disease 2019 (COVID-19)—United
States, February 12–March 16, 2020. MMWR Morb. Mortal. Wkly. Rep. 2020, 69, 343–346.

5. Van Dorn, A.; Cooney, R.E.; Sabin, M.L. COVID-19 exacerbating inequalities in the US. Lancet 2020, 395,
1243–1244. [CrossRef]

6. Gatrell, A.C.; Popay, J.; Thomas, C. Mapping the determinants of health inequalities in social space:
Can Bourdieu help us? Health Place 2004, 10, 245–257. [CrossRef]

7. Acevedo-Garcia, D.; McArdle, N.; Hardy, E.F.; Crisan, U.I.; Romano, B.; Norris, D.; Reece, J. The child
opportunity index: Improving collaboration between community development and public health. Health Aff.
2014, 33, 1948–1957. [CrossRef]

8. Jolliffe, D. Poverty, prices, and place: How sensitive is the spatial distribution of poverty to cost of living
adjustments? Econ. Inq. 2006, 44, 296–310. [CrossRef]

9. Luo, W.; Wang, F. Measures of spatial accessibility to health care in a GIS environment: Synthesis and a case
study in the Chicago region. Environ. Plan. B Plan. Des. 2003, 30, 865–884. [CrossRef]

10. Cerin, E.; Macfarlane, D.J.; Ko, H.H.; Chan, K.C.A. Measuring perceived neighborhood walkability in Hong
Kong. Cities 2007, 24, 209–217. [CrossRef]

11. Nguyen, M.T.; Webb, M.; Rohe, W.; Noria, E. Beyond neighborhood quality: The role of residential instability,
employment access, and location affordability in shaping work outcomes for HOPE VI participants.
Hous. Policy Debate 2016, 26, 733–749. [CrossRef]

12. Stankowski, S.J. Population density as an indirect indicator of urban and suburban land-surface modifications.
US Geol. Surv. Prof. Pap. 1972, 800, 219–224.

13. Bennett, D.L. Educational Inequailty in the United States: Methodology and Historical Estimates of Education
Gini Coefficients. Econ. Modeling Microeconom. Stud. Health 2001. [CrossRef]

14. Ghosh-Dastidar, M.; Hunter, G.; Collins, R.L.; Zenk, S.N.; Cummins, S.; Beckman, R.; Dubowitz, T.
Does opening a supermarket in a food desert change the food environment? Health Place 2017, 46, 249–256.
[CrossRef] [PubMed]

15. Pampalon, R.; Hamel, D.; Gamache, P.; Philibert, M.D.; Raymond, G.; Simpson, A. An area-based material
and social deprivation index for public health in Québec and Canada. Can. J. Public Health Rev. Can.
Sante Publique 2012, S17–S22. [CrossRef]

16. Costa, D.; Steckel, R.H. Long-term trends in health, welfare, and economic growth in the United States.
In Health and Welfare during Industrialization; University of Chicago Press: Chicago, IL, USA, 2017; pp. 47–90.

17. Reardon, S.F.; O’Sullivan, D. Measures of spatial segregation. Sociol. Methodol. 2004, 34, 121–162. [CrossRef]
18. Yitzhaki, S. Relative deprivation and the Gini coefficient. Q. J. Econ. 1979, 93, 321–324. [CrossRef]
19. Vega, W.A.; Sribney, W.M. Growing economic inequality sustains health disparities. Am. J. Public Health

2017, 107, 1606. [CrossRef]
20. Abdi, H.; Williams, L.J. Principal component analysis. Wiley Interdiscip. Rev. Comput. Stat. 2010, 2, 433–459.

[CrossRef]

https://www.healthypeople.gov/2020/topics-objectives/topic/social-determinants-of-health
https://www.healthypeople.gov/2020/topics-objectives/topic/social-determinants-of-health
http://dx.doi.org/10.1016/j.amepre.2015.08.024
http://www.ncbi.nlm.nih.gov/pubmed/26526164
http://dx.doi.org/10.1016/S0140-6736(20)30893-X
http://dx.doi.org/10.1016/j.healthplace.2003.09.005
http://dx.doi.org/10.1377/hlthaff.2014.0679
http://dx.doi.org/10.1093/ei/cbj016
http://dx.doi.org/10.1068/b29120
http://dx.doi.org/10.1016/j.cities.2006.12.002
http://dx.doi.org/10.1080/10511482.2016.1195423
http://dx.doi.org/10.2139/ssrn.2134646
http://dx.doi.org/10.1016/j.healthplace.2017.06.002
http://www.ncbi.nlm.nih.gov/pubmed/28648926
http://dx.doi.org/10.1007/BF03403824
http://dx.doi.org/10.1111/j.0081-1750.2004.00150.x
http://dx.doi.org/10.2307/1883197
http://dx.doi.org/10.2105/AJPH.2017.304024
http://dx.doi.org/10.1002/wics.101


Int. J. Environ. Res. Public Health 2020, 17, 5767 17 of 17

21. Moore, M.; Gould, P.; Keary, B.S. Global urbanization and impact on health. Int. J. Hyg. Environ. Health 2003,
206, 269–278. [CrossRef]

22. U.S. Census Bureau Cleveland city, Ohio Quick Facts. Available online: https://www.census.gov/quickfacts/
clevelandcityohio#qf-headnote-a (accessed on 19 April 2020).

23. Curtis, L.; Rea, W.; Smith-Willis, P.; Fenyves, E.; Pan, Y. Adverse health effects of outdoor air pollutants.
Environ. Int. 2006, 32, 815–830. [CrossRef]

24. Juarez, P.D.; Matthews-Juarez, P.; Hood, D.B.; Im, W.; Levine, R.S.; Kilbourne, B.J.; Estes, S.M. The public
health exposome: A population-based, exposure science approach to health disparities research. Int. J.
Environ. Res. Public Health 2014, 11, 12866–12895. [CrossRef]

25. Wild, C.P. The exposome: From concept to utility. Int. J. Epidemiol. 2012, 41, 24–32. [CrossRef] [PubMed]
26. Cardiovascular Risk Calculator and Chart v3.0. Available online: Cvrisk.mvm.ed.ac.uk (accessed on

19 May 2020).
27. Wilson, P.W.; Agostino, R.B.D.; Levy, D.; Belanger, A.M.; Silbershatz, H.; Kannel, W.B. Prediction of coronary

heart disease using risk factor categories. Circulation 1998, 97, 1837–1847. [CrossRef] [PubMed]
28. Wilson, P.W.; Culleton, B.F. Estimation of cardiovascular risk in an individual patient without known

cardiovascular disease. In Textbook of Medicine; Basow, D.S., Ed.; Massachusetts Medical Society, and Wolters
Kluwer Publishers: Al phen aan den Rijn, The Netherlands, 2010.

29. Collins, D.R.J.; Tompson, A.C.Y.; Onakpoya, I.J.; Roberts, N.; Ward, A.M.; Heneghan, C.J.
Global cardiovascular risk assessment in the primary prevention of cardiovascular disease in adults:
Systematic review of systematic reviews. BMJ Open 2017. [CrossRef] [PubMed]

30. D’Agostino, R.B., Sr.; Grundy, S.; Sullivan, L.M.; Wilson, P. Validation of the Framingham coronary heart
disease prediction scores: Results of a multiple ethnic groups investigation. JAMA 2001, 286, 180–187.
[CrossRef]

31. Brindle, P.; Emberson, J.; Lampe, F.; Walker, M.; Whincup, P.; Fahey, T.; Ebrahim, S. Predictive accuracy of the
Framingham coronary risk score in British men: Prospective cohort study. BMJ 2002, 327, 1267. [CrossRef]
[PubMed]

32. Sacco, R.L.; Khatri, M.; Rundek, T.; Xu, Q.; Gardener, H.; Boden-Albala, B.; Di Tullio, M.R.; Homma, S.;
Elkind, M.S.; Paik, M.C. Improving global vascular risk prediction with behavioral and anthropometric
factors. The multiethnic NOMAS (Northern Manhattan Cohort Study). J. Am. Coll Cardiol. 2009, 54,
2303–2311. [CrossRef] [PubMed]

33. Jiao, Y.; Bower, J.K.; Im, W.; Basta, N.; Obrycki, J.; Al-Hamdan, M.Z.; Wilder, A.; Bollinger, C.E.; Zhang, T.;
Hatten, L., Sr.; et al. Application of Citizen Science Risk Communication Tools in a Vulnerable Urban
Community. Int. J. Environ. Res. Public Health 2016, 22, 13. [CrossRef]

34. Cifuentes, P.; Reichard, J.; Im, W.; Smith, S.; Colen, C.; Giurgescu, C.; Williams, K.P.; Gillespie, S.; Juarez, P.D.;
Hood, D.B. Application of the Public Health Exposome Framework to Estimate Phenotypes of Resilience
in a Model Ohio African-American Women′s Cohort. J. Urban. Health 2019, 96, 57–71. [CrossRef]

35. Juarez, P.D.; Tabatabai, M.; Valdez, R.B.; Hood, D.B.; Im, W.; Charles, C.; Colen, C.; Al-Hamdan, M.Z.;
Matthews-Juarez, P.; Lichtveld, M.Y.; et al. The Effects of Social, Personal, and Behavioral Risk Factors and
PM2.5 on Cardio-Metabolic Disparities in a Cohort of Community Health Center Patients. IJERPH 2020,
17, 3561. [CrossRef]

36. Correia, A.W.; Pope, C.A.; Dockery, D.W.; Wang, Y.; Ezzati, M.; Dominici, F. Effect of air pollution control
on life expectancy in the United States: An analysis of 545 U.S. counties for the period from 2000 to 2007.
Epidemiology 2013, 24, 23–31. [CrossRef]

© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.1078/1438-4639-00223
https://www.census.gov/quickfacts/clevelandcityohio#qf-headnote-a
https://www.census.gov/quickfacts/clevelandcityohio#qf-headnote-a
http://dx.doi.org/10.1016/j.envint.2006.03.012
http://dx.doi.org/10.3390/ijerph111212866
http://dx.doi.org/10.1093/ije/dyr236
http://www.ncbi.nlm.nih.gov/pubmed/22296988
Cvrisk.mvm.ed.ac.uk
http://dx.doi.org/10.1161/01.CIR.97.18.1837
http://www.ncbi.nlm.nih.gov/pubmed/9603539
http://dx.doi.org/10.1136/bmjopen-2016-013650
http://www.ncbi.nlm.nih.gov/pubmed/28341688
http://dx.doi.org/10.1001/jama.286.2.180
http://dx.doi.org/10.1136/bmj.327.7426.1267
http://www.ncbi.nlm.nih.gov/pubmed/14644971
http://dx.doi.org/10.1016/j.jacc.2009.07.047
http://www.ncbi.nlm.nih.gov/pubmed/19958966
http://dx.doi.org/10.3390/ijerph13010011
http://dx.doi.org/10.1007/s11524-018-00338-w
http://dx.doi.org/10.3390/ijerph17103561
http://dx.doi.org/10.1097/EDE.0b013e3182770237
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Methodology 
	Quantitative Validity and Reliability of the HOI as an Assessment/Predictive Tool for Health Outcomes 
	Results 
	Discussion 
	Conclusions 
	Limitations 
	Future Directions 
	References

