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ABSTRACT
Chronic health outcomes require ongoing medical attention and
have a significant impact on a person’s quality of life. It is widely
accepted that social determinants of health (SDoH) shape the onset
and management of chronic health outcomes. Among the many
composite indices that assess SDoH, there is no consensus on which
index best explains these associations between health outcomes
and social determinants. Furthermore, chronic outcomes may be
modulated by place or geography both through cultural, social, and
political forces and spatial correlations. The novelty of this paper
lies in building a machine learning (ML) methodology to compare
the strengths of SDoH indices in explaining the associations be-
tween chronic health outcomes and social determinants while ad-
justing for geography. The methodology is illustrated by studying
the relative strengths of the Social Vulnerability Index (SVI) and
Social Deprivation Index (SDI) in explaining age-adjusted preva-
lence rates of 12 chronic health outcomes obtained from the CDC
PLACES project. Results suggest that the SVI is more strongly asso-
ciated with all 12 chronic health outcomes, however, the increase
in the strength of SVI over SDI varies across the health outcomes.
For each outcome, importance scores of all SVI measures are then
normalized according to its four sub themes, while introducing
geography/place as the fifth sub theme. Comparing the relative
importance of these five sub themes leads to a grouping of the out-
comes into three clusters depending on whether geography/place,
racial minority status, or socio-economic measures shows the great-
est impact. The emergence of geography as a dominant sub theme
alongside conventional social determinants underscores the value
of our approach in providing the capability to consider the modulat-
ing effect of geography on understanding the relationships between
social determinants and health.

CCS CONCEPTS
• Computing methodologies → Machine learning; • Applied
computing→ Life and medical sciences; • Information sys-
tems → Geographic information systems.
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1 INTRODUCTION & MOTIVATION
Chronic health outcomes refer to the long-term effects and com-
plications resulting from chronic diseases such as diabetes, heart
disease, chronic respiratory diseases, and cancer [1]. These condi-
tions often require ongoing medical attention and management,
significantly impacting patients’ quality of life and longevity [2].
Chronic health conditions cause 1.7 million deaths annually, ac-
counting for more than 70% of all deaths and costing the healthcare
system about $3.8 trillion each year [3, 4].

Social determinants of health (SDoH), which are non-medical
factors including the conditions in which people are born, grow,
work, live, worship and age affect a wide range of chronic health
outcomes [5, 6]. SDoH is a broad umbrella framework that intends
to consider comprehensive parameters of a person’s life circum-
stances that can impact their health. Yet, there is no universal
agreement on which measures should be included under this frame-
work. Studies that link SDoH to health vary widely in the factors
they consider. Some include only personal socio-economic status
(SES), typically characterized by income, education, and occupa-
tion/unemployment [7, 8], showing that individuals with lower
personal SES are more likely to report poorer health, have a shorter
life expectancy, and propensity to chronic diseases. Some studies
show the link between neighborhood-level conditions and chronic
health outcomes [9]. Some others contend that a combination of
social and economic conditions of individuals and neighborhoods
better explains chronic health outcomes [10, 11].

In recent years, many composite indices have been developed to
succinctly capture population demographics and socio-economic
conditions in order to understand and address disparities in health
outcomes. These composite indices include: Area Deprivation Index
(ADI) [10], Neighborhood Deprivation Index (NDI) [12], Social Vul-
nerability Index (SVI) [13], and Social Deprivation Index (SDI) [14].
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These indices differ in their broad goals, in the measures they in-
clude, how these measures are defined and assessed, and their ap-
proaches to compose these measures into an aggregate index. These
wide differences make it difficult to determine which index holds
the ability to best explain the associations between social determi-
nants and a range of health outcomes [12]. The impact of social
determinants may also be modulated by geography/place, which
ties social, political and cultural forces as well spatial correlations
to health outcomes [15]. The inclusion of geography complicates
SDoH analysis, and hence, is mostly ignored even though it is ap-
parent that the conditioning effect of geography must be considered
to produce honest estimates of how SDoH measures impact health
outcomes.

This paper presents a machine learning (ML) approach that can
compare how strongly SDoH indices can explain the associations be-
tween social determinants and health outcomes while adjusting for
geography. We illustrate our approach by comparing how strongly
the Social Deprivation Index (SDI) [14] and the Social Vulnerability
Index (SVI) [16] can explain associations between SDoH measures
and age-adjusted prevalence rates for 12 chronic health outcomes
from the CDC PLACES project [4]. Our methodology is based on
random forests, a flexible, non-parametric, ensemble ML model that
can include geo-coordinates as independent model covariates. Our
results indicate that the SVI more strongly links SDoH to chronic
health outcomes compared to the SDI, however, the difference in
the strength of association is not uniform across all the health out-
comes. We then aggregate and normalize the importance scores of
the SDoH measures from the SVI into its four sub themes, introduc-
ing geography/place as the fifth sub theme. A comparison of the
relative importance of these five sub themes divides the 12 health
outcomes into three groups. The first group comprises of outcomes
most dominantly impacted by geography/place, the second group
comprises of outcomes primarily affected by racial minority status,
and the third group includes outcomes tied to socio-economic status
in the most dominant manner. Given that geography is as strongly
tied to a subset of health outcomes alongside socio-economic and
racial minority status, further underscores the importance of our
approach that offers the capability to account for the moderating
influence of geography in SDoH analysis.

The rest of the paper is organized as follows: Section 2 out-
lines our ML approach. Section 3 provides a detailed description
of the three data sets. Section 4 presents results and discussion.
Section 5 compares and contrasts related work. Section 6 concludes
and presents future directions.

2 ML METHODOLOGY
Our methodology is based on random forests (RF) [17] as the foun-
dational model. RF is an aggregate ML technique; it combines pre-
dictions from multiple individual decision trees to produce a more
accurate result. Each tree is trained on a random subset of the
training data (bootstrapping) and a random subset of the input
features. Each tree estimates the outcome, and the final estimate
is the average of all the estimates produced by the trees. This ap-
proach reduces overfitting and increases robustness compared to a
single decision tree. Fig. 1 shows how a RF comprises a collection
of decision trees.

In our approach, for 𝑛 SDoH indices and 𝑚 health outcomes
we build a collection of𝑚 × 𝑛 RF models. The RF model for each
index includes the measures in that index as explanatory variables
and the health outcome as the outcome variable. Additionally, we
also include the latitude and longitude of the centroids of chosen
geographical units (county, census tract, ZCTA) as predictor vari-
ables as this is the most effective way of considering geographical
variations [18]. RFs are robust and flexible to incorporate diverse
types of covariates such as SDoH measures and geo-coordinates in
a single modeling framework. For each health outcome, the perfor-
mance of the RF models for all SDoH indices is compared using the
coefficient of determination 𝑅2, which indicates the proportion of
variance explained, with higher values suggesting better explana-
tory power. The index with the highest 𝑅2 will have the strongest
ability to explain the associations between social determinants and
that health outcome.

Figure 1: Schematic Representation of Random Forests

We chose random forests because of their interpretability in that
they expose the importance of each SDoH measure in explaining a
given health outcome. This indicates how much each SDoH mea-
sure contributes to the accuracy of the model. The importance of
each SDoH measure is computed by measuring how much each
measure decreases the impurity in the trees, averaged over all trees
in the forest. Thus, for each health outcome, once the strongest
SDoH index is identified, the relative importance of the measures
comprising that index can be further revealed using our random
forest-based approach.

3 DATA DESCRIPTION
We illustrate our approach using data from three public-domain
sources: the PLACES (Population Level Analysis and Community
Estimates) project [19], Social Deprivation Index (SDI) [14] and
Social Vulnerability Index (SVI) [16]. County-level data for 3041
counties from the contiguous United States is pulled from all three
sources. We chose county-level data, since for the initial illustration
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we felt that census-tract level data may be too detailed. This section
provides an overview and also presents an exploratory analysis of
these data sets.

3.1 Chronic Health Outcomes
PLACES is a collaboration between the Centers for Disease Control
and Prevention (CDC), the Robert Wood Johnson Foundation, and
the CDC Foundation [19]. It is the source of age-adjusted prevalence
rates of the following 12 chronic health outcomes estimated in adult
population over 18 years of age [19], [20].

• Arthritis: Affects millions, leads to joint pain and disability
that severely impacts daily activities and quality of life [21].

• HighBlood Pressure (HighBP):Major risk factor for heart
disease and stroke, significantly affects global mortality and
healthcare costs [22].

• Asthma: Causes chronic inflammation of the airways, lead-
ing to severe breathing difficulties that affect work and phys-
ical activity, and result in high healthcare utilization [23].

• Cancer: Leading cause of death worldwide, cancer impacts
various body parts and necessitates extensive healthcare
support [24].

• Coronary Heart Disease (CHD): Most common type of
heart disease, leading to heart attacks and significant mor-
bidity [25].

• Chronic Obstructive Pulmonary Disease (COPD): In-
cludes a group of lung diseases that block airflow and make
breathing difficult, significantly reducing quality of life and
increasing healthcare costs [26].

• Depression: Leading cause of disability, this mental health
disorder decreases productivity and increases disability [27].

• Diabetes:Affecting blood sugar processing, diabetes is a ma-
jor cause of complications such as blindness, kidney failure,
heart attacks, and stroke [28].

• High Cholesterol (High Chol): Leads to atherosclerosis,
heightens the risk of CHD and stroke, and is a significant
silent risk factor for cardiovascular diseases [29].

• Kidney Disease: Causes gradual loss of kidney function,
linked to severe health complications and high medical costs.

• Obesity: Increases the risk of chronic diseases like diabetes,
heart disease, and certain cancers, and is a leading preventable
cause of death [30].

• Stroke: Leading cause of death and long-term disability,
occurring when blood flow to an area of the brain is inter-
rupted, necessitating extensive rehabilitation and imposing
significant healthcare costs [31].

Table 1 summarizes the descriptive statistics of 12 chronic out-
comes. Significant disparities in the prevalence and impact of the
health outcomes can be observed. High blood pressure and obesity
have the highest prevalence rates, with high standard deviations
indicating considerable variability across regions. High cholesterol,
arthritis, and depression show moderate prevalence, with arthri-
tis and high cholesterol showing similar variability, while depres-
sion has more regional variation. Cancer and kidney disease have
low prevalence and variability, suggesting a more uniform impact.
Asthma and stroke also show moderate prevalence with low vari-
ability, indicating stable distribution. This illustrates that while

some conditions like high blood pressure and obesity are wide-
spread with substantial variation, others like cancer and kidney
disease are more localized and consistent.

Fig. 2 represents the geographical locations of the extreme (min-
imum and maximum) prevalence rates of the 12 health outcomes.
Each location represents the centroid (latitude and longitude) of
a county. The blue circles present locations with minimum preva-
lence rates, while the red circles show locations with the maximum
prevalence rates. Maximums (and minimums) of multiple health
outcomes overlap at some locations, and the sizes of the bubbles
indicate the number of overlapping outcomes at each location, the
larger the bubble the higher is the number of health outcomes with
extreme values at that location. In Loving County, Texas (TX), there
are three minimum rates for asthma, cancer and kidney disease.
Conversely, in Todd County, South Dakota (SD) four maximum
rates are concentrated, corresponding to CHD, diabetes, kidney
disease, and stroke.

Table 1: Descriptive Statistics - Chronic Health outcomes

Health outcomes Mean Std.Dev (SD)

Arthritis 24.99 2.7
High BP 60.31 3.68
Asthma 10.38 0.99
Cancer 6.22 0.29
CHD 5.89 0.85
COPD 7.21 1.63
Depression 23.09 3.25
Diabetes 10.57 2.25
High Chol 31.33 2.31
Kidney 2.94 0.36
Obesity 37.46 4.52
Stroke 3.07 0.54

Figure 2: Extremes Prevalence of Chronic Health Outcomes

3.2 SDoH Indices
In this section, we review Social Deprivation Index (SDI) and Social
Vulnerability Index (SVI) for the initial illustration of our approach.
The SDI serves as a representative index that narrowly focuses
on socio-economic disadvantage, and the SVI as a representative
that includes broad characteristics beyond socio-economic con-
ditions that make communities more vulnerable. We considered
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Area Deprivation Index (ADI) and Neighborhood Deprivation Index
(NDI) as alternatives to SDI. However, the ADI may be both under
and over inclusive compared to the SDI. The ADI is over inclusive
because it contains multiple measures to model a single type of
disadvantage (for example, three measures for poverty and two
for education). At the same time, it is under inclusive because it
still focuses only on deprivation and disadvantage. A similar issue
arises with NDI, which focuses mostly on multiple metrics of disad-
vantage. Moreover, both the ADI and the NDI are estimated at the
level of census tracts, and as discussed in Section 3 for our initial
illustration we prefer county-level data. The SDI is parsimonious in
including disadvantage measures and estimated at the county level
as a more compact representation of social deprivation [32–34].

SDI evaluates area-level deprivation using seven metrics from
the American Community Survey (ACS) [14], while the SVI as-
sesses the capacity of communities to respond to external stresses
on public health such as natural disasters, economic downturns,
and disease outbreaks [13, 35]. In addition to social deprivation,
the SVI also introduces measures such as housing cost burden, lack
of health insurance, age-related vulnerabilities (for both elderly
and young), disability, language proficiency, housing structure type,
racial minority status, mobile homes, and group quarters [11]. In to-
tal, the SVI includes 16 measures, also collected from the American
Community Survey [36].

Table 4 provides a side by side comparison of the SDI and SVI
measures highlighting overlaps and key distinctions. Abstractly,
the SDI and SVI share 6 measures: poverty, education, unemploy-
ment, crowded units, single-parent households, and no vehicle. The
two indices, however, differ in how some of these are defined and
estimated. SDI considers individuals below 100% of the Federal
Poverty Level (FPL), whereas SVI uses a higher threshold of 150%
FPL, potentially identifying a larger group of economically vulnera-
ble people. Similarly, SDI and SVI both include unemployment, but
SVI defines it as non-employed persons aged 16 and older, while
SDI limits the age range to 16-64 years and includes people who
are not in the labor force. Each SDI and SVI measure is calculated
as a percentage of individuals or households or families exhibiting
that characteristic.

Table 2 summarizes descriptive statistics of SDI measures. Non
employment has the highest mean, and also the highest spread,
suggesting very high unemployment rates in some regions coupled
with very low unemployment rates in some others. On an average,
about one-fifth live in renter units, and the spread is more modest.
About one sixth live in poverty, and lack high school diploma.
Both measures have moderate standard deviations, which indicates
regional disparities. On an average, a very small percentage lack
access to a vehicle and live in crowded units. Both these measures
also enjoy low standard deviations, indicating low but uniform
impact. Single parent households fall somewhere in between the
highest and the lowest measures both for the mean and spread.
Fig. 3 represents the locations of the extremes of SDI measures.
The maximums and minimums do not overlap, and are distributed
across different counties, indicating that no county is particularly
replete with or significantly devoid of resources and opportunities.
Most of the lowest SDI measures occur in the Midwest, and neither
the maximums nor the minimums can be found in the West.

Table 2: Descriptive Statistics - SDI

SDI outcomes Mean Std. Dev (SD)

Poverty 15.11 6.33
Education 13.06 6.26
Non-Employed 46.52 21.06
Renter-Units 28.31 8.10
Crowded-Units 2.31 1.90
Single-Parent Households 12.40 4.10
No-Vehicle 6.13 3.64

Figure 3: Extremes of SDI Measures

Table 3 summarizes the descriptive statistics of SVI measures.
Percentages of population living in poverty and holding racial mi-
nority status have very high means and high standard deviations
suggesting that some counties may be homogeneous and afflu-
ent, whereas, some counties may house a sizeable racial minority
population living in poverty. Means of housing cost burden and
proportion of population under the age of 17 is also high, but the
standard deviation is comparatively modest suggesting that these
vulnerabilities are consistent and pervasive across the country. Fi-
nally, the percentage of population lacking education has a modest
mean and moderate variability. On the lower end, crowding, liv-
ing in group quarters, non employment, and single parent families
have low means with relatively low standard deviations, suggesting
that these vulnerabilities are less prevalent but more consistent
across regions. Fig. 4 represents the locations of the extremes of
SVI measures [16]. Similar to SDI, most extreme SVI measures are
spread but unlike SDI there is some overlap. New York, NY registers
highest values of two measures of vulnerability; lack of access to
a vehicle and multi-unit housing. Only one county in the south-
west (Loving County, TX) shows the lowest values with respect to
poverty and single-parent households.

Differences in how each index defines the measures manifest
as inconsistencies in their descriptive statistics in Tables 2 and 3.
For example, non employment is the SDI measure with the highest
mean, yet it is the SVI measure with the lowest mean, because SDI
computes this measure over a limited age range of 16-64 years,
whereas, SVI includes the entire adult population while calculat-
ing the percentage unemployed. Similarly, SVI’s more aggressive
definition of poverty raises the mean percentage compared to SVI.
Finally, the approach used by SDI to calculate the composite index
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Table 3: Descriptive Statistics - SVI

SVI outcomes Mean Std.Dev (SD)

Poverty 24.51 8.48
Non-Employed 5.15 2.53
Housing Cost Burden 22.24 5.21
Education 12.40 6.04
No Insurance 9.40 5.05
Age 65 and older 19.23 4.65
Age 17 and younger 22.13 3.48
Disability 16.00 4.50
Single Parent Households 5.88 2.38
English Proficiency 1.58 2.66
Racial Minority 23.68 19.92
Multi-Unit Structures 4.68 5.70
Mobile Homes 12.47 9.27
Crowded-Units 2.27 1.91
No-Vehicle 6.03 3.66
Group Quarters 3.39 4.34

Figure 4: Extreme Values of SVI Measures

differs from the approach used by the SVI to compose the aggregate
index [35].

Spatial spreads of SVI and SDI, analyzed using hot spots and cold
spots [37], represent areas with statistically significant clustering.
Hot spots indicate regions with high concentrations of SVI and
SDI indicate higher social vulnerabilities, while cold spots repre-
sent areas with low concentrations of SVI and SDI indicating lower
social vulnerabilities as shown in Fig. 5 and Fig. 6 respectively.
These figures reveal similar spatial distributions, with both indices
identifying significant hot spots in the southeastern states, such as
Alabama, Mississippi, and Louisiana, and parts of the Southwest, in-
cluding New Mexico and Arizona. Conversely, cold spots according
to both indices are predominantly found in the northern regions,
particularly in Midwestern states of Minnesota, North Dakota, and
Wisconsin. There is a notable 9.5% increase in the area of cold spots
for SVI compared to SDI which suggests that SVI may encompass a
broader range of challenges which the SDI does not fully capture.
Sizeable spatial overlap in hot spots between SVI and SDI can be
attributed to their shared variables, such as poverty, education, and
employment. Social deprivation may be thus a critical driver of
social vulnerability compared to other factors such as disability,
minority status, and language barriers.

Figure 5: SVI – Hot Spots and Cold Spots

Figure 6: SDI – Hot Spots and Cold Spots

Next, we formalize the spatial relationship observed visually us-
ing local bivariate analysis [37], which seeks to determine whether
the relationship between any two variables is statistically significant
and how their values depend on each other or vary over geographi-
cal space. It is conducted by calculating an entropy statistic in each
local neighborhood to measure how much information the two
variables share [37]. For the sake of convenience, we designate SVI
as the dependent variable, and SDI as the explanatory variable [38].
Each region is classified into the five types of relationships between
the SDI and SVI: (i) Positive Linear, (ii) Negative Linear, (iii) Positive
Concave, (iv) Positive Convex, and (v) Not significant.

As shown Fig. 7, the analysis classifies the 3041 counties into
four classes. Specifically, 2,479 counties, an overwhelming 80%
exhibit a positive linear relationship which is spread across the
United States, which indicates that in these areas, higher SVI is
associated with higher SDI. 135 counties demonstrated a concave
relationship which means that while SVI increases as SDI increases,
the rate of increase slows. Initially, higher SDI leads to significant
increases in SVI, but as deprivation continues to rise, its impact
on SVI becomes less substantial. Positive concave relationship was
mainly observed in the East South Central and East North Central
regions. 396 counties exhibited a convex relationship. A convex
relationship is the opposite of concave: the increase in SVI starts
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Table 4: SDI vs SVI

Social Deprivation Index (SDI) Social Vulnerability Index (SVI)

1. Poverty - % of individuals less than 100% FPL. 1. Poverty - % of individuals below 150% FPL.
2. Education - % of individuals 25 years or more with less than
12 years of education.

2. Education - % of individuals with no high school diploma
(age 25+).

3.Unemployment - % of non-employed individuals aged 16-64
years.

3. Unemployment - % of non-employed individuals aged 16+.

4. Crowded Units - % of occupied housing units with more
people than rooms.

4. Crowded Units - % of occupied housing units with more
people than rooms.

5. Single Parent - % of single-parent families with dependents
under 18.

5. Single Parent - % of single-parent households with children
under 18.

6. No Vehicle - % of households with no vehicle available. 6. No Vehicle - Percentage of households with no vehicle avail-
able.

7. Renter Units - % of households living in renter-occupied
housing units.

7. Housing Cost Burden - Percentage of housing cost-
burdened occupied housing units with annual income less than
$75,000.
8. No Health Insurance - % of uninsured in the total civilian
non-institutionalized population.
9. Persons 65 years of age or older - % of individuals aged 65
and older.
10. Persons 17 years of age or younger - % of individuals
aged 17 and younger.
11. Disability - % of civilian non-institutionalized population
with a disability.
12. English Language Proficiency - % of individuals (age 5+)
who speak English “less than well”.
13. Multi-Unit Structures - % of housing in structures with
10 or more units.
14. Racial Minority - % of minority (Hispanic or Latino (of
any race); Black and African American, Not Hispanic or Latino;
American Indian and Alaska Native, Not Hispanic or Latino;
Asian, Not Hispanic or Latino; Native Hawaiian and Other
Pacific Islander, Not Hispanic or Latino; Two or More Races,
Not Hispanic or Latino; Other Races, Not Hispanic or Latino).
15. Mobile Homes - % of mobile homes.
16. Group Quarters - % of individuals in group quarters.

slowly but then accelerates as SDI continues to rise. In these areas,
at low SDI, the impact on SVI is small, but as SDI increases, the
effect on SVI becomes more substantial. This pattern was observed
across theWest North & South Central and Middle & South Atlantic
areas. Only 31 counties do not show any significant relationship
between SDI and SVI. Finally, not a single county shows negative
linear relationship. The Pearson correlation coefficient between SDI
and SVI is 0.89, further supporting the strong positive relationship
in most regions.

SVI, being more comprehensive than SDI, is likely to be more
strongly linked to health outcomes. However, the use of SVI in pub-
lic health studies has raised legal concerns due to its inclusion of
race [39]. Should the use of SVI be prohibited, the relative strength
of associations between SDI and SVI must be understood to deter-
mine whether the SDI can serve as an alternative to SVI. Moreover,
whether the SDI and SVI can be used interchangeably across all the
health outcomes and also across the entire United States, or within

Figure 7: Bivariate Analysis – SVI and SDI

some narrow regions and a subset of the health outcomes needs
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to be determined. Our methodology can be used to explore these
questions and define the contours of such investigations.

4 RESULTS & DISCUSSION
Our comprehensive approach considers the associations between
SDI and SVI individually with each of the 12 chronic health out-
comes, with and without geography using a collection of 48 random
forest models. The coefficient of determination (𝑅2) of these models,
is summarized in Table 5. For all health outcomes, SVI shows higher
𝑅2, indicating better explanation of the associations between SDoH
and health outcomes. However, this improvement is moderated
by geography; incorporating geo-coordinates reduces the percent-
age improvement in 𝑅2 of SVI significantly, ranging from twice
to more than five times. We observe that the impact of SVI is not
uniform across all health outcomes; the greatest improvement of
about 20% is observed for cancer, a modest improvement of about
9% for kidney disease, obesity, arthritis, and COPD, and 6% or lower
improvement for the remaining health outcomes.

Because the SVI outperforms SDI, we choose the SVI to determine
the relative significance of the individual SDoH variables through
importance analysis. We organize the importance scores of the 16
SVI measures according to their sub themes as shown in Figure 8.
These sub themes include Socio-Economic Characteristics (SES),
Household Characteristics (HC), Racial Minority Status (RM), and
Access to Transportation & Housing (HT) as shown in Fig 8. A
normalized importance score for each sub theme is calculated by
pooling the scores for all the measures in each sub theme and
dividing the pooled score by the total number of measures in that
sub theme. We also introduce a fifth sub theme named “Place,” (PL)
which pools and normalizes the importance scores of latitude and
longitude. Fig. ?? shows the relative importance of the five sub
themes, and according to the most dominant sub theme, the 12
health outcomes can be classified into three groups.

Figure 8: SVI Themes

• Group 1: Geography/Place: For arthritis, high blood pres-
sure, asthma, obesity, and high cholesterol, geography/place
emerges as the most dominant sub theme. The three out-
comes (high blood pressure, obesity and high cholesterol)
that are precursors to coronary heart disease are dominantly
associated with geography rather than socio-economic sta-
tus unlike many other studies have shown [40]. The standing
of the four SVI sub themes relative to geography is similar
for all four chronic outcomes except high cholesterol. For

high cholesterol, the importance of place is heightened com-
pared to the other SVI sub themes, which also rationalizes
the lowest improvement shown by SVI over SDI. High blood
pressure also shows only a marginal improvement for SVI.

• Group 2: Racial Minority Status: Being a racial minority
has the highest impact for cancer, depression, diabetes and
kidney disease. Significant health disparities among different
racial minority groups may arise due to unequal access to
healthcare, chronic stress, and discrimination. The impact
of racial minority status is not uniformly pronounced across
the four health outcomes. Place is nearly as important as
racial minority status for depression and socio-economic
status is nearly as important as racial minority status for
diabetes and kidney disease. For cancer, racial minority status
overwhelmingly dominates the four other sub themes. This
also sheds light on why SVI shows the highest improvement
in explaining the associations between SDoH and cancer.

• Group 3: Socio-economic Status: For COPD, stroke and
CHD, socio-economic status is the most significant. Socio-
economic status presents a much higher association with
coronary heart disease compared to the other four sub themes,
however, for COPD the other four themes are not as in-
significant, in fact racial minority status falls right below
socio-economic status.

Other than racial minority status, place and socio-economic sta-
tus emerge as the most important SDoH drivers for many health
outcomes, which indicates that the physical and social environment
and economic conditions, such as income and education, play a cru-
cial role in a person’s health. Although the two other sub themes of
SVI, namely, housing costs and access to affordable transportation
are linked to chronic health outcomes, they never appear as the
topmost predictors. Overall, our results underscore the necessity of
considering the moderating effect of place on producing an accu-
rate picture of how social determinants influence health outcomes.
Moreover, SDI may be a viable alternative to SVI at least for those
health outcomes where SVI offers only marginal improvement, and
in those regions where there is a significant overlap between the
two indices.

5 RELATED RESEARCH
In this section, we summarize related works that link social depri-
vation and social vulnerability indices to health outcomes.

Many studies have shown that SDI is closely associated with a
range of adverse health outcomes such as cardiovascular disease
and related mortality [41], diabetes and respiratory diseases [42, 43],
cancer [44, 45], and arthritis [46]. Social deprivation is also linked
to mental health disorders, including depression and anxiety, as it
often leads to psychological stress, likely due to the compounding
effects of economic hardship and social isolation [47].

Although the SVI was conceived to assess the resilience of a com-
munity to man-made and natural disasters [16], recent studies have
linked the SVI to health outcomes [48–51]. SVI has been shown to
relate to heart disease [52], heart disease related mortality among
individuals with diabetes particularly younger adults [53, 54], el-
evated mortality rates from cancer [55, 56] and asthma-related
hospital visits and higher asthma prevalence [57, 58]. SVI is further
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Table 5: Performance Comparison of Random Forest Models

Health RF Baseline RF + Geo-Coordinates

Outcomes Mean SVI SDI % Gain SVI SDI % Gain
R-Squared R-Squared R-Squared R-Squared

Arthritis 24.98 0.72 0.59 22.03 0.81 0.74 9.46
High BP 32.78 0.82 0.73 12.33 0.91 0.88 3.41
Cancer 6.22 0.82 0.50 64.00 0.89 0.75 18.67
Asthma 10.38 0.60 0.46 30.43 0.78 0.74 5.41
CHD 5.89 0.86 0.77 11.69 0.88 0.83 6.02
COPD 7.21 0.86 0.72 19.44 0.90 0.83 8.43
Depression 23.09 0.61 0.36 69.44 0.75 0.71 5.63
Diabetes 10.57 0.91 0.80 13.75 0.93 0.87 6.90
High Chol 31.33 0.50 0.45 11.11 0.75 0.73 2.74
Kidney 2.94 0.94 0.84 11.90 0.95 0.87 9.20
Obesity 37.46 0.61 0.47 29.79 0.72 0.66 9.09
Stroke 3.07 0.93 0.85 9.41 0.94 0.88 6.82

linked to mortality and cognitive impairment in older adults, even
after adjusting for age, sex, and frailty [50, 59–61]. Few studies also
consider sub themes of the SVI, reporting that socio-economic sta-
tus and household composition and disability were most strongly
associated with poor postoperative outcomes among patients [62].
The relationship between social vulnerability and COVID-19 out-
comes have also been studied, finding that increased social vulner-
ability correlates with higher rates of COVID-19 cases [63], and
incidence [64, 65].

Despite the extensive use of SDI and the emerging use of SVI to
associate SDoHwith health outcomes, very few works directly com-
pare the SDI and SVI [12]. Our research fills this gap by comparing
the relative strengths of the SDI and SVI in explaining the associ-
ations between social determinants and age-adjusted prevalence
rates of 12 chronic health outcomes while adjusting for geography.
It identifies a subset of chronic health outcomes and regions for
which the SDI may be a viable alternative to SVI in understanding
how social determinants shape chronic health.

6 CONCLUSION AND FUTURE RESEARCH
This paper presents a ML based approach to compare the relative
strengths of SDoH indices in explaining the associations between
social determinants and a range of chronic health outcomes while
controlling for geography. The approach exploits the flexibility of-
fered by random forests, an ensemble learning paradigm to consider
different types of covariates in a single framework. The method-
ology is illustrated by comparing the relative merits of the Social
Deprivation Index (SDI) and Social Vulnerability Index (SVI) in
explaining the associations between social determinants and age-
adjusted prevalence rates of 12 chronic health outcomes from the
CDC PLACES project. Our results indicate that the SVI, although
conceived to assess the resilience of communities to natural and
man-made disasters, is more effective at explaining these associ-
ations. However, the relative strength of the SVI over SDI varies
across the chronic health outcomes. These findings, combined with
the spatial relationships between the SDI and SVI suggest that the
SDI may be used in place of SVI for those health outcomes where

the improvement is low to modest, and in regions where there is a
strong positive relationship between these two indices. This finding
is significant especially because the SVI may be banned from public
health studies due to its inclusion of race as a component measure.
The importance scores of the SVI measures are normalized into its
four sub themes, with geography being introduced as the fifth sub
theme. The health outcomes are then classified into three groups,
depending on which sub theme emerges as the most dominant. The
first group ties chronic health outcomes to place/geography as the
dominant sub theme, the second group ties them to racial minority
status, and the third group ties them to socio-economic conditions.
The emergence of geography/place as one of the dominant sub
themes alongside SDoH measures underscores the value of our
approach which allows an integrated consideration of geography
with SDoH measures to honestly assess their relevance.

Our future research involves applying our approach on other
indices such as the Area Deprivation Index (ADI) and Neighborhood
Deprivation (NDI), for a more detailed census-tract level analysis.
We also plan to investigate how SDoH measures can be linked to
health-risk behaviors and the use of preventive health services.
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