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Abstract

Objective: To derive and validate a new ecological measure of the social
determinants of health (SDoH), calculable at the zip code or county level.

Data Sources and Study Setting: The most recent releases of secondary, publicly
available data were collected from national U.S. health agencies as well as state and
city public health departments.

Study Design: The Social Vulnerability Metric (SVM) was constructed from U.S.
zip-code level measures (2018) from survey data using multidimensional Item
Response Theory and validated using outcomes including all-cause mortality (2016),
COVID-19 vaccination (2021), and emergency department visits for asthma (2018).
The SVM was also compared with the existing Centers for Disease Control and
Prevention's Social Vulnerability Index (SVI) to determine convergent validity and
differential predictive validity.

Data Collection/Extraction Methods: The data were collected directly from pub-
lished files available to the public online from national U.S. health agencies as well as
state and city public health departments.

Principal Findings: The correlation between SVM scores and national age-adjusted
county all-cause mortality was r = 0.68. This correlation demonstrated the SVM's
robust validity and outperformed the SVI with an almost four-fold increase in
explained variance (46% vs. 12%). The SVM was also highly correlated (r > 0.60) to
zip-code level health outcomes for the state of California and city of Chicago.
Conclusions: The SVM offers a measurement tool improving upon the performance
of existing SDoH composite measures and has broad applicability to public health
that may help in directing future policies and interventions. The SVM provides a sin-

gle measure of SDoH that better quantifies associations with health outcomes.

KEYWORDS

biostatistical methods, determinants of health/population health/socioeconomic causes of
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1 | INTRODUCTION

1.1 | Importance of social determinants of health

Social determinants of health (SDoH) include the multifaceted set of
social, economic, and demographic conditions that impact people's
health and well-being.* These conditions include, for example, place of
residence, education, economic stability, work opportunities, leisure
activities, social interactions, health care access, housing, transportation,
racism, language and literacy, and access to healthy foods and commu-
nity resources.’> At least one study has found that 80%-90% of the
modifiable contributors to population health outcomes are related to
socioeconomics, health-related behaviors, and environmental factors.®
SDoH are shaped by the distribution of power and resources across
multiple levels (global, national, and local) and contribute to health dis-
parities and inequities.** Studies that measure the association between
SDoH and health and wellbeing have shown that medical care alone
cannot eliminate health disparities. Limited access to resources, whether
due solely to economic factors or combinations of factors, is associated
with adverse health outcomes. Resources that increase the quality of life
can significantly improve population health outcomes.® Examples
include access to safe and affordable housing, educational opportunity,

public safety, healthy foods, and emergency health services.

1.2 | Previous composite measures from publicly
available data

Valid measurement of SDoH can help policy makers accurately target
their interventions and programs to communities facing the greatest
social vulnerability and can help researchers better evaluate not only
the role of SDoH but other risk factors in etiologic research. The
Centers for Disease Control and Prevention (CDC) Social Vulnerability
Index (SVI) is a widely used approach to measuring SDoH. The CDC's
SVl is a composite measure that uses US Census data for 15 social fac-
tor variables to aid local officials in identifying communities at risk for

the potential negative effects of external stresses on human health,

What this study adds

e Introduces the Social Vulnerability Metric (SVM) as a new measure of social vulnerability.

What is known on this topic

e Social determinants of health (SDoH) impact people's health and well-being.

e SDoH can contribute to health disparities and inequities.

e Valid measurement of SDoH can help accurately target interventions for communities facing

the greatest social vulnerability.

e The SVM was derived from SDoH variables from multiple nationally representative public
databases using multidimensional Item Response Theory.

e The SVM provides a higher level of precision than existing SDoH metrics in estimating a geo-
graphic index of social vulnerability.

such as natural/human-caused disasters or disease outbreaks.” The SVI
relies on census tract level data to construct overall community
rankings based on variables organized according to four themes:
(1) “Socioeconomic Status” including percentages below poverty,
unemployed, income, no high school diploma; (2) “Household Composi-
tion & Disability” including proportions aged 65 or older, aged 17 or
younger, civilian with a disability, single-parent households; (3) “Minority
Status & Language” including proportions minority and speaks English
“less than well,” and (4) “Housing Type & Transportation” including
proportions multi-unit structures, mobile homes, crowding, no vehicle,
and group quarters. As described by Flanagan and colleagues (2011), in
order to construct the SVI, each of these variables was ranked from
highest to lowest across all U.S. census tracts with the exception of per
capita income.? Alternatively, per capita income was ranked from low-
est to highest as higher values reflected less vulnerability. Then, a per-
centile rank was calculated over each of these variables for every
census tract. A percentile rank at the tract-level was calculated for each
of the four domains based on a sum of the percentile ranks of the vari-
ables that made up each domain. Finally, a composite percentile rank
for each tract was determined by summation of all the domain percen-
tile rankings. The process of percentile ranking described above was
then repeated for individual states. While the SVI was originally
designed to assist public health officials and emergency response plan-
ners identify and target communities that will most likely need support
before, during, and after hazardous events, use of the SVI has become
more widespread as researchers have started to apply the SVI to better
understand the associations between SDoH factors and other salient

public health outcomes like obesity.”

1.3 | A new methodological approach

This study introduces a new measure of social vulnerability, the Social
Vulnerability Metric (SVM). The SVM was derived from a large set of
SDoH variables from multiple nationally representative public use
administrative databases, and the SVM was constructed using muiltidi-

mensional Item Response Theory (MIRT), which is a statistical model of
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measurement which provides a higher level of precision than existing
SDoH metrics in estimating a geographic index of social vulnerability,
across the entire range of social vulnerability. It does this by estimating
parameters related to each of the SDoH variables which (1) describe the
strength of association between the specific variable or item, and the pri-
mary SDoH latent variable, which we call the SVM, (2) the relationship
between each item and it's underlying subdomain (demographic, educa-
tion, economic, physical infrastructure, and health care), and (3) the
degree of vulnerability assessed by each item. This contrasts with the
usual approach taken in constructing the CDC's SVI and related measures
such as the Area Deprivation Index (ADI),'° which give equal weight to all
variables (items) regardless of whether they are actually related to the
underlying social vulnerability variable, or the degree of vulnerability asso-
ciated with the item. We expect that the MIRT approach will yield higher
precision of measurement and as a consequence greater association with
health outcomes than the traditional measures.

First, we describe the development of the SVM. Second, we com-
pare the SVM and the SVI at the county level to each other, and then
compare their predictive accuracy in terms of associations with all-
cause age-adjusted mortality rates. Third, we examine the associations
between the SVM and two additional independent public health data
sources with zip-code level data: California COVID-19 vaccination
rates and age-adjusted emergency department visits for asthma, and
Chicago COVID-19 mortality and vaccination rates.

2 | METHODS

2.1 | Derivation of the SVM

To develop the SVM, we used the most recent data from 2018 in the
federal, publicly available Agency for Healthcare Research and Quality
(AHRQ) SDoH Database.** The AHRQ SDoH Database is a dataset of
SDoH variables from data sources spanning 2009 to 2018, including
over 200 SDoH variables derived from 17 publicly available data
sources (e.g., American Community Survey). The data are available at
the level of the Zip Code Tabulation Area (ZCTA). There are approxi-
mately 42,000 zip codes and 33,000 ZCTAs in the US. They differ
because ZCTAs reflect only populated areas. For example, zip codes
that only include PO boxes are not included in ZCTAs. Future releases
of the AHRQ dataset, will include tabulations by county, ZCTA, zip
code, and census tract block groups for 2020, and we will provide
SVM scores for each of them based on our calibrated model described
here. Full details of these 17 data sources and the methodology for
their inclusion into the AHRQ SDoH Database is described in the
AHRQ Data Source. The large item bank in the AHRQ SDoH Data-
base can be linked to other data sources by geography at both the
county and zip-code levels. For this analysis, we selected variables
corresponding to five key SDoH domains: (1) demographic (e.g., age
and race/ethnicity), (2) education, (3) economic context
(e.g., unemployment rate), (4) physical infrastructure (e.g., housing and

transportation), and (5) health care (e.g., health insurance coverage).

Following review, we reduced the 200+ SDoH item bank to 94 items
that were relevant to these five key domains and provided quantifi-
able measures (e.g., percentage) of zip-code-level community charac-
teristics (e.g., percentage with bachelor's degree, living below poverty

level, disabled, vacant homes, etc.).

2.2 | Constructing the model for the SVM

We fit a bifactor MIRT model to our reviewed set of 94 variables
in order to provide a single-value SVM score. Item response theory
models attempt to explain the relationship between unobservable
characteristics, or latent traits, and observed characteristics or
“items.” Rather than accounting for a single latent construct, MIRT
permits evaluating multiple constructs relevant to the outcome(s).
To accommodate the multidimensionality of SDoH, we used a full-
information item bifactor model.*>"** The bifactor model was the
first confirmatory item factor analysis model, originally introduced
for measurement data by Holzinger and Swineford (1937)*° and
adapted to item response theory (IRT) by Gibbons and Hedeker
(1992).'2 To construct the SVM, we used a previously validated
modeling approach that extends the bifactor model to the case of
polytomous data with more than two distinct categories.® In con-
trast to the traditional unrestricted item factor analysis model
where all items load on all dimensions, the bifactor model imposes
restrictions on the traditional item factor analysis model of Bock
and Aitkin (1981)* by requiring that each item loads on a primary
dimension (e.g., SDoH) and only one subdomain (e.g., physical infra-
structure). The subdomains used alongside the primary dimension
must be prespecified, and this restriction on the item factor analy-
sis model reduces the dimensionality of the integration problem to
two, regardless of the number of subdomains, which is a major
computational advantage, while at the same time, preserving the
multidimensionality of the construct. In the bifactor model, the cor-
relation between items is based on the items' correlation with all
other items through the primary dimension and residual correlation
among the items from that specific subdomain. Technical details of
the bifactor model are provided in the Appendix S1.

We purposely did not include race/ethnicity as items in the deri-
vation of the SVM. In this way, valid comparisons of SVM scores are
possible between racial and ethnic groups, as are provided in the fol-
lowing, where we compared SVM distributions between communities
with varying levels of White, Black, and Hispanic population propor-
tions (Figure S1).

2.3 | Model calibration

Initially, the bifactor model was applied to data including 94 SDoH
variables representative of 33,120 ZCTA codes. While the bifactor
model can accommodate missing data, under the very general

assumption of missing at random,*” we decided to eliminate ZCTAs
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that were missing 44 or more items (i.e., 50 or more items are

reported), to ensure that we could get precise SVM scores for all
ZCTAs used in our analyses. This led to removal of approximately 1%
of the ZCTAs. Items with loadings less than 0.4 on the primary dimen-
sion were removed to arrive at a final variable set consisting of
24 items described in Table 1 that were used for the final model cali-
bration. The 0.4 threshold has previously been used in bifactor model-
ing.*® The loadings are bounded by —1 and 1. The 24 items formed a
bifactor pattern with high loadings on the primary dimension (>0.40).
Items with positive loadings are associated with increased vulnerabil-
ity, and items with negative loadings are associated with decreased
vulnerability. A likelihood ratio chi-square statistic was used to assess

improvement in fit of the bifactor model over a simple unidimensional

IRT alternative.

24 | SVM score

In terms of scoring, interest is typically centered on the primary
dimension designed to integrate all the subdomain information and
preserve multidimensionality. An advantage of the bifactor model
over both traditional factor analysis and unrestricted item factor
analysis is that the bifactor loadings are rotationally invariant, greatly
simplifying interpretability of the model estimates. Unlike traditional

TABLE 1 Bifactor model factor loading estimates for the Social Vulnerability Metric
Health
Item Primary  Social Economic  Education Infrastructure Care
Percentage of civilian veterans with a disability (ages 18-64) 0.67 0.04
Percentage of families with children that are single-parent families 0.52 -0.27
Percentage of population divorced or separated (ages 15 and over) 0.49 -0.23
Percentage of children living with a grandparent householder (ages 17 041 -0.14
and under)
Percentage of households with any internet connection -0.82 -0.46
Percentage of households without a computer 0.77 0.53
Percentage of households with a smartphone with no other type of 0.6 -0.09
computing device
Percentage of employed working in finance and insurance, real estate, —0.46 0.38
and rental and leasing
Percentage of employed working in professional, scientific, -0.44 0.61
management, administrative, and waste management services
Percentage of population with income to poverty ratio: 1.25-1.99 0.78 0.29
Median household income (in dollars, inflation-adjusted to file data -0.91 —-0.06
year)
Percentage of population with a bachelor's degree (ages 25 and over) -0.75 0.48
Percentage of population with a master's or professional school degree -0.64 0.48
or doctorate (ages 25 and over)
Percentage of population with only high school diploma (ages 25 and 0.54 -0.64
over)
Percentage of population with less than high school education (ages 25 0.75 0
and over)
Median home value of owner-occupied housing units -0.76 -0.1
Percentage of housing units that are mobile homes 0.56 0.31
Percentage of housing units vacant 0.45 0.46
Convenience stores per 1000 people 0.49 0.7
Percentage of population with any Medicaid/means-tested public 0.74 0.52
health insurance coverage
Percentage of population with any private health insurance coverage -0.83 -043
Percentage of population with employer-based health insurance —-0.75 —-0.33
Percentage of population with Medicare, Medicaid, TRICARE/military, 0.76 0.64
U.S. Department of Veterans Affairs (VA) coverage only
Percentage of population with no health insurance coverage 0.55 -0.03

Note: Agency for Healthcare Research and Quality Social Determinants of Health 2018 (24 measures). Loadings = correlations (—1 to 1), manifest

variables, and the latent variable.
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factor analysis of measurement data, the bifactor IRT model also
includes k-1 threshold parameters where k is the number of categories
for the manifest item responses. This relaxes the assumption of an
interval scale of measurement such that every additional unit/interval
increase of the SVM score does not have to reflect a uniform magni-
tude of increased/decreased social vulnerability. While many of the
SDoH variables are measured on a continuous scale, we transformed
them to quintiles for analysis and scoring, similar to previous methods
applying the bifactor model to a mix of clinical and biological vari-
ables.?? The scores for the primary dimension of SDoH are Bayes
expected a posteriori (EAP) estimates that are expressed on an under-
lying unit normal (N(0,1)) scale and can be transformed to percentiles
using an inverse normal transformation. We computed the empirical
reliability of the test as the ratio of the empirical variance of the test
(expected value = 1.0, true score variance) to the total variance, or
the empirical variance plus the posterior variance of the estimator
(error variance). Empirical reliability more than 0.9 is considered excel-
lent, providing a high level of confidence that the domain intended is
actually being measured.'* In the final SVM scale, higher scores repre-

sent increased social vulnerability.

2.5 | SVM validation

To validate the SVM and assess its performance, we conducted four
analyses. First, we tested for convergent validity against the CDC's
SVI, which is reported at the county-level. To permit the comparison,
we aggregated the ZCTA SVM estimates to the county level using the
United States Census Bureau Relationship Files ZCTA-County ND
ZCTA-MSA crosswalks based on the 2010 census.?® Aggregation was
done by taking a population-weighted average of SVM scores across
all ZCTAs assigned to a particular county. ZCTA population estimates
were also obtained from US Census data.

Second, we obtained all-cause age-adjusted mortality data from
the CDC Wide-ranging Online Data for Epidemiologic Research data-
base for 2016 at the county level. Population weighted correlations
between the SVM and the mortality data at the county level were
computed, so that very small counties with higher uncertainty in the
mortality rates and SVM scores would not unduly influence the over-
all correlation. We also repeated this analysis with the CDC's SVI” and
compared the strength of association between the SVM and SVI with
all-cause age-adjusted mortality. The SVI produces an overall ranking
that is expressed as a percentile for each US county. For comparabil-
ity, we transformed the SVM to a percentile. While it would also be of
interest to compare the SVM to the ADI, the ADI is only available at
the census tract block group, and the authors do not recommend
aggregation which would permit comparison to our various health
outcomes. To determine if our results for the total US population
would be preserved in geographic areas with higher proportions of
minority populations, we repeated the analysis in those counties with
25% or more Black residents.

Third, we obtained data from the Chicago Department of Public
Health on COVID-19 mortality and first vaccination rates through

June 19, 2021 (end of the alpha wave in Chicago). The data represent
58 zip codes in the Chicagoland area. COVID-19 mortality was
expressed per 100,000 residents. Vaccination rates were cumulative
percentages of residents with at least one vaccine. The associations
between the SVM scores and COVID-19 mortality and vaccination
rates were also assessed using population weighted correlations.

Fourth, we obtained state-wide data from the California Health
and Human Services Agency (CHHS) on COVID-19 vaccination rates
and emergency department visits for asthma. The data represent
1512 zip codes across the state of California (USA). Vaccination rates
were cumulative percentages of residents with at least one vaccine or
who completed the full course of vaccination through June 19, 2021,
and emergency department visits for asthma were from 2018. The
associations between the SVM scores and asthma emergency depart-
ment visits and vaccination rates were assessed using population
weighted correlations.

This study was reviewed by The University of Chicago Institu-
tional Review Board and was determined to be exempt as it relied on
publicly available data.

3 | RESULTS

The bifactor model significantly improved the fit over the unidimen-
sional alternative (chi-square = 6455.87, df = 24, p < 0.0001). There
was high empirical reliability of 0.93. The SVM demonstrated conver-
gent validity against the existing CDC's SVI with a correlation
between the SVM and the SVI of 0.68 (weighted by population).

3.1 | All-cause age-adjusted mortality

The SVM demonstrated predictive validity with a correlation 0.68
(weighted by population) with all-cause age-adjusted mortality. Rates
ranged from 550/100,000 for the most socially advantaged counties
to 1050/100,000 for the most socially vulnerable counties as repre-
sented by the SVM (Figure 1). The weighted correlation for mortality
rates with the CDC's SVI score was 0.34. The SVM accounts for 46%
(r? = 0.46) of the variability in all-cause age-adjusted mortality,
whereas the CDC's SVI accounts for 12% (r? = 0.12) (Figure 1). The
high correlation between the SVM and all-cause age adjusted mortal-
ity persisted when restricted to the 426 counties with 25% or more
Black residents (r = 0.64).

3.2 | State of California COVID-19 vaccination
rates and emergency department (ED) visits for
asthma

In state-level data from California (USA), SVM correlations across the
1512 zip-codes with COVID-19 vaccination data (out of 1741 zip-
codes total) were r = —0.68 for one or more COVID-19 vaccinations

and r = —0.70 for completion of full vaccination (Figure 2, Panel A).
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Across the social vulnerability gradient, vaccination rates ranged from
just below 80% for those estimated with the SVM to be exposed to
the least social vulnerability to slightly above 30% for those estimated
to be exposed to the most social vulnerability. For age-adjusted ED
visits for asthma, SVM correlations were r = 0.62 for California resi-
dents 0-17 years old and r = 0.60 for adults in California aged 18 or
more years (Figure 2, Panel B). For the younger age group
(0-17 years), ED visit rate ranged from about 30/10,000 for California
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FIGURE 1 Social Vulnerability Metric (SVM) and the Center for

Disease Control and Prevention Social Vulnerability Index correlations
with all-cause age-adjusted mortality. r, correlation coefficient; SVI,
Social Vulnerability Index; SVM, Social Vulnerability Metric. Centers
for Disease Control and Prevention Wide-ranging Online Data for
Epidemiologic Research data all-cause age-adjusted mortality. [Color
figure can be viewed at wileyonlinelibrary.com]
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residents of the most socially advantaged communities to more than
120/10,000 for California residents of the most socially vulnerable
communities as represented with the SVM. For the older age group
(18+ years), ED visit rate ranged from about 10/10,000 for California
residents of the most socially advantaged communities to approxi-
mately 70/10,000 for California residents of the most socially vulner-

able communities as represented with the SVM.

3.3 | City of Chicago COVID-19 mortality and first
vaccination rates

With respect to COVID-19 mortality and vaccination rates in Chicago,
the population weighted SVM correlations across the 58 zip codes
were r = 0.71 for COVID mortality and r = —0.85 for first vaccination
rates (Figure 3). First vaccination rates ranged from 80% for those
estimated with the SVM to be exposed to the least social vulnerability
to 30% for those estimated to be exposed to the most social vulnera-
bility. Conversely, COVID mortality rates varied from 50 per 100,000
for those estimated with the SVM to be exposed to the least social
vulnerability to 300 per 100,000 for those estimated to be exposed to

the most social vulnerability.

3.4 | Race and ethnicity
Finally, we examined the relationship between SVM and race/ethnic-
ity. Figure S1 indicates a higher likelihood of experiencing social

vulnerability for non-White populations, particularly African Americans

Panel B: State of California Emergency Department Visits for Asthma
Stratified by Age Group

Rate per 10,000
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SVM versus COVID-19 vaccinations (Panel A) and age-adjusted emergency department visits for asthma (Panel B) in the state of

California (USA). Lowess plots of the proportion of 21 and full COVID vaccination (Panel A) and the rate of age-adjusted emergency department
visits for asthma in the state of California (Panel B). Data analyzed on COVID vaccinations extended through June 19, 2021. Data from 2018
were analyzed for emergency department visits for asthma. Panel B represents the visit rate per 10,000 individuals for age groups 0-17 years and
adults 18+ years. r, correlation coefficient; SVM, Social Vulnerability Metric. Authors' analysis of zip-code level data from the California Health
and Human Services on 21 and full COVID vaccinations and age-adjusted emergency department visits for asthma. [Color figure can be viewed at

wileyonlinelibrary.com]
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Panel A: City of Chicago COVID Mortality Rate
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FIGURE 3

Panel B: City of Chicago COVID First Vaccination Rate
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SVM versus COVID mortality rate (Panel A) and COVID first vaccination rate (Panel B) in the city of Chicago. Lowess plots of

COVID mortality (Panel A) and proportion of COVID first vaccinations (Panel B). r, correlation coefficient, SVM, Social Vulnerability Metric.
Authors' analysis of zip-code level data from the Chicago Department of Health on COVID mortality and vaccine initiation through June
19, 2021. Data are reflective of 58 Chicago, lllinois (USA) zip codes. [Color figure can be viewed at wileyonlinelibrary.com]

in the United States. Across the range of lower SVM scores, below
zero, the average representation of African Americans is approximately
5%. However, the representation of African Americans increases from
approximately 10% at a SVM score of zero to 60% for the highest SVM
scores. (Figure S1).

4 | DISCUSSION
We present a new approach to estimating a composite SDoH metric
for geographic areas using MIRT, which preserves the multidimension-
ality of the SDoH construct. We validated the SVM within three sepa-
rate datasets collected by distinct national, state, and city public
health agencies representing different levels of geographic scale. The
SVM was strongly related (r = 0.60 in absolute value) to all outcomes
assessed displaying its broad applicability to real-world public health
data. At a national level, for all-cause age-adjusted mortality, we
observed an almost two-fold increase in the mortality rate of
550/100,000-1020/100,000 across the SVM gradient. At a state
level, in California, vaccination rates were almost three times higher in
residents of the 10% least vulnerable areas relative to the 10% most
vulnerable communities. Finally, at the city level, in the Chicagoland
area, more socially vulnerable communities experienced six times the
rate of COVID-19 mortality compared to less socially vulnerable com-
munities (300/100,000 vs. 50/100,000 respectively) and a much
lower first vaccination rate (32% vs. 79%, respectively). Although the
SVM and SVI were strongly correlated (r = 0.68), the SVM outper-
formed the SVI in terms of predicting age-adjusted all-cause mortality,
with an almost four-fold increase in explained variance (46% vs. 12%).
With an individual's zip code or ZCTA, the SVM provides an estimate
of SDoH affiliated with their local environment that can be deter-
mined as a single score and/or percentile.

There are of course limitations of the current study. First, the

SVM items are based on national survey data from 2018 and as such

will need to be updated as new data become available. Second,
aggregation from zip code to county is complicated by borders that
are not always aligned between zip codes, census tracts, and
counties. The granularity of the geographic data analyzed will involve
tradeoffs that may improve the estimate of an individual's environ-
mental social vulnerability, or alternatively introduce unwarranted
variability. For example, Cook County in Chicago represents a wide
range of communities that have extremely heterogeneous levels of
social vulnerability as expressed by wide variation in SVM scores.
A county-level SVM score simply averages over this variability with
corresponding loss of information and precision. New data from
AHRQ will soon be released for 2020 and will directly include census
tract block group, zip code, ZCTA and county level data, for which
we will compute SVM scores and percentiles. These data will
be made freely available at http://socialvulnerabilitymetric.com/.
[Correction added on 7 December 2022, after first online publica-
tion: the URL ‘www.adaptivetestingtechnologies.com’ in the preced-
ing sentence has been changed to ‘http://socialvulnerabilitymetric.
com/’.] Third, race and ethnicity are not a part of the SVM score.
However, this is also a strength of the SVM when assessing SDoH.
Given the high level of collinearity between health-related social
needs and race/ethnicity, the SVM was developed to be a metric
that could focus specifically on SDoH independently of race/ethnic-
ity. There were racial and ethnic differences in SVM score distribu-
tions. The most socially vulnerable communities had a much higher
percentage of African American residents and to a lesser extent His-
panic residents, whereas the least socially vulnerable communities
were predominantly White. Future research is needed to further
delineate the relationships between race/ethnicity and SDoH and
their impact on health. Finally, a ZCTA SDoH measure is representa-
tive of a complex range of factors impacting both the individual and
the larger community context. A person living in a socially vulnerable
community, may not experience the negative effects of social vul-

nerability because of their own resources, other support systems,
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resilience, or other social and cultural factors. The community-level
SVM represents both a community context and a noisy measure of
SDoH for the individuals in the community.

In summary, we have developed a model-based measurement
system for small area social vulnerability estimation, that allows us to
precisely measure SDoH at the ZCTA level. Using similar features as
extant SDoH measures (e.g., CDC's SVI), we are able to boost the
strength of association with health outcomes, notably age-adjusted
all-cause mortality by a factor of four in terms of explained variation.
Although we began with a much larger item bank than the SVI,
200 items distilled to 94 items based on review, and then further dis-
tilled to 24 items based on bifactor model parameter estimates, ulti-
mately there is a similar number of items (24 vs. 17) between the
SVM and SVI. As such, it is not the number of items that drives the
increased predictive accuracy, but rather the model-based measure-
ment that improves precision and predictive accuracy. A further
advantage of model-based measurement using MIRT, is that as new
SDoH variables emerge, they can be calibrated with the existing item
bank, and used to generate SVM scores and percentiles that can be
interpreted in the same metric. The same is not true for the traditional

approach to scoring based on classical test theory.

5 | POLICY AND PRACTICE IMPLICATIONS

Our SVM explains more variation in health outcomes than CDC's
widely used SVI. Within public health policy, there is a recognized need
for new methodological approaches to the measurement of SDoH.?%22
Optimizing SDoH measurement for accuracy and the capability to
reflect the real-world contexts in which individuals live is of extreme
importance to: (1) understanding the extent to which SDoH are associ-
ated with health and health care, (2) developing programs to address
disparities, and (3) improving adjustment for the SDoH when carrying
out research examining other contextual or individual factors. Public
health organizations (at local, state, and national levels) along with
health systems delivering health care across the country are grappling
with ways of assessing and intervening on SDoH to improve health
outcomes. In the public sector, investments to generate and expand
datasets such as the AHRQ SDoH Database®* are ongoing, and several
large commercial health insurers have invested in predictive analytics to
expand their abilities to address SDoH.2*

A systematic review of the literature describing the construction
of geographic indices of socioeconomic disadvantage highlighted that
the United States has lagged behind European nations where govern-
ment agencies have leveraged health data to target high-needs popu-
lations for decades.?* There is no consensus about how to best do
this in the United States. An additional challenge has been that the
metrics developed to date rely on different geographic scales. Such
metrics are tied to the geographic scale inherent to their original
design, which was influenced by data availability, quality, and the spe-
cific motivating application. In contrast, we designed the SVM to
accommodate various geographic scales and produce reliable esti-

mates across them. Therefore, the SVM is poised to evolve alongside

emerging data sources and insights about what are the most appropri-
ate levels for targeted health interventions.

To date, SDoH have not been integrated into health regulatory
frameworks to improve health and tackle inequity.?> A cultural shift
has begun where sectors across the health care system contend with
food insecurity, housing instability, access to transportation, etc., as
critical challenges specifically termed “comorbidities.”2° Critical stake-
holders including the Centers for Medicare and Medicaid Services,
state policy makers, and private-sector entities require the develop-
ment of measurement tools that are as dynamic as the societal con-
texts, policies, and demographic shifts they must adjust to, such as the
development of better models for improving population health and
delivering both quality-focused and equity-focused care.?>?% In a
country faced with rampant health disparities, supportive metrics like
the SVM can assist with risk assessment, equitable allocation of
resources, and improving health equity. Through model-based mea-
surement, the SVM enhances existing data-informed approaches to
incorporating SDoH that could lend insights into targeting interven-
tions to the most socially vulnerable communities.?”
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