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Abstract.  This article provides a comparative assessment of three commonly used measures of 
area-level socio-economic status: Graham Social Deprivation Index (SDI), Neighborhood Atlas 
Area Deprivation Index (ADI), CDC Social Vulnerability Index (SVI).  We assess their ability to 
predict a variety of health outcomes and compare them to two simpler measures, the Townsend 
Deprivation Index (TDI) and population percent in poverty (Poverty), at the county, zip-code, 
Census-tract, and Census-block-group levels.  We do not know how hypothetical true area-SES 
would predict these outcomes.  However, all measures appear valid, at zip-code, tract, and block-
group levels, in that they predict health outcomes, controlling for age, gender, race/ethnicity, and 
comorbidities.  Predictive power is comparable for SDI, SVI, and a standardized version of ADI, 
and superior to TDI, Poverty, or non-standardized ADI.  Our preferred geographic level is Census 
tract if data is available, but zip-code is a reasonable substitute. 
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Introduction 

Socio-economic status (SES) is well-known to be associated with a variety of mortality, 

health, and other life outcomes, and is treated as a central aspect of what are often called the Social 

Determinants of Health (SDoH).  There is strong research and policy interest in having area-based 

SES measures that have been validated for different outcomes (e.g., Phillips et al., 2016; Kind and 

Buckingham, 2018), but no agreement on which measures to use, or which “domains” they should 

cover (e.g., income, education, housing).  Many area-SES measures have been developed, 

principally using U.S. data.  Trinidad et al. (2022), collect and classify 15 measures; Breslau et al. 

(2022) collect 22 measures, the union is 28 measures; additional measures have been proposed 

since (e.g., Dyer et al., 2023).  However, there is little comparative assessment of which measure 

is preferable, at what geographic level, or for what outcomes. 

We undertake such a comparative assessment here.  We study three broad, commonly used 

measures:  the Graham Social Deprivation Index (SDI) (Butler et al., 2013); the Neighborhood 

Atlas Area Deprivation Index (ADI) (Singh, 2003); and the Social Vulnerability Index (SVI) 

(Flanagan et al., 2011).  Each of these measures covers the five most common SES domains 

discussed in the Trinidad et al. (2022) survey, for income, education, housing, household, and 

transportation.  No other measure in the Trinidad survey covers all five of these domains.  While 

we chose to study these measures independently from Trinidad, it is surely no accident that the 

three measures we chose are the first three listed in their Table comparing measures.  We compare 

these measures to an earlier, simpler measure, still used today, the Townsend Deprivation Index 

(TDI) (Townsend, Phillimore and Beattie, 1988); and population percent with family income 

below the federal poverty line (Poverty).  For ADI, we study a version that uses standardized 

elements (ADIstd).  The Appendix summarizes other measures. 
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We compare these measures at the four geographic levels for which data is generally 

available:  Census block-group; Census tract; 5-digit zip-code (with zip-codes mapped to Zip Code 

Tabulation Areas, or ZCTAs); and county.  We assess the predictive power of each measure for 

the following outcomes:  all-cause elderly mortality over 2000-2019; elderly diabetes prevalence 

in 2000 and 2019, elderly diabetes incidence over 2000-2005; and drug overdose mortality over 

2017-2021; and elderly COVID-19 mortality.  For the first three measures, we rely on national 

data for Medicare fee-for-service (“FFS”) beneficiaries, For the drug overdose and COVID-19 

outcomes, we use data from Illinois, Indiana, and Wisconsin. 

This project is accompanied by a dataset, on Professor Black’s website,1 which contains 

the area-SES measures, for years and geographic levels much more extensive than those available 

from the SDI, SVI, and ADI websites. 

New Contribution 

Many area-SES measures have been developed for use with U.S. data, but little is known 

about which measures perform relatively better or worse; how broad multi-domain measures 

compare to simpler measures such as Poverty; and how these measures perform at different 

geographic levels.  We provide guidance for researchers on which measure to use by comparing 

the performance of three commonly used measures, in predicting an array of health outcomes, at 

four geographic levels:  Census block-group; Census tract; 5-digit zip-code (with zip-codes 

mapped to Zip Code Tabulation Areas, or ZCTAs); and county.  We find that Census tract is the 

preferred geographic level if data is available, but zip-code level measures also perform well.  We 

 
1  https://www.law.northwestern.edu/faculty/profiles/bernardblack/; click “datasets”. 

https://www.law.northwestern.edu/faculty/profiles/bernardblack/
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find that SDI, SVI, and ADIstd all perform similarly, with no clear preference ranking between 

then.  All outperform TDI, Poverty, and non-standardized ADI. 

Background 

Conceptual Model of Area-SES Measures 

We conceptualize an area-SES measure as a summary statistic for socio-economic 

disadvantage, which can predict health and other outcomes, controlling for individual measures 

such as age, gender, race/ethnicity, and current health status.  An area-SES measure is likely to 

correlate with unmeasured individual attributes that predict health as well as area measures that 

predict health (e.g., air and noise pollution, access to healthy food).  Predictive power may not be 

causal. 

There is general agreement that SES is a complex, multidimensional construct, but no 

consensus on which domains an area-SES measure should cover, what weights to give to different 

domains as part of an overall measure, or how to capture particular domains. This lack of consensus 

may explain why so many measures exist.  The Trinidad review of 15 measures finds that all 

measures include an income domain, and almost all include an education domain (13/15) and a 

housing domain (12/15).  The next most common domains are household structure (8/15), 

transportation (5/15); race/ethnicity (4/15), health insurance (3/15); and language (2/15).   

We view SES and race/ethnicity as separate factors that can predict health, and thus prefer 

an area-SES measure that does not directly include race/ethnicity.  We believe racial/ethnic factors 

should be studied separately (as we do below) and not combined into a catch-all measure of area-

SES.  We note that minorities can have either worse or better health outcomes; for example, Asians 

and Hispanics have lower age-adjusted mortality than Whites.  We understand that our preference 
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is not universally shared.  Of the measures we study, SVI includes a race element; SDI, ADI, and 

TDI do not.   

As a summary measure of the power of an area-SES measure to predict outcomes, we use 

the gradient in logit marginal effects as one moves from high to low area-SES.  We do not know 

truth, either for how to measure area-SES or the predictive power of an ideal measure.  We 

hypothesized that an ideal measure would have generally monotonic marginal effects for most 

health outcomes as one moves from higher to lower area-SES, but recognize that this need not be 

true for all outcomes.   

Prior Literature Comparing Area-SES Measures at Different Geographic Levels 

Prior comparative assessment of the power of area-SES measures to predict individual-

level outcomes is limited.  We discuss in text the two prior studies that evaluate multiple outcomes 

at multiple geographic levels, and discuss narrower studies in the Appendix.   

Pioneering work by the Public Health Disparities Geocoding project (Krieger et al., e.g., 

2002, 2003, 2005) studied an array of health outcomes in Massachusetts and Rhode Island and an 

array of predictors.  Krieger et al. (2003) report tract-level results but say they found “similar” 

results at block-group level and weaker results at zip-code level.  The authors favor Poverty as an 

area-SES measure but say that they found similar SES gradients in unreported results for TDI and 

other composite measures. 

Berkowitz et al. (2015) studied adults seen at a Massachusetts primary care network, and 

assessed several simple measures (Poverty, median household income, percent college, percent 

unemployed) plus two area-SES measures we do not study: the Neighborhood Deprivation Index 

(NDI, Messer et al., 2006) and an AHRQ measure (Bonito et al., 2008), at zip-code, tract, and 

block-group levels, for a number of health and healthcare use outcomes.  They found similar 
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predictive power for Poverty, median household income, and the area-SES measures, and similar 

power at zip-code, tract, and block-group levels.   

Choice of Geographic Level 

Which geographic level one should use to study area-SES is a nuanced question (Berkowitz 

et al., 2015).  One problem is that little is known about the geographic level that best captures area 

factors that influence or predict individual health; this level can differ across factors.  A second 

concern is measurement error.  Data for the measures we study comes from 5-year American 

Community Survey (ACS) estimates.  Narrower areas imply greater measurement error, which 

will bias regression estimates toward zero.  Thus, even if a precise estimate for a narrower area 

would be preferable, a less precise estimate for a narrower area may not outperform a more precise 

estimate for a broader area.  The zip-to-ZCTA mapping needed when using zip-code-level data 

also introduces error, but most populated zip-codes can be mapped 1:1 to ZCTAs, even if not every 

resident of the zip-code will be in the corresponding ZCTA. 

A third concern is missing data.  Smaller areas also have more missing data.  SDI, SVI, 

and TDI have low missingness rates at all levels.  ADI has much higher missingness (Table App-

2).  One can impute values from broader levels, but this introduces measurement error, and if 

missingness is high at the block-group level (as it is for ADI), the need for imputation reduces the 

potential value of the narrower level. 

A final concern is practical, and concerns data availability.  Our experience is that data 

providers will often provide zip-codes in otherwise de-identified datasets, but are reluctant to 

provide more granular data or may impose small-cell-size constraints.  Public data sources that 

one wants to link for a particular project are often available only at zip-code or county level. 



6 
 

Given these competing considerations, we view the optimal geographic level to use for a 

specific project as an open, empirical question, on which this project can shed light by comparing 

performance at different levels.  

Expected Uses of This Project 

The important predictive power of area-SES for health outcomes suggests that an area-SES 

measure can be an important variable to control for when studying health outcomes. It would be 

feasible for researchers, when studying a specific outcome, to assess which area-SES measure has 

the strongest predictive power for that outcome, and use that measure.  As we show below, for a 

given outcome and geographic level, that might be any of SDI, SVI, or ADIstd.  Researchers can 

also construct their own custom measure. 

We expect, however, that many researchers will prefer an “off the shelf” area-SES 

measure, plus some advice on which measure and geographic level to prefer.  We provide evidence 

on these questions below.  We also show that the coefficients on other covariates (we report results 

for race/ethnicity and gender) can change substantially if one controls for an area-SES measure, 

thus confirming the importance of controlling for area-SES.   

Description of the Area-SES Measures 

Table 1 indicates the elements of each area-SES measure.  The table divides the elements 

into five domains for education; income/poverty; household composition; housing; and 

transportation (Trinidad et al., 2022, uses similar domains).  SDI, SVI and ADI each include at 

least one element in each domain, but often use different elements.  We briefly discuss each 

measure below; see Appendix for more details on each measure and replication. 



7 
 

Graham Social Deprivation Index (SDI) 

SDI is the most parsimonious of the three main measures; it includes seven elements.  It is 

built from nine initial elements.  Each element is converted to a centile, factor analysis is performed 

on the centiles, and two elements with loadings below 0.60 (percent Black and high needs) are 

dropped.  The retained elements are multiplied by factor score coefficients, summed, and 

transformed into overall centiles.   

CDC Social Vulnerability Index (SVI) 

SVI consists of 16 elements (15 through 2018), and is available at county and tract levels.  

Percentile ranks are computed for each element (reversing per-capita income); the ranks are 

summed and converted to an overall percentile score. 

We also create SVImod, which excludes four elements that we believe should not be 

included in an area-SES measure:  percent elderly, children, minority, and non-English speaking.  

In the Appendix, we explain these exclusions.  The performance of SVImod is modestly better than 

SVI at zip-code level but performance is very similar at tract and block-group levels (Figure App-

3).  Given this similar performance, we focus in text on original SVI. 

Area Deprivation Index (ADI) 

ADI includes 17 elements, and is intended for use solely at block-group level.  It is built 

using factor analysis, but uses non-standardized elements and factor loadings from Singh (2003), 

based on 1990 Census data at tract level.  Non-standardized ADI (ADIorig) is driven almost entirely 

by two elements, median home value and median family income (Petterson, 2023).  Hannan et al. 

(2023) and Azar et al. (2023) report poor ADIorig performance in areas with high housing costs; 

Powell, Sheehy and Kind (2023) respond.   
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We study a version that uses standardized elements (ADIstd)  Also, on conceptual grounds, 

we prefer a further modified version that uses factor loadings that vary with geographic level and 

year, which we call ADImod.  In practice, results for ADIstd and ADImod are very similar (see Figure 

App-2).  We could not fully replicate reported ADI for 2020 and 2021. The Neighborhood Atlas 

researchers declined to cooperate with our replication effort.  See Appendix for replication details. 

Townsend Deprivation Index (TDI) 

TDI is an early, simple index, developed in the United Kingdom in the 1980s, but the 

elements can be measured in the U.S.; TDI is still used today.  It includes four elements, which are 

converted to a z-score and then summed.  TDI does not include a direct poverty measure, likely 

because area-level poverty measures are not available in the U.K. (Gordon, 2003).   

Gradients for Elements Across Area-SES Quintiles 

Different elements measure different aspects of SES.  However, sensible elements should 

show a gradient across area-SES quintiles, and often a monotonic gradient.  For example, 

percentage without a high-school degree, or in poverty, should increase as high to low SES.  We 

assess this expectation in Table App-3, using SDI quintiles, and find nearly universal monotonicity 

across all elements of all measures.  This suggests that these elements are plausible as part of an 

overall area-SES measure.  The exceptions, for SVI elements for percent elderly and children, are 

consistent with our choice to exclude these elements from SVImod. 

Correlation Between Measures 

Table 2 presents correlation coefficients for the area-SES measures and Poverty, at ZCTA 

and tract levels, in 2000 and 2020.  See Table App-4 and Figure App-14 for other geographic 

levels and years.  SDI and SVI correlate strongly at all geographic levels (generally above 0.9), in 

both 2000 and 2020.  This suggests that they will have similar predictive power.  ADIstd correlates 
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strongly with Poverty in 2000, but this correlation weakens substantially by 2020, and is lower at 

narrower geographic levels.  TDI generally has lower correlations with the other measures and 

Poverty.  There is a general tendency for cross-measure correlations to be weaker in 2020 than in 

2000, and for tract-level correlations to be higher than ZCTA-level correlations.   

Data and Methods 

Datasets 

We summarize our datasets here, see Appendix for details, and Tables App-5 to App-8 

for summary statistics. 

Medicare FFS Beneficiaries 5% Random Sample.  Our principal dataset, used for several 

outcomes, relies on a national 5% random sample of Medicare fee-for-service beneficiaries over 

1999-2019.  We use a one-year lookback to measure comorbidities.  The dataset includes  

1,366,366 beneficiaries aged 66+, including 61,745 aged exactly 66 as of January 1, 2000, whom 

we use to measure elderly mortality over time. 

COVID-19 Elderly and Drug Overdose Mortality.  We rely on individual death certificates 

for the State of Wisconsin, the State of Indiana, and Cook County, Illinois (Chicago and nearby 

suburbs) (together, “Three Midwest Areas”) for 2020 through March 31, 2022, for 35,114 

individual decedents, including 25,333 overdose decedents in Illinois and Indiana.   

Census and American Community Survey (ACS).  We obtain the elements of the area-SES 

measures from the 2000 Census and the American Community Survey (ACS) for 2010-2022.  We 

studied performance at each geographic level without imputing missing data. We felt that 

imputation would compromise our effort to determine whether measure performance is stronger 

at tract or block-group level than at zip-code level.   
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Defining Quintiles and Five-Percentiles (Ventiles) 

We report results for area-SES quintiles and five-percentiles, known as ventiles.  The 

highest-numbered quintiles (5th) and ventiles (20th) reflect areas with the lowest SES.  Figure App-

13 provides selected results for centiles; centile estimates are much noisier than those for ventiles 

results.   

Quintiles and ventiles are defined to have roughly equal numbers of geographic units.  This 

produces similar numbers of people at tract and block-group levels, but not at zip-code and county 

levels.  Table App-10 provides selected zip-code level results using population weights. 

Outcome Measures 

We summarize here our outcomes and regression methods; see Appendix for details.  We 

use logistic regression and report marginal effects.  The highest area-SES quintile or ventile is the 

omitted indicator variable in regressions. 

All-Cause Elderly Mortality Over 2000-2019.  All-cause mortality for Medicare FFS 

beneficiaries aged 66 as of January 1, 2000.   

Diabetes Prevalence and Incidence.  Diabetes prevalence in 2000 and 2019, and diabetes 

incidence over 2000-2005 for Medicare-FFS beneficiaries aged 66+ as of January 1, 2000.  

COVID-19 Mortality for the Elderly (age 65+).  Elderly COVID-19 mortality in the 

Three Midwest Areas, using the 2019 area-SES measures.   

Drug Overdose Mortality Over 2017-2021.  Drug overdose mortality for all persons over 

2017-2021, in Illinois and Indiana. 

Covariates 

Our covariates, other than area-SES, are driven by data availability.  We seek to use 

extensive covariates, including interactions, so that the coefficients on the area-SES indicator 
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variables are measuring the predictive effect controlling for the individual characteristics 

available in our datasets.  We generally use age (modeled as a cubic polynomial; which we 

verify is sufficient to capture reasonably well the nonlinear relationship between age and our 

outcomes, gender (female is the omitted indicator variable in our regressions), gender*(age 

cubic), race/ethnicity (White is the omitted indicator in regressions), gender*race/ethnicity, and 

dummy variables for the 17 Charlson comorbidities.  See Appendix for details. 

Measuring the Predictive Power of the Area-SES Measures 

We use the coefficients on the area-SES indicator variables to measure the strength of the 

association between the area-SES measures and the outcomes.  Assuming monotonicity is 

present, which is the case for most of the studied outcomes, we treat a larger coefficient 

magnitude as implying that an area-SES measure is providing a stronger signal of the unobserved 

true association between area-SES and an outcome.  We also assessed the precision of the area-

SES estimates, but found only modest variation between measures, so do not view precision as a 

useful comparative metric. 

Comparing Area-SES Measures at Zip-Code Level 

We first compare the predictive power of the area-SES measures and Poverty at the zip-

code level.  For race/ethnicity, marginal effects are averaged across both genders. We report 

quintile results in Table 3, and ventile results in Figure 1. In Table 3, column (1) reports marginal 

effects for racial/ethnic minorities and males, without controlling for area-SES. Column (2)-(6) 

report results controlling for area-SES and Poverty.  

Elderly All-Cause Mortality 

In Table 3, Panel A, we report results for all-cause elderly mortality over 2000-2019.  

Before adding area-SES quintiles, Blacks have higher mortality than Whites, but Hispanics and 



12 
 

Asians have lower mortality.  We then add quintiles of the area-SES measures and Poverty. The 

Black mortality disadvantage shrinks and becomes statistically insignificant, while the Hispanic 

advantage increases and becomes similar to Asian. The marginal effects for the SES quintiles are 

monotonically increasing, with a quintile-5 coefficient for SDI, SVI and ADIstd similar to that for 

being male.  TDI predicts more weakly than the other area-SES measures, and the coefficient on 

Black mortality does not shrink.  Thus using a weaker area-SES measure can lead to different 

assessments of the predictive power of race/ethnicity for mortality, after controlling for area-SES. 

In Figure 1, Panel A, we report marginal effects for ventiles.  All four SES-measures have 

predictive power.  However, TDI marginal effects are generally below SDI and ADIstd, with a 

puzzling dip for ventile-20 (lowest SES).  SVI also generally has lower predictive power than SDI 

and ADIstd, with ventile-2 having lower mortality than the omitted ventile-1 (highest SES).  Area-

SES gradients are substantially larger if we do not control for comorbidities (Table App-18), but 

comparative assessment is similar.  

Results using a Cox proportional-hazard survival model (Table App-17, Figure App-5) are 

broadly consistent with the logit results.   

Diabetes Prevalence in 2000 and 2019 

In Table 3, we report results for diabetes prevalence in 2000 (Panel B), and 2019 (Panel 

C), for Medicare-FFS beneficiaries aged 66+.  Overall prevalence in 2000 averages 20.5% (Table 

App-7).   All racial/ethnic minorities have substantially higher diabetes rates than Whites; rates are 

highest for Hispanics.  Adding area-SES somewhat reduces the race/ethnicity coefficients, but 

these coefficients remain large. The marginal effects for the area-SES quintiles are monotonically 

increasing, but modest in magnitude, relative to those for Hispanics and Blacks.  The marginal 
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effects for SDI, SVI, and ADIstd are similar.  TDI predicts diabetes prevalence less strongly than 

the other measures. 

Figure 1, Panel B, provides a similar comparative picture.  TDI has both the lowest 

coefficients and a low gradient for most of the SES spectrum.  There is large nonlinearity in 

predictive power, with large gradients for the lowest-SES ventiles, especially ventile-20 versus 

ventile-19.  We obtain similar results with versus without controlling for the Charlson 

comorbidities that are not potentially caused by diabetes (Table App-18). 

In Table 3, Panel C, and Figure 1, Panel C, we study diabetes prevalence in 2019.  Overall 

prevalence is higher, at 28.9% (Table App-7; compare CDC, 2020).  The coefficients on 

race/ethnicity rise relative to 2000, especially for Asians. The overall predictive power of the area-

SES measures is stronger and the jump for ventile-20 has vanished (except for TDI).  The 

comparative analysis of the SES measures is similar: all measures, including Poverty, have 

monotonic gradients; SDI, ADIstd, and SVI have similar strength, and larger gradients than TDI.  

Diabetes Incidence Over 2000-2005 

In Table 3, Panel D, we report results for diabetes incidence over 2000-2005.  All 

racial/ethnic minorities have substantially higher rates than Whites; highest for Hispanics. 

Controlling for area-SES measures only modestly reduces these coefficients. Only SVI shows 

monotonically increasing coefficients; the other area-SES measures and Poverty quintiles are often 

negative or near zero, before jumping for quintile-5.   

In Figure 1, Panel D, we report marginal effects for ventiles. These show a mixed pattern, 

with near-zero coefficients for SDI, ADIstd, and TDI across much of the area-SES spectrum. 
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Elderly COVID-19 Mortality  

In Table 3, Panel E, we report results for elderly COVID-19 mortality. 2  The coefficients 

on race/ethnicity categories decline modestly after controlling for SES, but remain large.  This is 

consistent with area-SES explaining only a fraction of racial/ethnic disparities in elderly COVID-

19 mortality (Barreto Parra et al., 2022), in contrast to the results for overall elderly mortality.  The 

quintiles take economically meaningful coefficients, with magnitude monotonically increasing as 

SES falls, thus capturing a mortality risk separate from race/ethnicity, in sensible fashion. 

For ADIstd, the gradient from quintile-1 to quintile-5 is larger than SDI, but with a a larger 

coefficient for quintile-2 but a lower gradient over quintiles 2-5.  For SVI, the overall gradient 

from quintile-2 to quintile-5 is higher than for SDI or ADIstd, but with a slightly negative 

coefficient for quintile-2.  For TDI, the gradient from quintile-1 to quintile-5 is well below the 

other measures.   

In Figure 1, Panel E, all four measures have predictive power, but SVI generally has lower 

predictive power than SDI and ADIstd, with the oddity of lower COVID-19 mortality for ventile-2 

than omitted ventile-1.  The TDI marginal effects are weaker, and largely flat from ventile-9 on. 

Drug Overdose Mortality  

In Table 3, Panel F, we report results for all drug overdose mortality over 2017-2021.  

Whites have higher mortality rates than Blacks, Hispanics, and Asians. The White disadvantage 

increases after controlling for SES. Relative to the outcomes discussed above, which are limited 

to elderly persons, we see some important differences in the predictive power of the area-SES 

measures.  SDI, SVI and TDI perform similarly.  ADIstd has lower coefficients, with no meaningful 

 
2  Unruh et al. (2022) use SDI to study COVID-19 mortality in Cook County, Illinois.  Sehgal et al. (2022) use county-
level SVI as a covariate in a national study of the predictive power of Republican vote share for COVID-19 mortality. 
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gradient across quintiles 1-3.  In Table App-14, we study both the original SVI measure, measured 

in 2020, and the 2020 version (SVI2020); both perform similarly.  

Ventiles (Figure 1, Panel F) present a somewhat different picture:  SVI2020 and TDI 

generally have larger coefficients for middle-to-low area-SES levels, but SDI partly catches up for 

the lowest SES ventiles.  However, we see some odd behavior for particular measures, including 

a large jump for TDI for ventile-20, and some bumps and dips for SVI2020. 

Medicare-FFS Spending 

We also studied Medicare-FFS spending in 2000 and 2019 as additional outcomes. In 

contrast to the predictive power of area-SES measures for health outcomes, predictive power for 

spending was small, with no consistent pattern across SES quintiles.  We therefore relegate these 

results in the Appendix. 

Incremental R2 as a Performance Measure 

In Table App-20, we consider pseudo-R2 as an alternative way to compare the performance 

of the area-SES measures.  We compute the increase in pseudo-R2 when each area-SES measure 

is added to a regression that includes our base covariates.  Averaged across our outcomes, 

incremental pseudo-R2 at zip-code level is 0.25% for SDI and ADIstd, and 0.23% for SVI, but only 

0.19% for Poverty, 0.16% for ADIorig, and 0.15% for TDI.  This confirms the similar performance 

of SDI, ADIstd, and SVI, and weaker performance of Poverty and TDI. 

Comparative Performance at Different Geographic Levels 

Comparison of Zip-Code to Tract or Block-Group 

In Table 4, we compare the performance of the area-SES measures at the other geographic 

levels, using the quintile-5 marginal effect as a summary measure of performance.  See Appendix 
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for full results at these levels.  As was the case at zip-code level, no single area-SES measure 

performs best across outcomes and geographic levels.  

The choice between geographic levels, however, is clear.  Tract is preferred.  The 

coefficients for quintile-5 at tract level are generally well above those at zip-code level for 

outcomes with data available at both levels.  Tract-level coefficients are generally similar to block-

group coefficients, but can be higher or lower for specific outcomes.   

Poorer Performance of County-Level Measures 

Across the full range of outcomes, county-level measures performed much less well than 

measures at zip-code or narrower levels.  First, for most health outcomes, the quintile-5 coefficient 

for each area-SES measure was often much smaller in magnitude at county level than at zip-code 

level (Table 4).  Second, the area-SES coefficients were often non-monotonic across quintiles or 

ventiles (Table App-16).  For several outcomes, coefficients  are often negative (opposite from 

predicted) for middle quintiles 2-4.  For some outcomes, we see sharp spikes or dips in coefficients 

for ventile-20 versus 19 (Figure App-12), which are either not present or less sharp for narrower 

geographic levels (Figure App-11).   

County-level measures are crude for large, diverse urban counties.  We hoped they might 

be meaningful for a national study that includes many smaller, more homogenous counties, but 

did not find this for most of the studied outcomes.  The message for researchers:  Use county-level 

measures with caution and confirm that they perform sensibly for your outcome(s). 

Comparing the Area-SES Measures to the Poverty Measure 

Prior research found that Poverty has predictive power comparable to TDI (Krieger et al., 

2005) and NDI (Berkowitz et al., 2015).  We therefore compared Poverty to the four studied area-

SES measures.  Using quintiles, Poverty performs better than TDI, but somewhat worse overall 
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than the other area-SES measures (Table 3).  Poverty had similar strength for some outcomes 

(elderly mortality, diabetes prevalence in 2000), but was weaker for others (COVID-19 mortality, 

diabetes prevalence in 2019).   

We also went beyond a simple comparison of coefficients and ran horse-race regressions, 

which include an area-SES measure and Poverty in the same regression (Figure App-9 and App-

10).  Across outcomes, SDI, SVI, or ADIstd retain substantial power, and thus capture aspects that 

predict health outcomes, beyond Poverty alone.  Conversely, Poverty has little predictive power, 

controlling for SDI, SVI, or ADIstd.   

Recommendations for Practice 

Limitations 

We studied a limited number of area-SES measures, for a limited range of outcomes, 

principally for the elderly. 

A principal use of an area-SES measure is to predict health outcomes, controlling for other 

patient-level information that may be available for a particular project.  We used the patient 

covariates we had to control for patient-level demographics and other information.  The predictive 

power of area-SES measures might change if one could include more person-level information.  

At the same time, we have no reason to think that moderate changes in available patient-level 

covariates would strongly affect the relative ranking of the area-SES measures.   

The relative performance of the area-SES measures can differ across outcomes; we found 

some evidence for this for the outcomes we studied.  However, given the basic similarity of the 

domains covered by each measure, we have no way of predicting in advance, for example, that 

measure A should be preferred for some outcomes and measure B for others. 
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We used several criteria to compare measures, including the gradient in the logit marginal 

effects as one moves from high to low-SES, coefficient monotonicity when moving from high to 

low-SES, overall R2 from a regression that includes area-SES measure, incremental R2 when an 

area-SES measure is added to a regression with patient-level covariates, and area under the receiver 

operating curve (ROC) (Table App-21), and found consistent results across these criteria.  

However, we do not know truth, either for how to measure area-SES or how a true area-SES 

measure would predict health outcomes.  Thus, we cannot be sure, for example, that a monotonic 

measure is closer to truth than a non-monotonic measure for a particular outcome; or that a measure 

with a larger gradient is closer to truth than one with a smaller gradient. 

We had national data, at all geographic levels, for several outcomes, but only for Medicare 

FFS beneficiaries.  For COVID-19 and drug overdose mortality, our data was limited to three 

Midwestern states and to the zip-code and county levels. 

The power of an area-SES measure to predict a particular outcome can change over time, 

as we saw for diabetes prevalence in 2000 versus 2019.   

Subject to these limitations, we offer the suggestions below, as guides to good practice. 

Choosing a Geographic Level 

The best geographic level for studying the effects of area-SES on health outcomes, if data 

is available at all levels, is Census tract.  Predictive power is generally higher than at zip-code 

level, and higher than or similar to block-group level.  However, all measures predict, albeit 

somewhat less strongly, at zip-code level.  Our results do not support use of county-level area-SES 

measures if data is available at narrower levels.   
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How Finely to Subdivide Area-SES 

For studying the effects of area-SES on health outcomes, if sample size is sufficient, we 

prefer dividing SES fairly finely, perhaps into ventiles.  However, if principal research interest lies 

in other predictors, and area-SES is simply a covariate, quintiles may be sufficient.  We did not 

find additional value in using centiles instead of ventiles (Figure App-13).   

Choosing an Area-SES Measure 

In broad picture, our results confirm that there can be substantial value in controlling for 

area-SES when assessing the predictive power of other covariates.  SDI, SVI, and ADIstd generally 

predict health outcomes more strongly than Poverty and TDI, judged by monotonicity and overall 

gradient, although not for all outcomes.  However, across the studied outcomes and geographic 

levels, there was no clear winner among these three measures.   

SDI and SVI correlate strongly with each other (Table 2) and are both good choices.  If we 

had to choose a single measure across outcomes and geographic levels, we would prefer SDI.  It 

is parsimonious, predicts well, uses elements that seem sensible to us, and is replicable.  

SVI is also a reasonable choice.  However, it is more complex and includes elements 

(percent elderly, children, minority, and non-English speaking), that led us to prefer an SVImod 

measure, without these elements, which performs somewhat better (Figure App-3).   

ADIstd performed similarly to SDI or SVI, but overcontrols for Poverty and has far more 

missing values.  The Neighborhood Atlas researchers did not cooperate with our replication, and 

oppose use of ADI at any level other than block-group, a level that is often not available to 

researchers.  These factors count against ADIstd.  We cannot recommend non-standardized ADIorig.  

It performed acceptably for most outcomes (Figure App-2) but is not a true multi-domain measure 

and is problematic in some settings (Hannan et al., 2023; Petterson, 2023).   
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We concur with Rehkopf and Phillips (2023) that area-SES measures should be replicable.  

SDI, SVI, and TDI are; ADI is not (see Appendix for details).  We also recommend that measure 

creators specify the exact ACS or other tables they use and make their replication code public.   

Would another Area-SES Measure Perform Better? 

Given the similar overall performance of SDI, SVI and ADIstd, other measures which 

capture the same principal domains will likely perform similarly.  Of the other area-SES measures 

surveyed by Trinidad et al. (2022), none include all five domains captured by these measures; and 

only two include four of these domains.  Thus, we have no a priori reason to expect that another 

measure would systematically outperform the measures we studied. 

Conclusion 

We compared the performance of three area-SES measures, SDI, SVI, and ADI (for which 

we studied and prefer a standardized version) for an array of health outcomes, at four geographic 

levels.  All had substantial predictive power across outcomes.  The both good and bad news is that 

there was no clear winner as between SDI, SVI, and ADIstd.  Researchers can have comfort that 

any of the three will likely perform well for a particular outcome and research setting, although 

we recommend against using the publicly posted version of ADI. 
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Table 1.  Summary of elements used to build each area-SES measure 

Table indicates which data elements are used in each SES measure.  Red = removed in SVImod.   

Data element TDI SDI ADI SVI Element Description 
Education      
did not complete high school 3  x x x % of population 25+ with less than 12 years education 
low education (< 9 years)   x  % of population 25+ with less than 9 years education 
Income/Poverty      

below poverty line4  x  x (thru 
2019) 

% of population with family income in the past 12 months 
below the poverty level 

family poverty rate   x  % of families with income in the past 12 months below the 
poverty level 

below 150% of poverty line   x x 
(2020) 

% of population with family income in the past 12 months 
below 150% of poverty level 

median family income5   x  median family income 

income disparity   x  log of (100 x ratio of number of households with < 
$10,000 income to number with income ≥ $50,000 

per capita income    x (thru 
2019) mean income of population in the last year 

housing cost > 30% of household 
income    x 

(2020) 
Household housing cost > 30% of household income in 
last 12 months 

no health insurance    x 
(2020) 

% of uninsured in the total civilian, non-institutionalized 
population 

occupational composition   x  % Employed population aged 16+ employed in white-
collar occupations 

unemployed x  x x % of civilian population 16+ unemployed 

non-employed 16-64  x   % of population aged 16-64 unemployed or not in the 
labor force. 

Household Composition      
single parent  x x x % of households with single parent 

disabled    x % of population age 5+ not in an institution with a 
disability 

elderly    x % of population 65 and over 
children    x % of population 17 and below 
minority    x All persons except non-Hispanic White 

non-English speaking    x % of population 5 and over who speak English less than 
"well" 

Housing      
crowded households x x x x % of households with more than one person per room 
renter occupied units6 x x x  % of occupied housing units not owner occupied 
median home value   x  Median home value 
median gross rent   x  Median gross rent 

median mortgage   x  We use "selected monthly owner costs" for owners with a 
mortgage. 

no plumbing   x  % of housing units lacking plumbing facilities 
no telephone7   x (thru  % of housing units with no access to telephone 

 
3  ADI uses a measure for did complete HS = (1 – did not completer HS).  This is substantively equivalent; it leads 
to the opposite sign on this element within the ADI approach. 
4  In 2020, SVI replaced percent below poverty with percent below 150% of poverty line. 
5  ADI as reported on the ADI website uses median household income instead of the stated element of median family 
income.  See Petterson (2023) and Appendix Part III.  
6  ADI uses a substantively equivalent measure for owner occupied units = (1 – renter occupied units.   
7  Replaced beginning in 2020 with % of households with no internet connection. 
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Data element TDI SDI ADI SVI Element Description 
2019) 

no internet8   x 
(2020) 

x 
(2020) % of households with no internet connection 

multi-unit    x % of housing units with 10 or more units in structure 
mobile homes    x % of housing units that are mobile homes 
group quarters    x % of persons in group quarters 
Transportation      
no vehicle x x x x % of households with no vehicle available 

 
8  New ADI and SVI element beginning 2020; for ADI replaces % of households with no telephone.  The ADI 
website does not state what factor score coefficient is used for this new element.  Our educated guess is that they use 
the coefficient from Singh (2003) for no telephone.  
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Table 2.  ZCTA and Tract-Level Correlations Between Area-SES Measures 

Table shows Pearson correlation coefficients between Area-SES measures and Poverty in 2000 (left-hand columns, 
based on 2000 Census)) and 2020 (right-hand columns, based on 2020 ACS), at ZCTA and Census Tract levels. 

 2000 Census 2020 ACS 
 TDI SDI ADIstd SVI TDI SDI ADIstd SVI 
ZCTA level         
SDI 0.688 1   0.617 1   
ADIstd 0.567 0.767 1  0.485 0.712 1  
SVI 0.637 0.903 0.635 1 0.562 0.881 0.586 1 
% below poverty 0.597 0.795 0.770 0.639 0.466 0.677 0.670 0.533 
Tract level         
SDI 0.816 1   0.770 1   
ADIstd 0.726 0.874 1  0.589 0.847 1  
SVI 0.752 0.950 0.850 1 0.688 0.914 0.806 1 
% below poverty 0.778 0.833 0.840 0.759 0.630 0.796 0.749 0.689 
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Table 3.  Marginal Effect of Area-SES Measures at Zip-Code Level 

Table shows marginal effects, from logit regressions, of area-SES and poverty quintiles measured at ZCTA level, and 
mapped to zip-codes. Highest SES (quintile-1) is omitted.  Panel A. All-cause elderly mortality over 2000-2019.  
Panel B. Diabetes prevalence in 2000.  Panel C. Diabetes prevalence in 2019.  Panel D. Diabetes incidence over 
2000-2005.  Panel E. COVID-19 mortality.  Panel F. Drug Overdose Mortality over 2017-2021.  See text section 
“Covariates” for covariates.  Marginal effects for race/ethnicity are averaged across both genders.  * = statistically 
significant at the 1% level or better, using heteroskedasticity-robust standard errors. 

Panel A.  All-Cause Elderly Mortality over 2000-2019 

 (1) (2) (3) (4) (5) (6) 
Area-SES Measure none SDI ADIstd SVI TDI Poverty 

Quintile 2  0.0289* 0.0394* 0.0206* 0.0352* 0.0360* 
Quintile 3  0.0506* 0.0637* 0.0439* 0.0534* 0.0554* 
Quintile 4  0.0740* 0.0927* 0.0686* 0.0639* 0.0819* 
Quintile 5  0.1016* 0.1034* 0.1002* 0.0765* 0.0982* 

Race/ethnicity       
Black 0.0389* 0.0050 0.0075 0.0072 0.0212* 0.0098 
Hispanic -0.0830* -0.1175* -0.1150* -0.1160* -0.1025* -0.1135* 
Asian -0.1094* -0.1222* -0.1057* -0.1232* -0.1243* -0.1147* 
Other 0.0012 -0.0128 -0.0087 -0.0127 -0.0088 -0.0103 

Male 0.1040* 0.1045* 0.1042* 0.1046* 0.1046* 0.1039* 
Other Covariates Yes Yes Yes Yes Yes Yes 
Observations 61,745 61,185 61,067 61,185 61,189 61,188 

Panel B.  Diabetes Prevalence in 2000 

Area-SES Measure none SDI ADIstd SVI TDI Poverty 
Quintile 2  0.0097* 0.0156* 0.0109* 0.0093* 0.0062* 
Quintile 3  0.0146* 0.0187* 0.0177* 0.0108* 0.0090* 
Quintile 4  0.0186* 0.0238* 0.0242* 0.0112* 0.0132* 
Quintile 5  0.0358* 0.0390* 0.0366* 0.0245* 0.0308* 

Race/ethnicity       
Black 0.1483* 0.1310* 0.1320* 0.1339* 0.1390* 0.1339* 
Hispanic 0.1869* 0.1680* 0.1679* 0.1711* 0.1744* 0.1704* 
Asian 0.0729* 0.0654* 0.0723* 0.0665* 0.0644* 0.0693* 
Other 0.0795* 0.0714* 0.0727* 0.0723* 0.0739* 0.0725* 

Male 0.0178* 0.0182* 0.0179* 0.0182* 0.0182* 0.0180* 
Other Covariates Yes Yes Yes Yes Yes Yes 
Observations 1,366,366 1,355,314 1,347,454 1,355,345 1,355,352 1,355,418 

Panel C.  Diabetes Prevalence in 2019 

Area-SES Measure none SDI ADIstd SVI TDI Poverty 
Quintile 2  0.0179* 0.0230* 0.0087* 0.0154* 0.0189* 
Quintile 3  0.0342* 0.0433* 0.0291* 0.0256* 0.0334* 
Quintile 4  0.0534* 0.0593* 0.0526* 0.0345* 0.0531* 
Quintile 5  0.0824* 0.0764* 0.0831* 0.0554* 0.0646* 

Race/ethnicity       
Black 0.1892* 0.1623* 0.1666* 0.1630* 0.1735* 0.1719* 
Hispanic 0.2039* 0.1782* 0.1837* 0.1786* 0.1877* 0.1908* 
Asian 0.1685* 0.1601* 0.1743* 0.1596* 0.1563* 0.1709* 
Other 0.0595* 0.0564* 0.0608* 0.0568* 0.0548* 0.0589* 

Male 0.0578* 0.0583* 0.0581* 0.0584* 0.0584* 0.0580* 
Other Covariates Yes Yes Yes Yes Yes Yes 
Observations 1,318,438 1,315,649 1,253,280 1,315,092 1,315,375 1,315,832 
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Panel D.  Diabetes Incidence over 2000-2005 

Area-SES Measure none SDI ADIstd SVI TDI Poverty 
Quintile 2  -0.0008 -0.0140* 0.0052* -0.0043 -0.0072* 
Quintile 3  -0.0061* -0.0119* 0.0069* -0.0057* -0.0098* 
Quintile 4  0.0024 -0.0018 0.0103* -0.0055* -0.0040* 
Quintile 5  0.0313* 0.0211* 0.0348* 0.0290* 0.0195* 

Race/ethnicity       
Black 0.0993* 0.0796* 0.0871* 0.0821* 0.0816* 0.0870* 
Hispanic 0.1621* 0.1582* 0.1638* 0.1609* 0.1562* 0.1658* 
Asian 0.0981* 0.0955* 0.0997* 0.0966* 0.0872* 0.1010* 
Other 0.0240* 0.0288* 0.0318* 0.0292* 0.0274* 0.0320* 

Male 0.0072* 0.0082* 0.0080* 0.0083* 0.0083* 0.0080* 
Other Covariates Yes Yes Yes Yes Yes Yes 
Observations 881,170 860,248 854,556 860,266 860,269 860,302 

Panel E.  COVID-19 Mortality 

Area-SES Measure none SDI ADIstd SVI TDI Poverty 
Quintile 2  0.0018* 0.0037* -0.0003 0.0010* 0.0027* 
Quintile 3  0.0029* 0.0042* 0.0016* 0.0026* 0.0031* 
Quintile 4  0.0038* 0.0052* 0.0033* 0.0026* 0.0045* 
Quintile 5  0.0058* 0.0070* 0.0053* 0.0028* 0.0036* 

Race/ethnicity       
Black 0.0085* 0.0048* 0.0053* 0.0047* 0.0067* 0.0064* 
Hispanic 0.0122* 0.0082* 0.0087* 0.0082* 0.0098* 0.0096* 
Asian 0.0022* 0.0005 0.0014* 0.0004 0.0007 0.0010 
Other 0.0129* 0.0124* 0.0127* 0.0125* 0.0125* 0.0125* 

Male 0.0063* 0.0063* 0.0063* 0.0063* 0.0063* 0.0063* 
Other Covariates Yes Yes Yes Yes Yes Yes 
Observations 2,874,779 2,812,475 2,812,475 2,874,779 2,874,779 2,874,779 

Panel F.  Drug Overdose Mortality over 2017-2021, in Indiana and Illinois 

Area-SES Measure none SDI ADIstd SVI2020 TDI Poverty 
Quintile 2  0.0030* 0.0004 0.0062* 0.0033* 0.0030* 
Quintile 3  0.0048* -0.0033* 0.0119* 0.0070* 0.0039* 
Quintile 4  0.0077* 0.0046* 0.0156* 0.0155* 0.0116* 
Quintile 5  0.0256* 0.0175* 0.0303* 0.0289* 0.0244* 

Race/ethnicity       
Black -0.0005 -0.0100* -0.0063* -0.0103* -0.0114* -0.0086* 
Hispanic -0.0161* -0.0228* -0.0207* -0.0234* -0.0237* -0.0193* 
Asian -0.0377* -0.0402* -0.0396* -0.0409* -0.0415* -0.0386* 
Other -0.0039 -0.0077 -0.0055 -0.0092 -0.0098 -0.0065 

Male 0.0121* 0.0124* 0.0125* 0.0124* 0.0123* 0.0123* 
Other Covariates Yes Yes Yes Yes Yes Yes 
Observations 446,309 446,249 436,509 446,202 446,202 446,309 

 

 



28 
 

Table 4.  Comparison of Quintile-5 Coefficients Across Geographic Levels 

Table shows coefficients for area-SES quintile-5, from regressions similar to Table 3, at indicated geographic levels.  
SVI for Drug Overdose Mortality over 2017-2021 is SVI2020. 

Outcome SDI ADIstd SVI TDI  Poverty 
All-Cause Mortality 

County .0409 .0562 .0445 .0112 .0479 
Zip-code .1016 .1034 .1002 .0765 .0982 
Tract .1339 .1485 .1277 .0976 .1245 
Block Group .1290 .1339 .1062 .0991 .1105 

Diabetes Prevalence in 2000 
County .0204 .0344 .0168 .0008 .0212 
Zip-code .0358 .0390 .0366 .0245 .0308 
Tract .0524 .0509 .0463 .0436 .0374 
Block Group .0539 .0497 .0496 .0457 .0381 

Diabetes Prevalence in 2019 
County .0517 .0524 .0477 .0630 .0500 
Zip-code .0824 .0764 .0831 .0554 .0646 

Diabetes Incidence over 2000-2005     
County .0470 .0361 .0483 .0198 .0304 
Zip-code .0313 .0211 .0348 .0290 .0195 
Tract .0489 .0247 .0369 .0563 .0252 
Block Group .0466 .0262 .0399 .0536 .0268 

COVID-19 Mortality 
County .0018 -.0011 - .0025 .0036 
Zip-code .0058 .0070 .0053 .0028 .0036 

Drug Overdose Mortality over 2017-2021 
County -.0178 -.0572 -.0580 .1048 -.0137 
Zip-code .0256 .0175 .0303 .0289 .0244 
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Figure 1.  Marginal Effects for Ventiles at Zip-Code Level 

Figure shows marginal effects from logit regression of ventiles of SDI, ADI, SVI, and TDI for indicated outcomes at zip-code level.  Highest SES (ventile-1) is 
omitted.  Panel A. All-cause elderly mortality over 2000-2019.  Panel B. Diabetes prevalence in 2000.  Panel C.  Diabetes prevalence in 2019.  Panel D.  Diabetes 
incidence over 2000-2005.  Panel E. COVID-19 mortality.  Panel F. Drug Overdose Mortality over 2017-2021.  Covariates are same as Table 3.  All panels. ADI 
is ADIstd. 

Panel. A.  All-Cause Elderly Mortality Over 2000-2019            Panel B.  Diabetes Prevalence in 2000 

    
Panel C.  Diabetes Prevalence in 2019              Panel D.  Diabetes Incidence over 2000-2005 
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Panel. E.  COVID-19 Mortality               Panel F.  Drug Overdose Mortality over 2017-2021 
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The datasets and do files to create the area-SES measures studied in this project are 
available from Professor Black’s website at 
https://www.law.northwestern.edu/faculty/profiles/bernardblack/; click on “datasets”. 

I. Additional Literature Review and Discussion 

A.  Uses of SDI, SVI, ADI, and TDI in the Medical and Health Outcomes Literatures 

We list here selected recent uses of SDI,1 SVI,2 ADI,3 and TDI,4 in addition to those 
cited in the text, with no claim to have provided a complete list.  The surveys by Breslau et al. 
(2022) and Trinidad et al. (2022) contain additional citations. 

B.  Additional Comparative Analyses 

We discuss here a number of additional comparative analyses of area-SES measures, that 
were narrower than the Krieger et al. and Berkowitz et al. comparisons discussed in the text.  We 
relegated discussion of these studies to this Appendix for space reasons. 

Crawford and Schold (2019) study the predictive value of ADIorig, Poverty, median 
household income and several other single-item measures in 8 states at zip-code level for mortality, 
length of stay, in-hospital costs, and 30-day readmission rates, for a broad set of major surgeries.  
They did not find a clear ranking of predictors.  Even when gradients existed, they were sometimes 
small and not always monotonic. 

Ghirimoldi et al. (2021) study the predictive value for hospital readmission after colorectal 
surgery at a single safety-net hospital of ADIorig, the Distressed Communities Index, and insurance 
status.  They find that ADIorig has predictive power, controlling for individual-level characteristics, 
but the other two measures do not. 

Michaels et al. (2021) compare the predictive value of ADIorig and the Distressed 
Communities Index, at a single hospital for several post-surgery outcomes:  any complication 
within 30 days, 30-day readmission, 30-day mortality, 10-year mortality and hospitalization cost.  
ADI predicted significantly higher complication rates, higher cost, but not the other outcomes.  
The Distressed Communities Index was not a significant predictor for any of these outcomes. 

 
1 Selected studies relying on SDI include Liaw et al. (2018); Bevan et al. (2020, 2022); Cottrell et al., (2020a, 

2020b); Patel et al. (2020); Griggs et al. (2022); Lucas et al., (2021); Green et al. (2022); Bazemore et al. (2016). 
2  Selected studies relying on SVI (at county level unless otherwise specified) include Diaz et al. (2020); Gay et 

al. (2016); An and Ziang (2015); Flanagan et al. (2018, 2021); Fletcher et al. (2020); Ramesh et al. (2022); li et al. 
(2022); Sharpe and Rickless (2021); Troppy et al. (2021); Barry et al. (2021); Hughes et al. (2021); Rickless et al. 
(2023); Dasgupta et al. (2020); Adams et al. (2020); Wolkin et al. (2015). 

3  Selected studies using ADI include Durfey et al. (2019); Kind et al. (2014); Kind and Buckingham (2018); 
Carmichael et al. (2020); Knighton et al. (2013); Michaels et al (2021); Hu et al. (2018, 2021); Mora et al. (2020) 
Sheehy et al. (2020) Rahman, Meyers, and Wright (2020); Powell et al. (2020); Jencks et al. (2019), Crawford and 
Scholl (2019). 

4  TDI was developed in the U.K. but uses elements that can be measured using U.S. data.  Selected recent uses 
of TDI (2010 or later) include Cathorall et al. (2015); Furmanchuk et al. (2021); Galiatsatos et al. (2020); Lopez-de-
Fede et al. (2016); Rice et al. (2014). 

https://www.law.northwestern.edu/faculty/profiles/bernardblack/
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Carmichael et al. (2020) is a narrow study of the predictive value of crude versions (split 
into high versus low values) of the ADIorig, SVI, the Community Needs Index, and Distressed 
Communities Index, each measured at a single geographic level, but not the same level across 
measures (block-group or zip-code, depending on the measure) for a single outcome (the 
likelihood that a cholecystectomy (gall-bladder removal) is emergency versus planned, at a single 
university hospital.  They found similar predictive value for ADIorig and SVI, and positive but 
lower predictive value for the other measures. 

Yu et al. (2014) find similar predictive value for a composite SES measure used by Krieger 
et al. (2002, 2003) and Yost et al. (2006) at tract level as predictors of cancer incidence for a 
number of common cancers.  However, Krieger et al. find that Poverty performs as well as TDI 
and their own composite measure. 

Lopez-de-Fede et al. (2016) develop a Small Area Deprivation Index (SADI) at ZCTA 
level, and compare it to TDI, Poverty, and two measures of access to health care providers, as 
predictors of two closely related outcomes (existence of a comorbidity; existence of two or more 
comorbidities) for Medicaid recipients in South Carolina.  They find superior performance for 
SADI.  However, they constructed SADI from elements that were strongly correlated with the 
outcomes.  Thus, their finding that SADI predicted these outcomes better than competing measures 
was driven by index construction, and does not imply good performance for other outcomes. 

Dyer et al. (2023) construct a highly complex “structural racism index,” and report that it 
has higher R2 than ADI (ADIorig, one infers), SDI, SVI and the Child Opportunity Index in 
predicting several Census-tract-level area health outcomes.  Unlike this project and the other 
comparisons above, they use their measure to predict area-level rather than individual-level 
outcomes. 

C.  Summary of Selected Additional Area-SES Measures 

1.  Measures Replicable Using ACS data. 

We summarize briefly here a number of additional area-SES measures that might be 
considered as competitors to the four we study.  We list only measures applicable to the general 
population that can be built using ACS data, and that do not include health outcomes in 
constructing the index.  We discuss area-SES measures; measures of the “social determinants of 
health” have often somewhat different, broader domains.5 

Allik et al. (2020) discuss some of the judgments that enter into creation of an area-SES 
measure. Lian, Struthers, and Liu (2016) argue, from a construct validity perspective, that the 
optimal elements of an area-SES measure will depend on geographic level.  Kolak (2020) suggests 
that a multidimensional index, derived from a larger number of elements, may capture the concept 
of SES better than a single measure.  Breslau et al. (2022) list the elements included in each 
measure.  

 
5  See, e.g., Baker et al., 2021); Braveman and Gottlieb, 2014 Breslau et al. (2022); U.S. Department of Health 

and Human Services, Healthy People 2030 project, at https://health.gov/healthypeople/priority-areas/social-
determinants-health. 

https://health.gov/healthypeople/priority-areas/social-determinants-health
https://health.gov/healthypeople/priority-areas/social-determinants-health
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1. Neighborhood Deprivation Index (NDI), developed by Messer et al. (2006).  Uses 8 
elements. Should be replicable for 2000; uses only ACS and Decennial Census.6  Should 
be largely replicable using ACS for other years.7 Built at tract level. Berkowitz et al. (2015) 
report similar performance for NDI, Poverty, and the AHRQ Measure.8 
2. AHRQ Measure.  Developed by the RTI consulting group for the Agency for Healthcare 
Research and Quality (Bonito et al., 2008).  Uses 7 elements.  Should be replicable, uses 
only ACS.  Built at block-group level for 2000. Berkowitz et al. (2015) report similar 
performance for NDI, Poverty, and the AHRQ Measure.9 
3. Community Needs Index.  Developed by Roth and Barsi (2005).  Uses 9 elements.  
Should be replicable, uses only ACS. Built at zip-code level.10  Built using domains 
quintiles, so has only 21 possible values. 
4. (Palmetto) Small Area Deprivation Index.  Developed by Lopez-de-Fede et al. (2016) 
(available at ZCTA level).  Uses 3 elements. Should be replicable, uses only ACS.11  
Developed to predict chronic disease among publicly insured Medicaid recipients in South 
Carolina. Built at ZCTA level.  
5. Distressed Communities Index (available at zip-code and county level).  Developed by 
Economic Innovation Group (2020).  Uses 7 elements. Should be replicable; uses only 
ACS and the Census Bureau Business Patterns dataset, which is available on the Census 
website.12  Available only for 2020.13  Does not appear to be competitive with other indices.  
Ghirimoldi et al. (2021) find that ADIorig at block-group level performs better than at zip-
code level Distressed Communities Index in predicting hospital readmissions.  Michaels et 
al. (2021) find that ADIorig at block-group level outperforms zip-code level Distressed 
Communities Index in predicting post-surgery outcomes and cost. 

 
6  No online dataset, but relies only on ACS variables and Messer et al. (2006) indicate the specific ACS and 

Census variables used and the methodology used to construct the index. 
7  No online dataset.  Of the 20 elements in this index, 19 are from ACS and replicable, but one is specific 

to the 2000 Decennial Census:  % of people living in the same house since 1995. The closest substitute for other 
years is from ACS Table B07001, which includes the element "Geographical mobility in the past year for current 
residence in US," which provides a count of people who did not change residence over a 1-year span, from which 
one can compute percent. 

8  Also used by, e.g., O’Campo et al. (2007); Schempf et al. (2011); Laraia et al. (2012); Akwo et al. (2018); 
Andrews et al. (2020); .Kramer et al. (2013); Silver, Trong, and Ostvar (2020); Ma et al. (2015); Powell et al. 
(2014); Walker et al. (2020). 

9  No online dataset, but Bonito et al. (2008) indicate the elements and methodology used to construct the index.  
Also used by Putnam et al. (2016). 

10  No online dataset, but Roth and Barsi (2005) indicate the elements and methodology used to construct the 
index. 

11  There is no online dataset, but this measure relies only on ACS variables, and Lopez-de-Fede et al. (2016) 
indicate the elements and methodology used to construct the index. 

12  Source: https://www.census.gov/data/developers/data-sets/cbp-nonemp-zbp/zbp-api.html.  
13  Source: https://eig.org/distressed-communities/get-the-data/dci-academic-dataset/. Data is for 2020 and costs 

$500 to download.  Should be replicable; Economic Innovation Group (2020) indicate the elements and 
methodology used to construct the index. 

https://www.census.gov/data/developers/data-sets/cbp-nonemp-zbp/zbp-api.html
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2.  Additional measures, using elements not available from ACS 

We also summarize two additional measures, that draw from a broad array of sources, beyond 
the ACS.   

6.  Child Opportunity Index (COI, available at tract level).14  Developed by Acevedo-
Garcia et al. (2015), updated by Noelke et al. (2020).  Not replicable.  Available only for 
2010 and 2015.  Intended to measure child educational and other opportunities.  Complex, 
29-element index, that relies on the 2010 Census, the ACS, and 11 other sources, some for 
COI elements, others for outcomes used to compute weights.  Some elements are non-
public; others are assigned zero weight after a weighting exercise, but the creators do not 
specify which ones.  Elements are assigned weights through a complex process, not 
reproducible from their technical documentation.   
7.  Structural Racism Index (SREI, available at tract level). Developed by Dyer et al. 
(2023).  Not realistically replicable.  Available only for 2019.  Intended to quantify 
disparities in the distribution of neighborhood resources that shape ethno-racial health 
inequities.  Highly complex index, includes 49 measures drawn from ACS and 10 other 
sources, so very difficult for users to replicate. 
Table App-4, Panel B, includes selected correlation coefficients between the area-SES 

measures studied here, Poverty, and the last two measures (COI and SREI). The correlations for 
both measures with SDI, SVI, and ADIstd are generally strong, ranging from 0.852 to 0.879 for 
COI in 2015; and from 0.798 to 0.888 for SREI in 2019.  This suggests that both measures should 
have predictive strength comparable to the measures we study.   

Given the strong correlation between the measures we study and these two measures, it is 
not clear that the substantial effort needed to construct them for other years and geographic levels 
would be worthwhile.   

D.  Comparisons of Individual SES to Area-SES Measures 

Research that studies both individual and area-SES, and seeks to estimating the separate 
effects of each, is rare.  The usual challenge is finding a dataset that includes both.  Exceptions 
(using U.S. data unless otherwise indicated) include Subramanian et al. (2005); Moss et al. (2021); 
Ingleby et al. (2020) (UK data); Buajitti. Chiodo, and Rosella (2020). At the level of individual 
elements, the correlations between individual and area measures are often modest (e.g., Christine 
et al., 2017). 

E.  Monotonicity 

We would expect a good area-SES measure to have predictive power for most health 
outcomes that is monotonic across the SES spectrum.  However, there is no reason to expect 
predictive power to be linear.  There may be outcomes for which area-SES has predictive value 
primarily for part of the SES spectrum.  Moody, Darden and Pigozzi (2017), who study child blood 

 
14  Source: https://www.diversitydatakids.org/child-opportunity-index.  The website provides zip-code 

estimates, but these are built using a crosswalk from track to zip-code, rather than build directly at the zip-code or 
ZCTA level. 

https://www.diversitydatakids.org/child-opportunity-index
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lead levels in Detroit, provide an example.  There may be outcomes for which the gradient in 
predictive power of an area-SES measure is much stronger at the very bottom (or top) of the SES 
distribution than elsewhere.  Diabetes prevalence in 2000, discussed below, provides an example.  
There may also be outcomes for which higher area-SES predicts worse outcomes.  Yu et al. (2014) 
provide an example, involving lung cancer incidence rates, which presumably relate to smoking 
uptake rates decades earlier.   

F.  Prediction versus Causation 

The association between area-SES and health outcomes is likely to be causal, in part, but 
only in part.  Part of the reason that area-SES is associated with individual SES, which is usually 
not directly measured.  Causation can run from both individual and area-SES to health and from 
health to individual and area-SES.  The extensive literature includes, e.g., Deaton (2003); Evans 
and Snyder (2006); Krieger et al. (2005); Ludwig et al. (2011). 

II. Available Data, Correlations, and Domains for Area-SES Measures 

A.  Geographic Levels 

We construct SDI, SVI, ADI, and TDI, and measure Poverty, using ACS data at the 
Census block group, Census tract, ZCTA, and county levels.  We map the ZCTA level measures 
to zip codes using standard crosswalks, see details below. 

Census tracts are chosen to have relatively homogeneous populations.15  Tract size 
averages 4,500 persons (in 2020); the Census Bureau splits tracts if population would otherwise 
exceed 8,000.  Block groups are geographically compact subdivisions of tracts which average 
around 1,500 persons.  Most but not all Census tracts are inside a single ZCTA.  Most populated 
ZCTAs can be mapped 1:1 to zip codes, although not every resident of a ZCTA will live in the 
corresponding zip code. 

We construct the following area-SES measures.  For additional details, see Professor 
Black’s website (go to https://www.law.northwestern.edu/faculty/profiles/bernardblack/; click on 
“datasets”). 

B.  Available Area-SES Measures and Years 

For SVI, we provide both the original measure (SVI) and a modified version (SVImod), 
where we drop some elements (percent children, percent elderly, percent non-English speakers, 
percent minority). In the table below, SVI2020 refers to the 2020 CDC version of SVI, which 
changes some elements. We report both SVI and SVI2020 for 2020-2021. SVI2020, mod starts with 
the SVI2020 variables, and then drops the same four as for SVImod.  

For ADI, we provide: 
a standardized version (ADIstd), that uses standardized elements, to which we apply the 
Singh (2003) factor loadings; 

 
15  Source:  https://catalog.data.gov/dataset/census-tracts-20101. 

https://www.law.northwestern.edu/faculty/profiles/bernardblack/
https://catalog.data.gov/dataset/census-tracts-20101
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a modified version (ADImod), with standardized elements and factor loadings that are 
specific to each year and geographic level; 
a non-standardized version of ADI (ADIorig), that uses non-standardized raw elements, 
Singh (2003) factor loadings, and uses Median Family Income (the variable indicated in 
Singh (2003) and on the ADI website), instead of Median Household Income (the 
variable actually used to construct the ADI reported on the ADI website), except for 
2015-2016, where only Median Household Income is available; 
For block-group level 2013-2021, we also provide a non-standardized version of ADI 
(ADIorig, mhi) where we use Median Household Income for all years.  This is the closest 
match to non-standardized ADI as reported on the ADI website. 

If one is going to use ADI, we recommend using either ADIstd or ADImod. 
Summary of Area-SES Measures that We Construct 

Measure Description 
SDI Graham Social Deprivation Index   
SVI CDC Social Vulnerability Index, using the SVI elements used through 2018, not 

reflecting the change in elements in 2020 
SVImod Modified version of SVI, which excludes the SVI elements for percent children, 

percent elderly, percent non-English speakers, and percent minority 
SVI2020 2020 CDC Social Vulnerability Index 
SVI2020,mod Modified version of SVI2020, which excludes the SVI elements for percent children, 

percent elderly, percent non-English speakers, and percent minority 
ADIstd Area Deprivation Index version, built using standardized elements 
ADImod Modified version of ADIstd, using factor loadings computed for each year and 

geographic level  
ADIorig Area Deprivation Index, built using non-standardized elements.  Differs slightly from 

the ADI measure as reported on the ADI website; see discussion below of why we 
could not fully replicate ADI. 

ADIorig, mhi Area Deprivation Index, built using non-standardized elements and Median 
Household Income instead of Median Family income.  Median Household Income is 
the measure that ADI actually uses, even though the ADI website and documentation 
says they use Median Family Income 

TDI Townsend Deprivation Index 
Poverty Percent of population with family income below 100% of the federal poverty limit 

Data needed to construct the area-SES measures is generally available for the indicated years and 
geographic levels: 

Geographic level Years available 
County 2000, 2010-2021 
ZCTA and zip-code 2000, 2011-2021 
Census tract 2000, 2010-2021 
Census block group 2000, 2013-2021 

Data Missingness and Imputation 
We worked hard to reduce data missingness.  When an element was not available, we 

looked for and generally found an acceptable substitute at the same geographic level.  These efforts 
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result in over 99% coverage at all geographic levels for SDI, SVI, and TDI.  Missingness is a larger 
issue for ADI, especially at block-group level; imputation is needed.   

We did not impute area-SES values that were initially missing.  There are two natural ways 
to conduct imputation.  The first is downward imputation from a broader geographic level to a 
narrower geographic level that is entirely embedded in the broader level (for example, from tract 
to block-group) or that is mostly embedded in the broader level (for example, from ZCTA to tract, 
or from county to ZCTA) when a value is missing at the narrower geographic level.  One can either 
impute just the missing element(s) and then compute the area-SES measure, or impute the value 
of the area-SES measure.  The second uses data from the non-missing elements for the area with 
missing data, plus data from areas with complete data, to predict the value of the missing element.  
We did not compare different imputation approaches. 

Reported ADI uses downward imputation to the block-group level, apparently of the full 
measure, not only the missing elements.  The other measures have very few missing values; the 
SVI and SDI websites do not discuss imputation to lower levels.16 

Reported Area-SES Measures 
The data available from Professor Black’s website includes the original measures, as 

downloaded from the SDI, SVI, and ADI websites.  These are the only measures, geographic 
levels, and years available from the original websites.  There is no TDI website.  ADI is reported 
at block-group level.  SVI is reported at county and tract levels.  SDI is reported at county, ZCTA, 
and tract levels. 

Measure Description 
ADIrep-v4.01 ADI for 2020-2021, version 4.01.  This is the version that was available on the ADI 

website as of October 26, 2023 
ADIrep-v4 ADI for 2020-2021, version 4.0.  This version is no longer available from the ADI 

website; it has since been replaced with v.4.01. 
ADIrep-v3.2 ADI for 2020, version v.3.2, downloaded from the ADI website in 2022.  No longer 

available from the ADI website. 
ADIrep-v3.1 ADI for 2015 and 2019. The 2019 ADI is no longer available from the ADI website. 
SVIrep SVI as reported for years 2000, 2010, 2014, 2016, 2018 
SVIrep,2020 SVI as reported for 2020 
SDIrep Graham Social Deprivation Index reported on Graham Center website for 2012 and 

2015-2019.   

B.  Correlations Between Area-SES Measures 

Table App-4, Panel A, supplements text Table 2, and reports a broader set of correlations 
between area-SES measures and Poverty.  Panel B reports correlations between our area-SES 
measures and Poverty and two other measures, COI and SREI. 

 
16  The Graham SDI imputes SDI values from block-group and tract level upwards to construct values for 

Primary Care Service Areas.  Butler et al. (2012). 
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C.  Domains and Comparison of Domain Weights Across Measures 

We divide the area-SES measures into five domains covering education; income/poverty; 
household composition; housing; and transportation.  The Trinidad et al. (2022) overview of area-
SES measures uses the same five principal domains, plus three others used in only a few measures:  
race-ethnicity (included only in SVI; we place it in the household composition domain); language 
(included only in SVI, we place it in the household composition domain); and insurance (included 
in SVI2020; we place it in the income/poverty domain). 

In Table App-4, Panel C, we report for each SES measure the number of elements in each 
of the domains listed in Table 1 (education; income/poverty; household composition; housing; 
transportation; and other) and the weight that each domain receives as part of the overall measure.  
The discussion below focuses on SDI, SVI, and ADIstd.  We obtain the weights as follows: 

SDI: We rescale the factor score coefficients to sum to 1. Then, we calculate the domain 
weight by summing the rescaled factor score coefficients within each domain. We used 
SDI tract-level factor score coefficients for 2020. 
ADIstd: We compute domain weights in a manner similar to SDI, except that we first 
reverse the sign on negative factor score coefficients (for elements where higher values 
predict less deprivation). We use Singh’s 2003 factor score coefficients, which are the 
coefficients used in ADI for all years.   

ADImod: Similar to ADIstd, except we use tract-level factor score coefficients from 2020. 
TDI relies on four normalized elements, weighted equally, so each element has 25% 
weight. 
SVI uses centiles for each element, weighted equally, so the domain weights is the 
fraction of elements in a particular domain. 

As Panel C indicates, the weights given to a specific domain can differ greatly across 
indices.  For example, the weights on the household domain range from 3% for ADImod to 40% for 
SVI.  The weights on income/poverty vary from 18.75% for SVI2020 to 50% for ADImod.  Yet as 
we saw in the text, the performance of these three measures is similar notwithstanding differences 
in elements and large differences in domain weights. 

III.  SDI:  Details and Replication 

SDI is built using factor analysis applied to 9 initial elements.  Two elements, percent Black 
and percent “high needs,” are discarded after factor analysis due to factor loadings less than 0.60. 

SDI values are available from the Graham Institute website, for 2012 and 2015-2019 at 
tract, ZCTA, county, and primary care service area levels.  The same elements are retained across 
years, even though some factor loadings can be modestly below 0.60 for some years or geographic 
levels.  The SDI creators were aware of the TDI elements and included similar elements, with 
some variations.  For instance, SDI uses percent non-employed instead of the TDI element of 
percent unemployed, because the non-employment rate correlated more strongly with the other 
SDI elements.  
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We compared our constructed SDI to the reported SDI values for 2012 and 2019 at tract 
level.  We were able to closely replicate the downloaded values, with Pearson correlation 
coefficients at tract level of 0.9924 in 2012 and 0.9981 in 2019.17 

IV.  SVI:  Details, Modified SVI, and Replication 

SVI was developed by the Centers for Disease Control and Prevention (Flanagan et al., 
2011).  It was originally developed as a measure to assess need for disaster relief, but has since 
been often used as an area-SES measure as well.  It is reported biannually.   

A.  Replication of SVI 

SVI values for 2000, 2010, 2014, 2016, 2018, and 2020 are available from CDC.18  CDC 
posts SVI, and several “themes” (similar but not identical to our domains) as percentile ranks score 
on a 0-1 scale, to 4 decimals. We measured the correlation between our SVI centile measure and 
reported SVI (call this SVIrep), and found very high perfect correlation (0.997 or higher) for 2014, 
2016, 2018, and 2020.  

We obtained lower correlation of 0.973 for 2000.  This reflects an error in SVIrep.  We 
replicated the raw values for the SVI elements, as reported on the CDC website, and confirmed 
that the reported percentiles for some elements are not consistent with the raw element values. 

B.  Original versus Modified SVI 

We created a modified SVI (SVImod) that excludes four elements that we believe are not 
appropriate elements of an area-SES measures:  percent elderly, percent children, percent minority, 
and percent non-English speaking.  Our reasoning for preferring SVImod over SVI, and a similarly 
modified version of SVI2020 over the original version, is as follows. 

Percent elderly and percent children could be sensible measures for the original SVI use, 
as a guide to need for disaster relief, but we do not view them as sensible SES measures from a 
conceptual level.  For percent elderly, the SDI developers found, and we confirm, that this element 
loads opposite to the overall SDI measure - areas with higher percent elderly are richer, not poorer 
(Butler et al., 2012).  See Table App-3.  Percent children loads nonmonotonically across SDI 
quintiles in 2000, and is relatively flat in 2020 (Table App-3).  Note too that the income and 
household domain elements will already capture the tendency for large families to be poorer.   

A more controversial choice we make for SVImod is to also exclude percent minority and 
percent non-English speaking.  We believe that minority status is better handled as a separate 
potential dimension of need, rather than bundled into an overall SES measure.  Trinidad et al. 
(2022) report that most area-SES measures do not include a race/ethnicity element, and explain 
that use of race/ethnicity in an area-SES measure is controversial.  We note that, as a general 
matter, Blacks are often in worse health than Whites, while Hispanics and Asians are in better 

 
17  Source:  https://www.graham-center.org/rgc/maps-data-tools/sdi/social-deprivation-index.html,  For several 

elements, we had initial questions about the differences between the element definitions in Butler et al. (2012) and 
the definitions stated on the SDI website.  We were able to reconcile these discrepancies through discussion with the 
SDI developers; the developers have since corrected the website definitions. 

18  Source: https://www.atsdr.cdc.gov/placeandhealth/svi/data_documentation_download.html. 

https://www.graham-center.org/rgc/maps-data-tools/sdi/social-deprivation-index.html
https://www.atsdr.cdc.gov/placeandhealth/svi/data_documentation_download.html
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health than Whites (see Table 4 on all-cause elderly mortality).  Asians are also often relatively 
high-income.  Thus, the logic of combining these groups into percent minority is unclear. 

We prefer to also exclude percent non-English speaking because this element is related to 
minority status, especially Hispanic and Asian.19   

Our preference for measuring racial/ethnic status separately from SES begs the question of 
what one should do if one has a dataset where race/ethnicity is not coded, or is not coded reliably.  
Given background knowledge that when predicting health measures, percent Black may predict 
very differently than percent Hispanic or percent Asian, we still would not prefer the original SVI.  
It might make sense to add separate covariates for percent Black, percent Hispanic, and percent 
Asian. 

C.  Differences Between SVI and SVImod:  Correlations and Domain Weights 

Our modifications to SVI result in the elements of SVImod being very similar to the SDI 
elements (Table 1).  All of the elements we would remove are in the household domain; the 
modification reduces the high weight that SVI places on this domain (see Table App-4, Panel C), 
and brings the domain weights closer to SDI.  These modifications increase the already high 
correlation between SDI and SVI at county and ZCTA levels, but turn out to only slightly affect 
correlations at tract and block-group levels (Table App-4, Panel A). 

D.  Comparison of Performance of SVI and SVImod 

SVI and SVImod correlate highly (Table App-4, Panel A).  Comparative performance is 
similar, as one would expect given the high correlations. 

In Figure App-3, we compare the predictive power of ventile estimates of SVI and SVImod 
at different geographic levels.  SVImod tends to have bigger coefficients than SVI at zip-code level.  
Differences in coefficients between SVI and SVImod are smaller at narrower geographic levels. 

For drug overdose deaths, we also report results for SVI2020 and SVI2020,mod (Table App-
14).  The coefficients for both measures are similar to each other and to the pre-2020 measures. 

V.  ADI:  Replication and Comparison of ADI measures 

A.  Overview 

The ADI includes 17 elements.  It is intended for use solely at block-group level; the ADI 
website states that “other geographic units . . . will not be valid.”20  The Neighborhood Atlas 
website reports ADI values for 2015, 2020, and 2021.  ADI uses factor analysis of the 17 elements, 
but oddly (i) uses non-standardized elements; and (ii) relies on loadings for each element from 
Singh (2003), who computes tract-level loadings using 1990 Census data.  Lack of standardization 

 
19  The correlation at ZCTA level between percent minority and percent non-English speaking is 0.556 in 2000 

and 0.521 in 2020. 
20  Source: https://www.neighborhoodatlas.medicine.wisc.edu/ (last visited July 15, 2023).  Available years are 

2015, 2020, and 2021.  A fuller quote:  “Census Block Group is considered the closest approximation to a 
"neighborhood". As such, . . . other geographic units (including 5-digit zip-codes, ZCTA, and others) will not be 
valid.” 

https://www.neighborhoodatlas.medicine.wisc.edu/
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is not apparent from the ADI website or published work by the ADI developers.  We were unaware 
of it until it was highlighted by Hannan et al. (2023) and Petterson (2023).  Use of stale factor 
loadings is also not apparent from the ADI website. 21 

As Petterson (2023) shows, non-standardized ADI (ADIorig) is an index driven by two 
elements, median home value and median family income, rather than a true multi-component 
index.  ADIorig has very low values for Cronbach’s alpha, a standard measure of construct validity 
for a multi-item measure (Figure App-15).  We study a version that uses the ADI factor loadings, 
applied to standardized elements (mean 0, standard deviation 1); we call this ADIstd.  We prefer, 
however, a modified, standardized version (ADImod) that uses factor loadings computed for each 
geographic level and year, which we call ADImod.  We prefer ADImod, because updated factor 
loadings, computed at the same geographic level as the measure, have stronger theoretical 
justification.  In practice, ADIstd and ADImod have similar predictive power (Figure App-2).  This 
reflects the time-persistence of area-SES levels (Niles et al., 2015) and implies that precise 
loadings have little effect on predictive power.   

ADI as reported on the ADI website (ADIrep) could not be replicated for 2020 and 2021. 
The Neighborhood Atlas researchers declined to cooperate with our replication effort.  The ADIorig 
values that we computed are close to the reported values for 2015, but not for 2020 and 2021.   

Hannan et al. (2023) and Azar et al. (2023) report poor performance of ADIorig in areas 
with high housing costs; Powell, Sheehy and Kind (2023) respond.  Petterson (2023) criticizes lack 
of standardization. 

B.  Comparison of ADIorig and ADIstd 

As Petterson (2023) documents, non-standardized ADIorig is basically a two-element 
measure, for which the elements are median home value and median household income.  There are 
very large differences between ADIorig and ADIstd.  Figure ADI-1, Panel A, provides a histogram 
showing the differences between the two versions for 2020.  For this graph, we use ADIorig as 
currently reported on the ADI website.  This is based on code they call version 4; see discussion 
below of the differences between different ADI code versions.  Manifestly, there are large 
differences between the original and standardized versions.   

 
21  A recent article by Neighborhood Atlas researchers, Hunt et al. (2021), at e2502, refers to Kind et al. (2014) 

and Kind and Buckingham (2018), which use the original Singh factor loadings, as containing “complete methods for 
construction of ADI.” 
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Figure ADI-1 

Figure provides histograms of the differences between ADIrep-v4 and ADIstd (Panel A), and between ADIrep-v4 and 
ADIrep-v3.2 (Panel B). For Panel B, differences of 50+ points are shown as vertical bars at the left and right edges of 
the graph (only visible on the left-hand edge).  

Panel A.  ADIrep-v4 minus ADIstd for 2020         Panel B.  ADIrep-v4 minus ADIrep-v3.2 for 2020 

    

C.  Comparison of ADIorig to reported ADI 

Even after we realized that the reported ADI is not standardized, replication was 
challenging, made harder because the ADI creators did not cooperate with our replication effort.   

ADI is reported as centile values, but not raw values, by the University of Wisconsin, 
Center for Health Disparities Research, at block-group level and 9-digit zip-code level, for 2015, 
2019, 2020, and 2021.22 We compared our constructed ADI measures (ADIorig, ADIstd, and 
ADImod) centiles for 2015 and 2020 at block-group level, for block-groups for which we have no 
missing values, to the reported values (ADIrep). For 2015, replication was almost perfect, with a 
Pearson correlation coefficient between our centiles for ADIorig to the reported centiles for ADIrep 
of r = 0.9970.  If we recompile their centiles, the correlation becomes 0.9998.23  In 2015, their 
variable median family income is not available at block-group level, so we substituted median 
household income, which was available.  Median household income must be the variable they use 
across years, as reported by Petterson (2023), who replicated ADI for 2020.24  With this 
substitution (call this version ADIorig,mhi) we can achieve near-perfect correlation with ADIrep in 
2019 (r = 0.9973), and strong correlation between ADIorig and ADIrep without this substitution (r = 
0.9885). 

 
22  Source:  https://www.neighborhoodatlas.medicine.wisc.edu.  This website contains data for 2015, 2020, and 

2021.  It previously reported 2019 values, which we downloaded while they were available. 
23  We use Stata command “xtile newvarname=oldvarname, nq(100)” to recompile the ADI reported centile 

values for the block-groups with no missing data.  Since Stata only has reported centile values (1 ~ 100) to work 
with, it will move some block-groups from the reported centiles to adjacent centiles, so that the recompiled centiles 
have equal numbers of block-groups.   

24  Petterson replicated ADI for 2020 created using ADI code version 3.2 (which we call ADIrep-v3.2).  He would 
presumably have failed, as we did, to closely replicate ADI for 2020 created using ADI code version 4 (which we 
call ADIrep-v4). 

0
.5

1
1.

5
2

2.
5

%

-100 -50 0 50 100
Difference

Centile ADI (UW) minus Centile ADI (std)

0
2

4
6

8
10

%

-50 -40 -30 -20 -10 0 10 20 30 40 50
Difference

Centile ADI v4 minus Centile ADI v3.2

https://www.neighborhoodatlas.medicine.wisc.edu/


13 
 

However, even after substituting median household income for median family income, we 
could not closely replicate the 2020 and 2021 versions of the ADIrep-v4, with correlations of 0.9339 
for 2020 and 0.9353 for 2021.  Eventually, after substantial effort, we believe we understand why.  
The ADI creators initially posted ADI for 2020 created using a code they called version 3.2.25  
They later substituted a different version using code they called version 4.0, and explained that 
this was a minor change: 

Construction of the version 4.0 ADI has minor standard shrinkage statistical updates 
included to mitigate the effect of year-to-year sampling variations in block-group level 
component estimates within American Community Survey (ACS) data. This results in very 
little actual change in ADI ranking but buffers from known and future expected variation 
in ACS source data.  
This statement notwithstanding, there are large differences between the v3.2 and v4.0 

versions of ADI for 2020 (call these ADIrep-v3.2 and ADIrep-v4).  We had downloaded ADIrep-v3.2 
before it was removed from the ADI website.  If we replace median family income with median 
household income and compare our ADIorig,mhi for 2020 to ADIrep-v3.2, replication succeeds (r = 
0.9903).  However, the correlation between their versions - between ADIrep-v3.2 and ADIrep-v4 - is 
only r = 0.9448.  This explains why we could not replicate ADIrep-v4. 

Figure ADI-1, Panel B provides a histogram of the differences between their two versions.  
Differences of 50+ points are shown as vertical bars at the left and right edges of the graph (only 
visible on the left-hand edge).  Many values differ by 10 points or more, a fair number by 20 or 
more, and a few by 50 or more. 

In September 2023, after we conducted this analysis, the ADI purveyors removed the data 
prepared using version 4.0 from their website and replaced it with version 4.01, with no 
explanation of the differences between the two versions.  The correlation between version 3.2 and 
version 4.01 is much higher than that between version 3.2 and 4.0, and suggests that there was a 
coding mistake in version 4.0, which was corrected in version 4.01.  Version 4.01 is still not 
standardized and, although correlation with version 3.2 is higher, is still not replicable because the 
“sampling shrinkage” procedure is not stated and, as for prior versions, their code is not posted. 

D.  Performance of ADIorig 

Given the large differences between ADIorig and ADIstd shown in Figure ADI-1, we 
expected to find substantial differences in performance between the two measures.  To our surprise, 
the differences for most of our outcomes were limited.  In Figure App-2, we compare the predictive 
power of ventile estimates of ADIorig, ADIstd, and ADImod at block-group levels.  We discuss zip-
code level results; the Figure includes results at other geographic levels, which are consistent with 
the zip-code level results. 

For COVID-19 mortality, all-cause elderly mortality, and diabetes prevalence in 2019, 
there are only small differences between ADIorig and ADIstd. For diabetes prevalence in 2000 and 
incidence over 2000-2005, there is a sharp upward tilt in coefficients for ventiles 19-20, across 
area-SES measures (Figure 1), which is not captured by ADIorig. And for drug-overdose mortality, 
ADIorig has no predictive power, in contrast to ADIstd and the other area-SES measures.   

 
25  Neither this nor their other code versions is publicly available. 
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That results are similar for ADIorig and ADIstd for some outcomes says much about the 
relative insensitivity of predictive power to how an area-SES measure is constructed, for at least 
some outcomes. Still, there is no good reason to use ADIorig, which is not truly a multi-domain 
measure and performs either similarly to ADIstd, or worse, depending on the outcome. 

E.  Comparison of ADIstd and ADImod 

At the zip-code level, ADIstd and ADImod generally perform similarly. Differences tend to 
be larger at broader geographic levels: county level coefficients for ADIstd and ADImod differ more 
than those at narrower levels.  However, trends across ventiles are similar. 

F.  ADImod is Highly Correlated with Poverty 

Of the 15 ADI measures, 6 are within the income/poverty domain.  Six more are within the 
housing domain; of these several relate closely to income (median home value, median gross rent, 
median monthly mortgage).  This heavy weight on poverty-related measures is unique to ADIstd 
among the measures we study.  It leads to ADIstd correlating highly with Poverty, and ADImod even 
more so.  See Table App-4.  In effect, ADIstd and ADImod are less multi-domain than they seem on 
the surface, due to the heavy weighting of income and poverty measures. 

VI.  Data and Methods 

We discuss here our datasets and regression methods. See Table App-5 to Table App-8 
for summary statistics. 

A.  Datasets 

Medicare FFS Beneficiaries:  5% Random Sample   

For several outcomes, we rely on a national 5% random sample of Medicare fee-for-service 
beneficiaries over 1999-2019 (50 states plus D.C. and Puerto Rico); principally on the 1,366,366 
beneficiaries aged 66+ as of January 1, 2000, and the 61,745 beneficiaries aged exactly 66 as of 
January 1, 2000, with at least one claim in 1999.  These data include all Medicare Part A (hospital) 
and B (outpatient and provider) claims as well as age, gender, race/ethnicity, 9-digit residence zip-
code through 2014 (which we map to block-group and tract), 5-digit zip-code for 2015 on, and 
county SSA code.  We use a one-year lookback to measure comorbidities; thus when studying 
diabetes prevalence in 2000 and 2019, we measure comorbidities using claims from 1999 and 
2018. 

COVID-19 Elderly Mortality Sample 

To study COVID-19 mortality at zip-code level, we rely on individual death certificates 
for the State of Wisconsin, the State of Indiana, and Cook County, Illinois (Chicago and nearby 
suburbs) (together, “Three Midwest Areas,”) for 2020 through March 31, 2022, including age, 
gender, race/ethnicity, and residence zip-code.  These three areas have different and diverse 
demographics and a combined population of around 18 million, including around 45,000 COVID 
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decedents.  Table App-2 provides summary statistics for this dataset.26  To study COVID-19 
mortality at county level, we rely on individual death certificates for 2020 for the entire U.S. from 
the National Center for Health Statistics, including age, gender, race/ethnicity, and residence 
county (zip-code is not available).   

Drug Overdose Deaths over 2017-2021 Sample 
To study drug overdose mortality in Indiana and Illinois over 2017-2021, we rely on 

individual-level datasets from each state’s vital records department.  Drug overdose mortality is 
measured based on ICD-10 codes X40-X44 (unintentional), X60-X64 (suicide), X85 (homicide), 
and Y10-Y14 (undetermined). 

Census and American Community Survey (ACS)  

We obtain the elements of the area-SES measures at all four geographic levels from the 
2000 Census and the American Community Survey (ACS) for 2010-2021 (block-group data 
available starting 2013, ZCTA data starting 2011).  Data for the area-SES measures is essentially 
complete at county and ZCTA levels, but is sometimes missing at tract level, and more often 
missing at block-group level.  We studied performance at each level using the available data, 
without imputing missing data downward from the next broader level, we felt that imputation 
would compromise our effort to determine whether measure performance is stronger at tract or 
block-group level.27  We rely on crosswalks between geographic levels and datasets; see Appendix 
for details. 

B.  Choice of Covariates 

The aim of this project is to assess the comparative strength of area-SES measures to 
predict health outcomes, controlling for individual level covariates, especially demographic 
information, available in the datasets we relied on.  We sought to use a reasonably comprehensive 
set of covariates, so that we would be measuring the power of an area-SES measure in addition to 
individual-level information, rather than simply the association of an area-SES measure with the 
individual information that is often available in health datasets, while also being mindful of the 
potential cost, in reduced degrees of freedom, of including too many covariates, or doing so in too 
flexible a form.   

For all outcomes, we obtain demographics from the Medicare FFS dataset and mortality 
datasets from which we obtain health outcomes.  We used ICD-9/ICD-10 codes to define 
comorbidities.  

All logistic models include gender (in the logistic regressions, we include a dummy 
variable for Male, with Female as the omitted category); a categorical variable for race/ethnicity.  
For the Medicare datasets, we use the following categories, which are the only ones available:  
Black, White, Asian, and Hispanic, and Other.  We include dummy variables for each, with 
White as the omitted category.  The mortality datasets include separate variables for race and 
ethnicity; we use these to define categories of Black (whether Hispanic or not), Hispanic (non-

 
26  For more details on this dataset and how we measure COVID-19 mortality, see Barreto-Parra et al. (2022). 
27 Exception:  For the revised 2020 SVI at block-group level, we impute tract-level data for housing cost burden, 

which is not available from ACS at the block-group level.  
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Black), Asian (non-Hispanic), White (non-Hispanic), and Other (non-Hispanic), and again use 
White as the omitted category in regressions.  

For all-cause elderly mortality over 2000-2019, the sample is people aged 66 as of 
January 1, 2000, so the regression model does not include age.  For the other outcomes, we 
capture age using a cubic polynomial, which we determined to be sufficiently flexible to to 
capture the non-linear relationship between our outcomes and patient or decedent age. For 
outcomes limited to the elderly, we measure age relative to 65.  

We allow for gender effects to be heterogeneous with age and race/ethnicity by including 
gender directly and also interacting gender (in regressions, the male dummy variable) with the 
cubic polynomial for age with race/ethnicity.  

For drug overdose mortality over 2017-2021, we also include an Illinois dummy variable 
(Indiana is omitted), to account for differences in drug overdose rates between the three Midwest 
areas.  

For the area-SES measures, we opted for fitting quintiles and ventiles, to allow for a 
nonlinear relationship between the area-SES measures and health outcomes.  Our judgment, after 
also considering deciles as intermediate between quintiles and ventiles, is that quintiles will often 
be sufficient to capture SES marginal effects when SES is used primarily as a regression 
covariate but is not the focus of the analysis.  Using area-SES deciles would also be a reasonable 
choice.  Ventiles allow capture of finer differences in the predictive power of the area-SES 
categories across the full range of SES levels, but require more regressors (nineteen, versus four 
for quintiles), which will lead to greater noise in coefficient estimates.  We also evaluated 
centiles but found that using these fine divisions led to noisy estimates for individual centiles.  

C.  Outcome Measures 

Our outcomes are binary, so we estimate them using logistic regression, and then convert 
the logit coefficients to marginal effects.  All models use heteroskedasticity-consistent standard 
errors. 

COVID-19 Mortality for the Elderly (age 65+) 

We study COVID-19 mortality for the elderly at zip-code level in the Three Midwest 
Areas, using the 2019 area-SES measures.28 The outcome measure is a dummy variable for death 
due to COVID-19.  The sample is 35,114 COVID-19 decedents aged 65+ (roughly 77% of all 
COVID-19 decedents) plus a synthetic population of non-decedents, based on our Medicare-FFS 
sample for 2018, grossed up (using frequency weights in regressions) to match population counts 
derived from ACS data for 2019.  We run a logit regression on this sample of COVID-19 mortality 
from March 1, 2020, through March 31, 2022, using eqn. (1). 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑖𝑖 =𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 𝛼𝛼 + 𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖 ∗ 𝛽𝛽 + 𝑋𝑋𝑖𝑖′  𝛾𝛾 + 𝜖𝜖𝑖𝑖 (1) 

 
28  We lack the data needed to study the tract and block-group levels, and have too few counties to make county-

level analysis sensible.  We study the elderly population because for the non-elderly, we can obtain data from the 
ACS on SES or on race/ethnicity, but not on both at the same time.  See Table App-5 for summary statistics. 
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Here i indexes individuals, SESi is an area-SES measure, Xi is a covariate matrix, 𝜖𝜖𝑖𝑖 is the error 
term.  In some specifications, we include Poverty as an additional predictor variable.    

All-Cause Elderly Mortality Over 2000-2019 

We study all-cause mortality for Medicare FFS beneficiaries aged 66 as of January 1, 2000, 
using the 2000 area-SES measures.29    We use both a logit model similar to eqn. (1), where the 
outcome is mortality by year-end 2019, and a Cox proportional-hazard model, using the same 
covariates. The outcome is death at time t, measured in quarters of a year. 

𝐶𝐶𝐶𝐶𝐶𝐶 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀:  𝑆𝑆𝑖𝑖(𝑡𝑡|𝑋𝑋𝑖𝑖) = 𝑆𝑆0(𝑡𝑡)exp�𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖∗𝛽𝛽+𝑋𝑋𝑖𝑖′𝛾𝛾�  (2) 

Here i indexes individual Medicare beneficiaries; Xi is a vector of covariates and β is a vector of 
the associated coefficients.  The covariates are the same as for the logit model. 

Diabetes Prevalence in 2000 and 2019; Diabetes Incidence over 2000-2005 

We use all Medicare-FFS beneficiaries aged 66+ as of January 1, 2000, and 2019, to study 
diabetes prevalence, measured using the ICD-9 and ICD-10 diagnosis codes that enter the Charlson 
comorbidity code list of diabetes, applied to Medicare claims for the prior year.  We also use the 
2000 sample to study diabetes incidence over 2000-2005 for beneficiaries who survive through 
2005.30  We use dummy variables for Charlson comorbidities that are not caused by diabetes, with 
and without controlling for Poverty.  We use a logit model, similar to eqn. (1), where the outcome 
is a dummy variable for whether the beneficiary had diabetes.   

Drug Overdose Mortality Over 2017-2021 

The health outcomes above are limited to the elderly.  We also study drug overdose 
mortality for all persons over 2017-2021, in Illinois and Indiana, using the 2020 area-SES 
measures.31   

VII.  Measuring and Modeling the COVID Mortality Rate 

To estimate the mortality rate (Covid-MR) due to COVID-19 as a function of age, gender, 
race/ethnicity, and SES, we need both a numerator (number of COVID-19 decedents) and a 
denominator (population), by age, gender, race/ethnicity, and SES (proxied by SDI quintile).  We 
obtain the numerator for the Three Midwest Areas (Indiana, Wisconsin, and Cook County, Illinois) 
by age, gender, and race/ethnicity directly from mortality records for these areas.  

Constructing an appropriate denominator requires more work.  We obtain the denominator 
by combining information from the Medicare Beneficiary Summary File for 2019, ACS data for 
2020 (5-year averages over 2016-2020).  We start with population estimates from the 2020 ACS.  
These estimates are broken down by age ranges, gender, race/ethnicity, and are available at county 

 
29 See Table App-6 for summary statistics. 
30 See Table App-7 for summary statistics. 
31 See Table App-8 for summary statistics. 
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and state levels, but not at lower geographic levels.32  We collapse the available race and ethnicity 
categories into Black, non-Hispanic White, non-Black Hispanic, Asian, and other.  The available 
age ranges in ACS are:  0-4; 5-9; 10-14; 15-17; 18-19; 20; 21; 22-24; 25-29; 30-34; 35-39; 40-44; 
45-49; 50-54; 55-59; 60-61; 62-64; 65-66; 67-69; 70-74; 75-79; 80-84; and 85+.  Note that ACS 
provides only a single count for persons age 85+. 

Within each ACS age group we use the annual survival probabilities from the National 
Center for Health Statistics (NCHS) by age and gender for 2018 (latest available year) (for 
example, there is roughly a 0.96 probability that a male aged 75 will survive to age 76), to divide 
the ACS population for the age group (in this example, ages 75-79), by gender, race/ethnicity, and 
location, into an estimated number of persons age 75, 76, 77, 78, and 79, and thus estimate 
population in 2020 by age, gender, race/ethnicity, and location 𝑃𝑃𝑃𝑃𝑃𝑃𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝐴𝐴𝐴𝐴𝐴𝐴 .33  We proceed similarly 
for other age groups. 

We also have counts of Medicare fee-for-service (FFS) beneficiaries in 2019 included in 
our 5% random sample, at zip-code level, with information on age, gender, and race/ethnicity.  We 
combine the ACS and Medicare data to construct a zip-code level synthetic elderly population by 
year of age, gender, race/ethnicity, and area-SES, within each of the Three Midwest Areas, as 
follows.  Let a represent year of age, g represent gender, r represent race/ethnicity, l represent 
location (Cook County, Wisconsin, or Indiana), D represent an area-SES quintile, and z represent 
zip-code.    We count the number of Medicare FFS beneficiaries by age, gender, race/ethnicity, 
and zip-code in 2019, nagrz. We sum these counts across all zip-codes that fall within each area-
SES quintile, within each location: 

𝑛𝑛𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 = � 𝑛𝑛𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎
𝑧𝑧 ∈𝑙𝑙,𝐷𝐷

 

We then use this data to compute multipliers, which we round to the nearest whole number, and 
use the multipliers to gross up our 5% sample of Medicare beneficiaries, to make it representative 
of the overall alive population: 

𝑚𝑚𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 =
𝑃𝑃𝑃𝑃𝑃𝑃𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎

𝐴𝐴𝐴𝐴𝐴𝐴

∑ 𝑛𝑛𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑇𝑇
× (1 −  𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝑀𝑀𝑅𝑅𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎)   (3) 

We apply the factor (1 - Covid MRagrl) because, for the mortality estimate below, we will combine 
this synthetic population of alive persons, estimated from the Medicare data, with COVID 
decedents, to obtain a population of all persons who would have been alive, but for the COVID 
pandemic.  

The multiplier varies by age, gender, race/ethnicity, and location, for several reasons.  First, 
as Medicare beneficiaries die, our dataset is refreshed, to bring it to 5% of the current number of 
beneficiaries.  The newly added beneficiaries are principally newly eligible people aged 65.  This 
results in our Medicare sample generally overweighting younger beneficiaries relative to the 

 
32 Source https://www.census.gov/programs-surveys/acs/data/race-aian.html.  For the available geographic 

areas, see https://api.census.gov/data/2015/acs/acs5/spt/geography.html.  Although data is potentially available at the 
Census tract level, which could be rolled up to the ZCTA level, in practice there are many missing values at the tract 
level. 

33  See the system of equations (9) below for age 85+; we follow the same approach for other age ranges. 

https://www.census.gov/programs-surveys/acs/data/race-aian.html
https://api.census.gov/data/2015/acs/acs5/spt/geography.html
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overall elderly population.  Second, Medicare does an imperfect job of capturing race/ethnicity.  
The multiplier lets us adjust the race/ethnicity proportions in our Medicare sample to make them 
more population representative.  This implicitly assumes that persons identified as Asian in the 
Medicare sample are representative of all Asians in the population, and similarly for other 
race/ethnicity groups.   

We use this multiplier to gross up our Medicare sample to approximate the number of 
elderly persons in the population: 

𝑃𝑃𝑃𝑃𝑃𝑃𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 = 𝑛𝑛𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 × 𝑚𝑚𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 

These estimates are by year of age, but can be rolled up to age groups, and to cover all three 
locations, as needed for a particular estimate.  Figure App-1 shows how the multipliers for each 
area (averaged across race/ethnicity) vary by age, separately for women (left-hand graph) and men 
(right-hand graph). 

VIII.  Crosswalks and Mapping Medicare Counties to Census Counties 

A.  Crosswalks 

We use the following crosswalks between geographic levels and datasets. 
9-digit zip to Census block-group and Census tract.  We map 9-digit zip-codes, available 

in our Medicare data through 2014, to block-groups, using a mapping from the University of 
Wisconsin group that builds the ADI, available for 2015, 2019, 2020, and 2021; we use the 2015 
version.34  Block groups are embedded in tracts; the block-group number includes the tract number. 

ZCTA to zip-code.  Most ZCTAs map 1:1 to populated zip-codes.  We use crosswalks from 
the American Academy of Family Physicians website.35  Approximately 98% of the beneficiaries 
in our Medicare-FFS sample in 2000 live in zip-codes that can be mapped to ZCTAs.  

SSA to FIPS county codes.  Our Medicare FFS dataset uses Social Security Administration 
(SSA) county identifiers for beneficiaries for 1999-2014; starting in 2015, it also includes FIPS 
(Federal Information Processing System) codes.  We obtain area-SES measures from Census and 
ACS, which use FIPS codes.  Thus, when applying the area-SES measures to Medicare FFS 
beneficiaries prior to 2015 at county level, we need to map SSA county codes to FIPS codes.  We 
use 2003 and 2018 crosswalks from the National Bureau of Economic Research (NBER).36  For 
each data year, we use the NBER crosswalk that is closest in time to our data. 

 
34  In 2000, we can map 1,008,752 (61%) of the Medicare-FFS beneficiaries to tracts with Census measures 

available; and 1,008,259 (61%) to block-groups with Census measures available.  We have no reason to expect bias 
in our results due to incomplete mapping of beneficiaries to tracts or block-groups. The 2019 crosswalk is no longer 
available on the ADI website.  

35  Source:  https://udsmapper.org/zip-code-to-zcta-crosswalk.  We use a 2019 crosswalk to study diabetes 
prevalence in 2019 and a 2020 crosswalk to study drug overdoses. 

36  Source:  https://www.nber.org/research/data/ssa-federal-information-processing-series-fips-state-and-county-
crosswalk. The 2018 crosswalk was the most recent available when we carried out this mapping. 

https://udsmapper.org/zip-code-to-zcta-crosswalk
https://urldefense.com/v3/__https:/www.nber.org/research/data/ssa-federal-information-processing-series-fips-state-and-county-crosswalk__;!!Dq0X2DkFhyF93HkjWTBQKhk!W8u4JdBgaPNynt6qttuDQFFXnheqE8Hku57mD9LtJvxMT5fUhYkRfotdsO_HT7-SXGySkyO3gNluwVduwRKUqW-hqg$
https://urldefense.com/v3/__https:/www.nber.org/research/data/ssa-federal-information-processing-series-fips-state-and-county-crosswalk__;!!Dq0X2DkFhyF93HkjWTBQKhk!W8u4JdBgaPNynt6qttuDQFFXnheqE8Hku57mD9LtJvxMT5fUhYkRfotdsO_HT7-SXGySkyO3gNluwVduwRKUqW-hqg$
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B.  Mapping Medicare to ACS Counties in 2000 

We use the 2003 NBER SSA-to-FIPS crosswalk, which is the earliest available. After 
correcting the Medicare data, which has two SSA codes for Los Angeles County, we can map 
98.3% Medicare beneficiaries to counties with area-SES measures. For counties, we can map 3,219 
of 3,235; the remainder are all small.  

Loss of sample arises principally because the Medicare FFS Master Beneficiary Summary 
File (MBSF), which contains the SSA county identifiers, includes 221 SSA codes that appear to 
be entry errors - they do not correspond to actual counties in the official SSA list. 

IX.  Measuring Comorbidities 

For outcomes that rely on the Medicare FFS sample, we control for comorbidities using 
individual dummies for each of the 17 conditions included in the Charlson comorbidity measure 
(Charlson, 1986) . We identify the presence of a comorbidity based on the presence of an ICD 
code during the year preceding the outcome.37  When studying diabetes prevalence and incidence, 
we use comorbidities which, in the judgment of Dr. Meurer, who has expertise in diabetes, are 
generally not seen as outcomes of diabetes, though they may share obesity as a risk factor.38 

In Table App-18 we compare results including, versus not including, these comorbidities.  
For all-cause mortality, the area-SES gradients are substantially larger if we exclude comorbidities; 
for example, the coefficient for SDI for quintile 5 is 0.1330 versus 0.1016 with comorbidities.  
However, the relative gradients across different area-SES measures are similar.  For diabetes 
prevalence, including versus excluding comorbidities makes little difference in the coefficients on 
the area-SES measures.   

X.  Centiles of the Area-SES Measures 

We evaluated whether there was significant additional value in using centiles rather than 
ventiles for datasets large enough to make use of centiles plausible.  In Figure App-13, we compare 
ventile to centile estimates for SDI, ADIstd, and SVI, at zip-code level, for all-cause elderly 
mortality and diabetes prevalence in 2000.  All three outcomes use the Medicare population age 
66+ as of January 1, 2000, from our 5% random sample - around 1.7 million people. 

For all-cause elderly mortality (Panel A), the centile estimates were much noisier than the 
ventile estimates, but with similar overall gradients.  This suggests limited value in using the 
centile estimates.  However, some oddities emerged.  In logit regressions with centiles, the first 
(highest income) centile is omitted.  In contrast, with ventiles, the first (highest income) ventile is 
omitted.  The coefficients for the second centile had sometimes surprisingly large magnitudes, 
which varied substantially between measures and between geographic levels.  For SDI, for 

 
37  The Charlson comorbidities are cerebrovascular disease; myocardial infarction; congestive heart failure; 

peripheral vascular disease; dementia; peptic ulcer disease; diabetes without complications; diabetes with 
complications; hemiplegia; renal disease; chronic pulmonary disease; rheumatic disease; mild liver disease; moderate 
or severe liver disease; malignancy including lymphoma and leukemia; metastatic cancer; and aids/HIV. 

38  The Charlson comorbidities we use when studying diabetes prevalence are chronic pulmonary disease; 
rheumatic disease; mild liver disease; moderate or severe liver disease; malignancy including lymphoma and 
leukemia; metastatic cancer; and aids/HIV. 
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example, the second centile estimates at zip, tract, and block-group levels were (-0.05, 0.01, 0.00); 
for SVI the estimates were (+0.05, 0.12, and 0.03).  The large swings between geographic levels 
and between measures may be driven by small numbers of decedents in each centile.  We conclude 
that the centile estimates are not reliable, even with a reasonably large sample (61,745 beneficiaries 
aged 66 in 2000, at zip-level). 

For diabetes prevalence in 2000, we had a much larger sample of 1,366,366 beneficiaries 
(at zip-code level), of whom 280,405 had diabetes.  For this sample, the centile estimates were 
generally closer to the ventile estimates.  However, ADIstd measure tilted up very sharply for the 
very lowest centiles, while the other two measures did not.  We lack a good explanation for the 
very sharp tilt, given a modest gradient across all other centiles, or for the differences between 
measures.  Here too, these results suggest caution in using centile estimates. 

There may be other datasets and outcomes for which centile estimates would perform 
better, but for the outcomes we studied in these datasets, we prefer the ventiles.  

XI.  Changes Over Time in Correlations Between Area-SES Measures 

Table 2 shows that the Pearson correlation coefficients between area-SES measures are 
generally lower in 2020 than in 2000, especially at narrower geographic levels.  Table App-4 
provides additional correlation coefficients.  In Figure App-14, we show annual correlations over 
2012-2020.  There is a general tendency for the correlations between TDI and the other measures 
to fall over this time period, and to be lowest for TDI-vs-ADIstd.  The highest correlations are for 
SDI and SVI, generally around 0.90 at all geographic levels.  Given these correlations, one would 
expect these two measures to produce similar results.  The next highest correlations are between 
SDI and ADIstd, which are generally above 0.75.  Other pairwise correlations are lower, sometimes 
substantially so, and leave more room for different measures to have different predictive power. 

XII.  Defining Quintiles and Ventiles Based on Population 

In the text, we define quintiles and ventiles to have approximately equal numbers of 
geographic units, rather than equal numbers of people.  This choice does not matter much for 
Census tracts and block-groups, which are defined to have populations within a narrow range.  
However, it can matter for ZCTAs (which we map to zip-codes) and counties.  In Table App-9, 
Panel A, we show, for each SES measure, the population within each ZCTA quintile.  Panel B is 
similar, except shows population within each ventile.  Panel C shows the population within each 
county quintile.39 

At the ZCTA level, SDI, TDI and SVI all have much higher populations in quintile 5; 
ADIstd has the highest population in quintile 1.  The gradients in population are even sharper at 
county level for TDI and ADIstd, but flatten for SVI (Table App-9, Panel C).  A natural question, 
given the differences in population across quintiles weighted by number of ZCTAs, is how our 
results would change if we instead weighted the ZCTAs so that quintiles or ventiles had roughly 
equal numbers of people.  We explore that question in Table App-10, using all-cause mortality, 
diabetes prevalence in 2019, and diabetes incidence over 2000-2005 as outcomes.   

 
39  Because of the poor performance of area-SES measures, measured at the county level, we did not study 5-

percentiles at the county level. 
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For all-cause mortality (Panel A), compared to text Table 3, Panel B, ADIstd strengthens, 
SDI has a similar gradient, but SVI and TDI weaken.  For diabetes prevalence in 2019 (Panel B), 
compared to text Table 3, Panel C, the coefficients on the area-SES measures increase.  For 
diabetes incidence over 2000-2005 (Panel C), compared to text Table 3, Panel E, ADIstd is similar; 
the other measures strengthen. This analysis suggests that there can sometimes be a modest 
advantage to using population weighting with zip-code level data, but improved predictive power 
is not seen for all area-SES measures or all outcomes. 

XIII.  Comparative Performance of Area-SES Measures at Narrower Geographic Levels 

In Table App-11, App-12, and App-13, we report marginal effects for area-SES quintiles 
at Census tract and block-group-levels for the outcomes available at these geographic levels: all-
cause elderly mortality, diabetes prevalence in 2000, and diabetes incidence over 2000-2005. TDI 
has lower coefficients at zip-code level for several elderly health outcomes (COVID-19 mortality, 
all-cause mortality, diabetes prevalence), but catches up to SVI at tract and block-group levels for 
diabetes prevalence, and to SDI for diabetes incidence.  SVI performs relatively better at zip-code 
than at smaller levels.  The somewhat higher quintile-5 coefficients for SVI relative to SDI or 
ADIstd, when predicting all-cause mortality and diabetes prevalence at zip-code level, do not persist 
at tract or block-group level.   

XIV.  County-Level Results 

In Table-App 14, we report the predictive power of quintiles of the county-level SES 
measures for the studied health outcomes.  As discussed in the text:  (i) county-level coefficients 
are often (although not always) well below those at zip-code level; (ii) coefficients are often non-
monotonic in the middle quintiles (diabetes prevalence in 2019 is an exception).  TDI performs 
especially poorly at county level, except for diabetes prevalence in 2019. 

XV.  National County-Level Analysis of COVID-19 Mortality in 2020 

Our zip-code level data on COVID-19 Mortality is limited to the Three Midwest Areas.  
We supplement this analysis with national data on COVID-19 mortality, limited to the county level 
in 2020, in Appendix Figure App-12, Panel A and Panel B.  The coefficients on SES ventiles vary 
widely, with no apparent gradient.  This supports the conclusion from the Three Midwest Areas 
that county level SES is not a useful predictor of COVID-19 mortality. 

XVI.  Comparing the Area-SES Measures to the Poverty Measure 

Prior research found that Poverty (percent of population with income below the federal 
poverty level) has predictive power comparable to TDI (Krieger et al., 2005) and NDI (Berkowitz 
et al., 2015).  We therefore compared the predictive power of Poverty to the four studied area-SES 
measures (Figure App-8).  We also went beyond a simple comparison of coefficients and ran horse-
race regressions.  How do the area-SES measures perform, controlling for Poverty, and vice-versa?  
In the left-hand graphs of Figure App-9, we report ventile graphs for the area-SES measures at zip-
code level, controlling for Poverty.  The right-hand graphs show results for Poverty, controlling 
for each area-SES measure.   
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Across most outcomes, TDI has very little predictive power after controlling for Poverty.  
Overdose mortality is an exception.   

SDI, ADIstd, and SVI generally retain predictive power, controlling for Poverty, but their 
power differed somewhat by outcome. For COVID-19 mortality (Figure App-9, Panel A), ADIstd 
appears to outperform the other measures, but this is deceptive.  ADI includes six poverty 
measures, versus three for SVI and two for SDI.  This appears to overcontrol for Poverty.  This 
can be seen in the right-hand graph, where controlling for ADIstd, higher Poverty predicts lower 
COVID-19 mortality.  For elderly all-cause mortality (Figure App-9, Panel B), ADIstd and SDI 
predict strongly after controlling for Poverty, but SVI predicts weakly.  For diabetes prevalence in 
2000 and 2019 (Figure App-9, Panel C and D), all three measures predict well.  For diabetes 
incidence (Figure App-9, Panel E), SDI and ADIstd have similar gradients, but SVI is non-
monotonic, reaching a minimum for ventile 5.  For overdose mortality (Figure App-9, Panel F), 
SDI and SVI predict overdose mortality with similar strength and gradients, but ADIstd predicts 
negatively, especially for middle ventiles. 

Overall, SDI, ADIstd, and SVI retain substantial power, controlling for Poverty.  This 
provides evidence that the other measures capture aspects of SES that predict health outcomes, 
beyond Poverty alone.  However, ADIstd tends to overcontrol for Poverty, leading to the odd result, 
across several outcomes, that for people with similar ADIstd levels, greater Poverty predicts better 
health outcomes. 

In the right hand graphs, we report coefficients for Poverty ventiles, controlling for each of 
the area-SES measures.  Poverty generally performs poorly controlling for SDI, SVI, or ADIstd, 
although often respectably controlling for TDI.   

Figure App-10 is similar to Figure App-9, but is at tract level, and is limited to the three 
outcomes available at tract level:  all-cause elderly mortality, diabetes prevalence in 2000, and 
diabetes incidence over 2000-2005.  Results are consistent with those at zip-code level.  For all 
three outcomes, ADIstd, SDI, and SVI all have predictive power, while TDI has almost no 
predictive power. 

XVII.  Additional Analyses for Overdose Deaths 

We conducted several additional analyses for drug overdose deaths.  First, in unreported 
results for all drug overdose deaths, we limited the sample to decedents ages 12+.40  Results were 
almost unchanged from those reported.  Second, we studied overdose deaths involving natural or 
synthetic opioids ICD-10 codes T40.0-40.4 and T40.6).  These accounted for 74.7% of all overdose 
deaths.  See Table App-19 for results, which are similar to those reported in the text.  This table 
also shows results separately for all persons and for ages 12+. 

XVIII.  Results for Medicare Spending 

In addition to the health outcomes reported in the text, we also examined a spending 
outcome:  Medicare-FFS spending per beneficiary.  We define Medicare spending as the sum of 
Medicare Part A and Part B spending in 2000 and 2019 for all beneficiaries aged 66+ as of January 

 
40  Drug Overdose deaths for individuals aged 0-11 are 36, of which 21 are opioid-related deaths. Total deaths 

for overdose are 25,333, of which 18,919 are opioid-related. 
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1, 2000, and as of January 1, 2019, in the 5% national random sample, using the 2000 and 2019 
area-SES measures. We report amounts in 2000$.41.  Since Medicare uses administratively set 
prices, Medicare FFS spending is, in effect, a measure of healthcare utilization.   

We use the same base covariates as for other outcomes, plus Charlson comorbidities 
measured in 1999 and 2018.42 We use the OLS analogue to the logit regression in Appendix 
equation (1): 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖 =𝑂𝑂𝑂𝑂𝑂𝑂 𝛼𝛼 + 𝛽𝛽 ∗ 𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖 + 𝛾𝛾𝑖𝑖𝑖𝑖 ∗ 𝑋𝑋𝑖𝑖 + 𝜖𝜖𝑖𝑖 (4) 

We relegated these results to this Appendix after finding that the predictive power of area-
SES measures is generally small relative to the sample mean and often non-monotonic, especially 
after controlling for patient comorbidities. See Table App-15 for zip-code level results.  Predictive 
power is also small in 2000 at Census tract and block-group level (results not reported).  At the 
same time, there is a large jump in coefficients for quintile 5 versus quintile 4, which is seen across 
area-SES measures, but not for Poverty.  The quintile coefficients, and the observed jump from 
quintile 4 to quintile 5, are substantially larger if we do not control for comorbidities. 

The modest predictive power of area-SES measures for Medicare spending in 2000 and 
2019 is reinforced by the ventile graphs (Figure App-6).  At the zip-code level, the ventile estimates 
for SDI, SVI, and TDI are basically flat through ventile 17 in both years, before tilting up for the 
lowest-SES ventiles, more strongly for TDI.  ADIstd takes a negative coefficient across all ventiles 
for both years, relative to the omitted Ventile 1. 

XIX.  Construct Validity (Cronbach’s Alpha) 

Cronbach’s alpha is a measure of the internal consistency of a multielement measure, often 
called construct validity.  It measures the correlation between the elements of the measure.  
Cronbach’s alpha depends on the number of elements, the average correlation among them, and 
the average variance: 

𝛼𝛼 =
𝑁𝑁 ∗ 𝑐𝑐̅

𝑣𝑣 + (𝑁𝑁 − 1)𝑐𝑐 

Here N is equal to the number of items, 𝑐𝑐 is the average covariance among the elements and 𝑣𝑣 is 
the average variance of the elements.  Cronbach’s alpha also increases with the average inter-
element correlation, holding the number of items constant.  Alpha will be low if the average inter-
element correlation is low, or the average variance is high,.  For a measure designed to use a broad 
set of elements, rather than many highly similar elements, one rule of thumb from psychology is 
that α values above 0.7 are considered strong, and values above 0.6 are respectable (Kline, 2000).  

 
41  We apply a discount rate of approximately 1.48 (CPI July 2022/CPI July 2000) to the amounts of 2019. We 

use the Consumer Price Index data for all urban consumers, sourced from the website of the Federal Reserve Bank 
of St. Louis. Link to the data: https://fred.stlouisfed.org/series/CPIAUCSL.  

42  We also include state FE based on prior research, associated with the Dartmouth Atlas project, which we 
confirm with our data, showing large geographic variation in Medicare-FFS spending per beneficiary, which varies in 
2000 from $2,738 in Puerto Rico, and roughly $4,000 in many states, to $7,161 in D.C.  

https://fred.stlouisfed.org/series/CPIAUCSL
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Nunnally and Bernstein (1994) recommend higher values of 0.7-0.8 for applied psychometric 
research. 

Figure App-15 shows Cronbach’s α values for each area-SES measure for 2000 and by 
year for 2011-2021, at tract and ZCTA levels.  Values are generally higher at tract level, and fall 
moderately over 2011-2021.  The values are strong for SDI, SVI, and ADIstd.  They are less 
satisfactory for TDI, but this reflects the small number of elements rather than low inter-element 
correlation.  The much lower values for ADIorig, around 0.2, are far below normal standards for 
measure reliability.  The low values reflect the failure to standardize elements, and the high 
variance of the two elements that dominate the non-standardized index. 

XX.  Absolute and Incremental Pseudo-R2  

A simple measure of the performance of area-SES measures, sometimes used in other 
studies (e.g., Butler et al., 2012) is R2 (or for the binary outcomes we study, estimated using logit, 
pseudo-R2).  We did not use pseudo-R2 in the analysis in text because it is a crude measure that 
cannot easily capture modest differences in predictive value, or aspects of measure reliability such 
as monotonicity.  Also, for an outcome where individual outcomes are hard to predict, R2 will be 
low, but the information added by an area-SES measure can still be important.   

We report results in Table App-20 for pseudo-R2 for our outcomes, at zip-code and tract 
levels, both for the area-SES measures used alone, and for incremental pseudo-R2, in which we 
add an area-SES measure to the other covariates in our regressions and measure the increase in 
pseudo-R2.  We view incremental pseudo-R2 as a better fit for our research question, which is 
about the predictive power of an area-SES measure, when added to other, often available, 
individual-level covariates.  The bottom rows of this table provide averages across outcomes for 
both the measures used alone and for incremental pseudo-R2. 

At the zip-code level, we can study all six outcomes.  There are individual outcomes, for 
which each of SDI, SVI, and ADIstd has higher pseudo-R2 used alone, and for which each has 
higher incremental pseudo-R2.  Averaged across outcomes, incremental pseudo-R2 is 0.25% for 
SDI, ADIstd, and SVImod, and slightly lower at 0.23% for SVI, but meaningfully lower for Poverty 
(0.19%), with TDI having the lowest incremental power (0.15%).  Thus, the signal from pseudo-
R2 is consistent with SDI, ADIstd, and SVImod all being good measures, with similar predictive 
power. 

At the tract level we can study only three outcomes, all-cause elderly mortality, diabetes 
prevalence in 2000, and diabetes incidence over 2000-2005.  The average predictive power of 
ADIstd is now higher than the other measures, at 0.32% versus 0.26% for SDI and 0.28% for 
SVImod.  However, this is driven by our not having available, at tract level, the outcome on which 
ADIstd performed much worse than the other measures.   

At both levels, both the individual covariates we have available and the area-SES measures 
contribute importantly to overall pseudo R2.  Compare Basu and Narayanaswamy (2019), who 
include a broad array of both individual health measures and area-SES elements in a random forest 
prediction model, and find that individual and area measures contribute importantly to prediction 
of poorly controlled diabetes. 
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XXI.  Area Under the ROC Curve  

Another measure of regression goodness of fit is Area under the Receiver Operating 
Characteristics, or ROC, Curve (henceforth, AUC).  For a binary outcome, AUC is the percentage 
of correctly predicted outcomes.  In Table App-21, we report AUC percentages when predicting 
our outcomes using area-SES alone, and the increase in AUC when we add area-SES measures to 
our base set of covariates.  

Consistent with the low-pseudo R2 values in Table App-20, area-SES alone predicts only 
moderately better than random chance, and area-SES, when added to our other covariates, only 
slightly improves prediction.  SDI, SVI, and ADIstd all have higher raw and incremental AUC 
values than Poverty, with TDI again having the least predictive value. 

 



1 
 

Additional References (Not Included in the Text) 

Acevedo-Garcia, Dolores, Nancy McArdle, Erin F. Hardy, Unda Ioana Crisan, Bethany Romano, David Norris, 
Mikyung Baek, and Jason Reece (2014), The child opportunity index: improving collaboration between 
community development and public health, Health Affairs 33(11): 1948-1957.  

Akwo, Elvis A., Edmond K. Kabagambe, Frank E. Harrell Jr., William J. Blot, Justin M. Bachmann, Thomas J. Wang, 
Deepak K. Gupta, and Loren Lipworth (2018), Neighborhood Deprivation Predicts Heart Failure Risk in a 
Low-Income Population of Blacks and Whites in the Southeastern United States, Circulation: Cardovascular 
Quality and Outcomes 11(1): e004052. 

Allik, Mirjam, Alastair Leyland, Maria Yury Travassos Ichihara, Ruth Dundas (2020), Creating small-area deprivation 
indices: a guide for stages and options, Journal of Epidemiology and Community Health 74(1): 20-25. 

Alver, Amalie, Kavita Batra, Arpita Basu, and Kenneth Izuora (2023), Food Diary Completion Does Not Significantly 
Impact Glycemic Control in an Observational Single-Institution Pilot Study of Patients with Type 2 Diabetes 
Mellitus, Cureus 15(6). 

An, Ruopeng, and Xiaoling Xiang (2015), Social Vulnerability and Leisure-time Physical Inactivity Among US 
Adults, American Journal of Health Behaviors 39(6): 751-760. 

Andrews, Marcus R., Kosuke Tamura, Sophie E. Claudel, Samantha Xu, Joniqua N. Ceasar, Billy S. Collins, Steven 
Langerman, Valerie M. Mitchell, Yvonne Bauner, and Tiffany M. Powell-Wiley (2020), Geospatial analysis 
of neighborhood deprivation index (NDI) for the United States by county, Journal of Maps 16(1): 101-112. 

Aris, Izzuddin M., Sheryl L. Rifas-Shiman, Marcia P. Jimenez, Ling-Jun Li, Marie-France Hivert, Emily Oken, and 
Peter James (2021), Neighborhood Child Opportunity Index and Adolescent Cardiometabolic Risk, 
Pediatrics 147(2). 

Attridge, Megan M., Julia A. Heneghan, Manzilat Akande, and Sriram Ramgopal (2023), Association of Pediatric 
Mortality With the Child Opportunity Index Among Children Presenting to the Emergency Department, 
Academic Pediatrics 23(5): 980-987. 

Baehr, Avi, Amanda M. B. Doty, David N. Karp, Kristin L. Rising, Brendan G. Carr, and Rhea E. Powell (2018), 
Developing Data to Support Effective Coordination of Nonprofit Hospital Community Benefit Investments, 
Journal of Healthcare Management 63(4): 271-280. 

Baker, Matthew C., Philip M. Alberti, Tsu-Yu Tsao, Kyle Fluegge, Renata E. Howland, and Merle Haberman (2021), 
Social Determinants Matter for Hospital Readmission Policy:  Insights from New York City, Health Affairs 
40(4): 645-654. 

Barry, Vaughn, Sharoda Dasgupta, Daniel L. Weller, Jennifer L. Kriss, Betsy L. Cadwell, Charles Rose, Cassandra 
Pingali, Trieste Musial, J. Danielle Sharpe, Stephan A. Flores, Kurt J. Greenlund, Anita Patel, Andrea 
Stewart, Judith R. Qualters, LaTreace Harris, Kamil E. Barbour, and Carla L. Black (2021), Patterns in 
COVID-19 vaccination coverage, by social vulnerability and urbanicity - United States, December 14, 2020 
- May 1, 2021, Morbidity and Mortality Weekly Report 70(22): 818-824.   

Basu, Sanjay, and Rajiv Narayanaswamy (2019), A Prediction Model for Uncontrolled Type 2 Diabetes Mellitus 
Incorporating Area-level Social Determinants of Health, Medical Care 57(8): 592-600. 

Bazemore, Andrew W., Erika K Cottrell, Rachel Gold, Lauren S Hughes, Robert L Phillips, Heather Angier, Timothy 
E Burdick, Mark A Carrozza, and Jennifer E DeVoe (2016), “Community vital signs”: incorporating 
geocoded social determinants into electronic records to promote patient and population health, Journal of the 
American Medical Informatics Association 23(2): 407-12. 

Beck, Andrew F., Bin Huang, Kathryn Wheeler, Nikki R. Lawson, Robert S. Kahn, and Carley L. Riley (2017), The 
Child Opportunity Index and Disparities in Pediatric Asthma Hospitalizations Across One Ohio Metropolitan 
Area, 2011-2013, The Journal of Pediatrics 190: 200-206. 

Belak, Lauren, Caroline Owens, Margaret Smith, Eric Calloway, Laura Samnadda, Heartley Eqwuogu, and Stacie 
Schmidt (2022), The impact of medically tailored meals and nutrition therapy on biometric and dietary 



2 
 

outcomes among food-insecure patients with congestive heart failure: a matched cohort study, BMC Nutrition 
8(1): 108. 

Bevan, Graham H., Nasir Khurram, Sanjay Rajagopalan, and Sadeer Al-Kindi (2022), Socioeconomic Deprivation 
and Premature Cardiovascular Mortality in the United States, Mayo Clinic Proceedings 97(6): 1108-1113.  

Bevan, Graham H., Richard Josephson, and Sadeer Al-Kindi (2020). Socioeconomic deprivation and heart failure 
mortality in the United States, Journal of Cardiac Failure 26(12): 1106-1107. 

Bilfinger, Thomas, Allison Nemesure, Robert Pyo, Jonathan Weinstein, Giridhar Korlipara, Daniel Montellese, 
Shamim Khan, Neal Patel, Henry Tannous, Ting-Yu Wang, Ely Garcia, and Susan Callahan (2021), 
Distressed Communities Index in Patients Undergoing Transcatheter Aortic Valve Implantation in an 
Affluent County in New York, Journal of Interventional Cardiology 2021. 

Blanch, Kim (2023), Housing, Poverty, and Health Outcomes. Dela J Public Health 9(2): 104-109. 

Blum, Alexander B., Natalia N. Egorova, Eugene A. Sosunov, Annetine C. Gelijins, Erin DuPree, Alan J. Moskowitz, 
Alex D. Federman, Debora D. Ascheim, and Salomeh Keyhani (2014), Impact of Socioeconomic Status 
Measures on Hospital Profiling in New York City, Circulation: Cardiovascular Quality and Outcomes 7(3): 
391-397. 

Borzecki, Ann M., Marisa Cevasco, Qi Chen, Marlena Shin, Kamal M. F. Itani, and Amy K. Rosen (2011), How Valid 
is the AHRQ Patient Safety Indicator “Postoperative Physiologic and Metabolic Derangement?”, Journal of 
the American College of Surgeons 212(6): 968-976. 

Braveman, Paula, and Laura Gottlieb (2014), The Social Determinants of Health: It’s Time to Consider the Causes of 
the Causes, Public Health Reports 129(2): 19-31. 

Buajitti, Emmalin, Sabrina Chiodo, and Laura C. Rosella (2020), Agreement between area- and individual-level 
income measures in a population-based cohort: Implications for population health research, SSM - Population 
Health 10: 100553. 

Carmichael, Heather, Allison Moore, Lauren Steward, and Catherine G. Velopulos (2020), Disparities in Emergency 
Versus Elective Surgery: Comparing Measures of Neighborhood Social Vulnerability, Journal of Surgical 
Research 256: 397-403.  

Cathorall, Michelle L., Huaibo Xin, Andrew Peachey, Daniel L. Bibeau, Mark Schulz, and Robert Aronson (2015), 
Neighborhood Disadvantage and Variations in Blood Pressure, American Journal of Health Education 46(5): 
266-273. 

Cevasco, Marisa, Ann M. Borzecki, William J. O’Brien, Qi Chen, Marlena H. Shin, Kamal M.F. Itani, and Amy K. 
Rosen (2011), Validity of the AHRQ Patient Safety Indicator “Central Venous Catheter-Related Bloodstream 
Infections”, Journal of the American College of Surgeons 212(6): 984-990. 

Charles, Eric J., James Hunter Mehaffey, Robert B. Hawkins, Clifford E. Fonner, Leora T. Yarboro, Mohammed A. 
Quader, Andy C. Kiser, Jeffrey B. Rich, Alan M. Speir, Irving L. Kron, Margaret C. Tracci, and Gorav 
Ailawadi (2019), Socioeconomic Distressed Communities Index Predicts Risk-Adjusted Mortality After 
Cardiac Surgery, The Annals of Thoracic Surgery 107(6): 1706-1712. 

Chen, Qi, Amy K. Rosen, Ann Borzecki, and Michael Schwartz (2016), Using Harm-Based Weights for the AHRQ 
Patient Safety for Selected Indicators Composite (PSI-90): Does It Affect Assessment of Hospital 
Performance and Financial Penalties in Veterans Health Administration Hospitals, Health Services Research 
51(6): 2140-2157. 

Christine, Paul J., Rebekah Young, Sara D. Adar, Alain G. Bertoni, Michele Heisler, Mercedes R. Carnethon, Rodney 
A. Hayward, and Ana V. Diez Roux (2017), Individual- and Area-Level SES in Diabetes Risk Prediction: 
The Multi-Ethnic Study of Atherosclerosis, American Journal of Preventive Medicine 53(2): 201-209. 

Clarke, Narica and Yewande Alimi (2023), Distressed community index predicts presentation and outcomes after 
ventral hernia, but does it tell the whole story?, The American Journal of Surgery 226(5): 578-579. 

Cottrell Erika K., Jean P O’Malley, Katie Dambrun, Brian Park, Michelle A. Hendricks, Hongzhi Xu, Mary Charlson, 
Andrew Bazemore, Elizabeth A. Shenkman, Abby Sears, Jennifer E. DeVoe (2020a), The Impact of Social 



3 
 

and Clinical Complexity on Diabetes Control Measures, Journal of the American Board of Family Medicine 
33(4): 600-610. 

Cottrell Erika K., Jean P O’Malley, Katie Dambrun, Brian Park, Michelle A. Hendricks, Hongzhi Xu, Mary Charlson, 
Andrew Bazemore, Elizabeth A. Shenkman, Abby Sears, Jennifer E. DeVoe (2020b), Comparison of 
Community-Level and Patient-Level Social Risk Data in a Network of Community Health Centers, JAMA 
Network Open 3(10): e2016852. 

Coy, Tyler, Ellen Brinza, Sarah DeLozier, Heather L. Gornik, Allison R. Webel, Cristopher T. Longenecker, and 
Khendi T. White Solaru (2023), Black men’s awareness of peripheral artery disease and acceptability of 
screening in barbershops: a qualitative analysis, BMC Public Health 23(1): 46. 

Crawford, Sara, and Jesse Schold (2019), Association Between Geographic Measures of Socioeconomic Status and 
Deprivation and Major Surgical Outcomes, Medical Care 57(12): 949-959. 

Dasgupta, Sharoda, Virginia B. Bowen, Andrew Leidner, Kelly Fletcher, Trieste Musial, Charles Rose, Amy Cha, 
Gloria Kang, Emilio Dirlikov, Eric Pevzner, Dale Rose, Matthew D. Ritchey, Julie Villanueva, Celeste 
Philip, Leandris Liburd L, and Alexandra M. Oster (2020), Association between social vulnerability and a 
county’s risk for becoming a COVID-19 hotspot - United States, June 1 - July 25, 2020, Morbidity and 
Mortality Weekly Report 69(42): 1535-1541.   

Deaton, Angus (2003), Health, Inequality, and Economic Development, Journal of Economic Literature 41(1): 113-
58. 

Diaz, Adrian,_J. Madison Hyer, Elizabeth Barmash, Rosevine Azap, Anghela Z. Paredes, and Timothy M. Pawlik 
(2021), County-level Social Vulnerability is Associated With Worse Surgical Outcomes Especially Among 
Minority Patients, Annals of Surgery 274(6): 881-891. 

Duffin, Renea (2017), Bridging the Gap: Early Detection of Cancer for the Medically Underserved, Oncology Issues 
32(1): 66-74. 

Durfey, Shayla N.M., Amy J.H. Kind, William R. Buckingham, Eva H. DuGoff, and Amal N. Trivedi (2019), 
Neighborhood Disadvantage and Chronic Disease Management, Health Services Research 54(1): 206-216. 

Economic Innovation Group (2020), Distressed Communities Index. 

Esselen, Katharine M., Hannah Stack-Dunnbier, Annika Gompers, and Michele R. Hacker (2021), Gynecologic 
Oncology 161(2): 595-600. 

Evans, William N. and Stephen E. Snyder (2006), The impact of income on mortality: evidence from the Social 
Security notch, Review of Economics and Statistics 88(3): 482-495. 

Flanagan, Barry E., Elaine J. Hallisey, Erica Adams., and Amy Lavery (2018), Measuring Community Vulnerability 
to Natural and Anthropogenic Hazards: The Centers for Disease Control and Prevention’s Social 
Vulnerability Index, Journal of Environmental Health 80(10), 34-36. 

Flanagan, Barry, Elaine Hallisey, J. Danielle Sharpe, Caitlin E. Mertzlufft, and Marissa Grossman (2021), On the 
validity of validation: A commentary on Rufat, Tate, Emrich, and Antolini’s “How valid are social 
vulnerability models?”, Annals of the American Association of Geographers 111(4): em-i-em-vi. 

Fletcher, Kelly M., Julie Espey, Marissa Grossman, J. Danielle Sharpe, Frank C. Curriero, Grete E. Wilt, Gregory 
Sunshine, Amanda Moreland, Mara Howard-Williams, J. Gabriel Ramos, Danilo Giuffrida, Macarena C. 
García, William M. Harnett, and Stephanie Foster (2021), Social vulnerability and county stay-at-home 
behavior during COVID-19 stay-at-home orders, United States, April 7-April 20, 2020, Annals of 
Epidemiology 64: 76-82.   

Furmanchuk, Al’ona, Mei Liu, . . ., Abel Kho, and Bernard Black (2021), The Effect of the Affordable Care Act on 
Diabetes Care at Major Health Centers: Newly Detected Diabetes, and Diabetes Medication Management, 
BMJ Open Diabetes Research and Care 9 (1): e002205. 

Galiatsatos, Panagis, Amber Follin, Fahid Alghanim, Melissa Sherry, Carol Sylvester, Yamisi Daniel, Arjun 
Chanmugam, Jennifer Townsend, Suchi Saria, Amy J. Kind, and Edward Chen (2020), The association 
between neighborhood socioeconomic disadvantage and readmissions for patients hospitalized with sepsis, 
Critical Care Medicine 48(6): 808-814. 



4 
 

Gay, Jennifer L., Sara W. Robb, Kelsey M. Benson, and Alice White (2016), Can the Social Vulnerability Index Be 
Used for More Than Emergency Preparedness:  An Examination Using Youth Physical Fitness Data, Journal 
of Physical Activity and Health 13(2): 121-130. 

Ghirimoldi, Federico M., Susanne Schmidt, Richard C. Simon, Chen-Pin Wang, Zhu Wang, Bradley B. Brimhall, 
Paul Damien, Eric E. Moffett, Laura S. Manuel, Zaheer U. Sarwar, and Paula K. Shireman (2021), 
Association of Socioeconomic Area Deprivation Index with Hospital Readmissions After Colon and Rectal 
Surgery, Journal of Gastrointestinal Surgery 25: 795-808. 

Green Beverly B., Annie E. Larson, Nathalie Huguet, Heather Angier, Steele Valenzuela, and Miguel Marino. (2022), 
High Blood Pressure Reduction, Health Insurance Status, and Social Deprivation Index in US Community 
Health Centers, AJPM Focus 1(2): 100018. 

Griggs, Stephanie, Christine Horvat Davey, Quiana Howard, Grant Pignatiello, and Deepesh Duwadi (2022), 
Socioeconomic Deprivation, Sleep Duration, and Mental Health during the First Year of the COVID-19 
Pandemic, International Journal of Environmental Research and Public Health 19(21): 14367. 

Hawkins, Robert B., Eric J. Charles, James Hunter Mehaffey, Carlin A. Williams, William P. Robinson, Gilbert R. 
Upchurch, John A. Kern, and Margaret C. Tracci (2019), Socioeconomic Distressed Communities Index 
associated with worse limb-related outcomes after infrainguinal bypass, Journal of Vascular Surgery 70(3): 
786-794. 

Hickner, John, Scott A. Smith, Naomi Yount, and Joann Sorra (2016), Differing perceptions of safety culture across 
job roles in the ambulatory setting: analysis of the AHRQ Medical Office Survey on Patient Safety Culture, 
BMJ Quality and Safety 25(8): 588-594. 

Ho, Brandon J., Alexandra Rucker, Meleah D. Boyle, Gia M. Badolato, and Monika K. Goyal (2022), Relationship 
Between Food Insecurity and Neighborhood Child Opportunity Index, The Journal of Pediatrics 245: 123-
128. 

Hu, Jianhui, Amy J.H. Kind, and David Nerenz (2018), Area deprivation index predicts readmission risk at an urban 
teaching hospital, American Journal of Medical Quality, 33(5): 493-501.   

Hu, Jianhui, Christie M. Bartels, Richard A. Rovin, Laura E. Lamb, Amy J. H. Kind, and David R. Nerenz (2021), 
Race, Ethnicity, Neighborhood Characteristics, and In-Hospital Coronavirus Disease-2019 Mortality, 
Medical Care 59(10):888-892.   

Huang, Dih-Dih, Mahmoud Z. Shehada, Kristina M. Chapple, Nathaniel S. Rubalcava, Jonathan L. Dameworth, 
Pamela W. Goslar, Sharjeel Israr, Scott R. Peterson, and Jordan A. Weinberg (2018), Community Need Index 
(CNI): a simple tool to predict emergency department utilization after hospital discharge from the trauma 
service, Trauma Surgery and Acute Care Open 4(1): e000239. 

Hughes, Michelle M., Alice Wang, Marissa K. Grossman, Eugene Pun, Ari Whiteman, Elaine Hallisey, J. Danielle 
Sharpe, Emily N. Ussery, Shannon Stokley, Trieste Musial, Daniel L. Weller, Bhavini P. Murthy, Laura 
Reynolds, Lynn Gibbs-Scharf, LaTreace Harris, Matt D. Ritchey, and Robin L. Toblin (2021), County-Level 
COVID-19 vaccination coverage and social vulnerability - United States, December 14, 2020-March 1, 2021, 
Morbidity and Mortality Weekly Report 70(12): 431-436.   

Hunt JFV, Vogt NM, Jonaitis EM, Buckingham WR, Koscik RL, Zuelsdorff M, Clark LR, Gleason CE, Yu M, 
Okonkwo O, Johnson SC, Asthana S, Bendlin BB, Kind AJH. Association of neighborhood context, 
cognitive decline, and cortical change in an unimpaired cohort. Neurology. 2021;96(20):e2500-e2512.  

Ingleby, Fiona C., Aurélien Belot, Iain Atherton, Matthew Baker3 Lucy Elliss-Brookes, and Laura M Woods (2020), 
Assessment of the concordance between individual-level and area-level measures of socio-economic 
deprivation in a cancer patient cohort in England and Wales, BMJ Open 10(11): e041714. 

Iyiola, Olugbenga, and Monika Akbar (2021), Demographic Data-driven Deprivation Index for Predicting Chronic 
Diseases, IEEE International Conference on Big Data (Big Data) 4277-4286. 

Jencks, Stephen F., Alyson Schuster, Geoff B. Dougherty, Sule Gerovich, Jane E. Brock, and Amy J.H. Kind (2019), 
Safety-net Hospitals, Neighborhood Disadvantage, and Readmissions: An Observational Study under 
Maryland's All-Payer Program, Annals of Internal Medicine, 171(2):91-98.   



5 
 

Jensen, Katherine J. (2020), Socioeconomic Distressed Communities Index Associated with Higher Burden of 
Amputation in Diabetic Peripheral Arterial Disease, Foot and Ankle Orthopaedics 5(4): 2473011420S00271. 

Kaiser, Sunitha V., Matthew Hall, Jessica L. Bettenhausen, Marion R. Sills, Jennifer A. Hoffmann, Clemens Noelke, 
Rustin B. Morse, Michelle A. Lopez, and Kavita Parikh (2022), Neighborhood Child Opportunity and 
Emergency Department Utilization, Pediatrics 150(4): e2021056098. 

Kind, Amy J.H., Steve Jencks, Jane Brock, Menggang Yu, Christie Bartels, William Ehlenbach, Caprice Greenberg, 
and Maureen Smith (2014), Neighborhood Socioeconomic Disadvantage and 30-Day Rehospitalization, 
Annals of Internal Medicine 161(11), 765-774. 

Kind, Amy J.H., and William R. Buckingham (2018), Making Neighborhood Disadvantage Metrics Accessible - the 
Neighborhood Atlas, New England Journal of Medicine 378(26): 2456-2458.  

Kline, Paul (2000). Handbook of psychological testing,  New York, NY: Routledge.  

Knighton, Andrew J., Lucy Savitz, Tom Belnap, and Brad Stephenson, and James VanDerslice (2016), Introduction 
of an Area Deprivation Index Measuring Patient Socio-economic Status in an Integrated Health System: 
Implications for Population Health. eEGEMs Generating Evidence and Methods to Improve Patient 
Outcomes 4(3).   

Kolak, Marynia, Jay Bhatt, Yoon Hong Park, Norma A. Padrón, and Ayrin Molefe (2020), Quantification of 
Neighborhood-Level Social Determinants of Health in the Continental United States, JAMA Network Open 
3(1): e1919928. 

Kramer, Michael R., Anne L. Dunlop & Carol J. R. Hogue (2013), Measuring Women’s Cumulative Neighborhood 
Deprivation Exposure Using Longitudinally Linked Vital Records: A Method for Life Course MCH 
Research, Maternal and Child Health Journal 18: 478-487. 

Laraia, Barbara A., Andrew J. Karter, E. Margaret Warton, Dean Schillinger, Howard H. Moffet, and Nancy Adler 
(2012), Place matters: Neighborhood deprivation and cardiometabolic risk factors in the Diabetes Study of 
Northern California (DISTANCE), Social Science & Medicine 74(7): 1082-1090. 

Lehnert, Erica A., Grete Wilt, Barry Flanagan, and Elaine Hallisey (2020), Spatial exploration of the CDC’s Social 
Vulnerability Index and heat-related health outcomes in Georgia, International Journal of Disaster Risk 
Reduction 46:101517. 

Li, Zheng, Brian Lewis, Kevin Berney, Elaine Hallisey, Austin M. Williams, Ari Whiteman, Luis O. Rivera-González, 
Kristie E. N. Clarke, Heather B. Clayton, Terry Tincher, Jean D. Opsomer, Michael P. Busch, Adi V. 
Gundlapalli, and Jefferson M. Jones (2022), Social vulnerability and rurality associated with higher SARS-
CoV-2 infection-induced seroprevalence: A nationwide blood donor study, United States, July 2020 - June 
2021, Clinical Infectious Diseases 75(1): e133-e143. 

Lian, Min, James Struthers, and Ying Liu (2016), Statistical Assessment of Neighborhood Socioeconomic Deprivation 
Environment in Spatial Epidemiologic Studies, Open Journal of Statistics 6(3): 436-442. 

Liaw, Winston, Alex H. Krist, Sebastian T. Tong, Roy Sabo, Camille Hochheimer, Jennifer Rankin, David Grolling, 
Jene Grandmont, and Andrew W. Bazemore (2018), Living in “Cold Spot” Communities Is Associated with 
Poor Health and Health Quality, Journal of the American Board of Family Medicine 31(3): 342-350. 

López De Fede, Ana, John E. Stewart, Muriel J. Harris, and Kathy Mayfield-Smith (2016), Comparison of small-area 
deprivation measures as predictors of chronic disease burden in a low-income population, International 
Journal for Equity in Health 15: 1-12. 

Lucas Jennifer A., Miguel Marino, Sophia Giebultowicz, Katie Fankhauser, Sophia F. Suglia, Steffani R. Bailey, 
Andrew Bazemore, John Heintzman (2021), Mobility and social deprivation on primary care utilization 
among pediatric patients with asthma, Family Medicine and Community Health, 9(3): e001085. 

Ludwig, Jens, Lisa Sanbonmatsu, Lisa Gennetian, Emma Adam, Greg J. Duncan, Lawrence F. Katz, Ronald C. 
Kessler, Jeffrey R. Kling, Stacy Tessler Lindau, Robert C. Whitaker, and Thomas W. McDade (2011), 
Neighborhoods, Obesity, and Diabetes - A Randomized Social Experiment, New England Journal of 
Medicine 365(16): 1509-1519. 



6 
 

Ma, Xiaoguang, Nancy L. Fleischer, Jihong Liu, James W. Hardin, Guang Zhao, and Angela D. Liese (2015), 
Neighborhood deprivation and preterm birth: an application of propensity score matching, Annals of 
Epidemiology 25(2): 120-125 

Makenzius, Marlene, Elisabeth Skoog-Garås, Niclas Lindqvist, Maria Forslund, and Anders Tegnell (2019), Health 
disparities based on neighbourhood and social conditions: Open Comparison - an indicator-based 
comparative study in Sweden, Public Health 174: 97-101.  

Maskal, Sara M., Jenny H. Chang, Ryan C. Ellis, Sharon Phillips, Megan Melland-Smith, Nir Messer, Lucas R.A. 
Beffa, Clayton C. Petro, Ajita S. Prabhu, Michael J. Rose, and Benjamin T. Miller (2023), Distressed 
community index as a predictor of presentation and postoperative outcomes in ventral hernia repair, The 
American Journal of Surgery 226(5): 580-585. 

Mayourian, Joshua, Ella Brown, Karina Javalkar, Emily Bucholz, Kimberlee Gauvreau, Rebecca Beroukhim, Eric 
Feins, John Kheir, John Triedman, and Audrey Dionne (2023), Insight into the Role of the Child Opportunity 
Index on Surgical Outcomes in Congenital Heart Disease, The Journal of Pediatrics 259: 113464. 

Mehaffey, James Hunter, Robert B. Hawkins, Eric J. Charles, Zeyad T. Sahli, Bruce D. Schirmer, and Peter T. 
Hallowell (2019), Socioeconomically Distressed Communities Associated With Long-term Mortality After 
Bariatric Surgery (2019), Journal of Surgical Research 243: 8-13. 

Mehaffey, James Hunter, Robert B. Hawkins, Eric J. Charles, Dylan Thibault, Matthew L. Williams, Matthew 
Brennan, Vinod H. Thourani, Vinay Badhwar, and Gorav Ailawadi (2020), Distressed communities are 
associated with worse outcomes after coronary artery bypass surgery, The Journal of Thoracic and 
Cardiovascular Surgery 160(2): 425-432. 

Mentias, Amgad, Milind Y. Desai, Mary S. Vaughan-Sarrazin, Shreya Rao, Alanna A. Morris, Jennifer L. Hall, Venu 
Menon, Jason Hockenberry, Mario Sims, Gregg C. Fonarow, Saket Girotra and Ambarish Pandey (2021), 
Community-Level Economic Distress, Race, and Risk of Adverse Outcomes After Heart Failure 
Hospitalization Among Medicare Beneficiaries, Circulation 145(2): 110-121. 

Messer, Lynne C., Barbara A. Laraia, Jay S. Kaufman, Janet Eyster, Claudia Holzman, Jennifer Culhane, Irma Elo, 
Jessica G. Burke, and Patricia. O’Campo (2006), The Development of a Standardized Neighborhood 
Deprivation Index, Journal of Urban Health 83(6): 1041-1062. 

Michaels, Alex D., Max O. Meneveau, Robert B. Hawkins, Eric J. Charles, and J. Hunter Mehaffey (2021), 
Socioeconomic risk-adjustment with the Area Deprivation Index predicts surgical morbidity and cost, 
Surgery 170(5): 1495-1500. 

Moody, Heather A., Joe T. Darden, and Bruce W. Pigozzi (2016), The Relationship of Neighborhood Socioeconomic 
Differences and Racial Residential Segregation to Childhood Blood Lead Levels in Metropolitan Detroit, 
Journal of Urban Health 93(5): 820-839. 

Mora, Javier, Ashley N. Krepline, Mohammed Aldakkak, Kathleen K. Christians, Ben George, William A. Hall, Beth 
A. Erickson, Naveen Kulkarni, Douglas B. Evans, and Susan Tsai (2020), Adjuvant therapy rates and overall 
survival in patients with localized pancreatic cancer from high Area Deprivation Index neighborhoods, The 
American Journal of Surgery 222(1): 10-17. 

Moss, Jennifer L., Norman J. Johnson, Mandi Yu, Sean F. Altekruse, and Kathleen A. Cronin (2021), Comparisons 
of individual- and area-level socioeconomic status as proxies for individual-level measures: evidence from 
the Mortality Disparities in American Communities study, BMC 19(1): 1-10. 

Noelke, Clemens, Nancy McArdle, Mikyung Baek, Nick Huntington, Rebecca Huber, Erin Hardy, and Dolores 
Acevedo-Garcia (2020), Child Opportunity Index 2.0 Technical Documentation. Retrieved from: 
diversitydatakids.org/researchlibrary/research-brief/how-we-built-it. 

Nunnally, Jum C.; Bernstein, Ira H. (1994). Psychometric theory (3rd ed.). McGraw-Hill. 

O’Campo, Patricia, Jessica G. Burke, Jennifer Culhane, Irma T. Elo, Janet Eyster, Claudia Holzman, Lynne C. Messer, 
Jay S. Kaufman, and Barbara A. Laraia (2008), Neighborhood Deprivation and Preterm Birth among Non-
Hispanic Black and White Women in Eight Geographic Areas in the United States, American Journal of 
Epidemiology 167(2): 155-163. 



7 
 

Opara, Ijeoma, Daneele Thorpe, and David T. Lardier Jr. (2022), School Absenteeism and Neighborhood Deprivation 
and Threat: Utilizing the Child Opportunity Index to Assess for Neighborhood-Level Disparities in Passaic 
County, NJ. Urban Education 0(0). 

Ortega, Sigolène, Megan Stamey McAlvain, Katherine J. Briant, Sarah Hohl, and Beti Thompson (2018), Perspectives 
of Community Advisory Board Members in a Community-Academic Partnership, Journal of Health Care 
for the Poor and Underserved 29(4): 1529-1543. 

Patel, Krishna K., Nirav Vakharia, James Pile, Erik H. Howell and Michael B. Rothberg (2016), Preventable 
Admissions on a General Medicine Service: Prevalence, Causes and Comparison with AHRQ Prevention 
Quality Indicators—A Cross-Sectional Analysis. Journal of General Internal Medicine 31: 597-601. 

Patel, Shivani A., Maya Krasnow, Kaitlyn Long, Theresa Shirey, Neal Dickert, Alanna A. Morris (2020, Excess 30-
Day Heart Failure Readmissions and Mortality in Black Patients Increases With Neighborhood Deprivation, 
Circulation and Heart Failure 13(12): e007947. 

Phelos, Heather M., Andrew-Paul Deeb, and Joshua B. Brown (2022), Can Social Vulnerability Indices Predict 
County Trauma Fatality Rates? The Journal of Trauma and Acute Care Surgery 91(2): 399-405. 

Powell, W. Ryan, William R. Buckingham, Jamie L. Larson, Leigha Vilen, Menggang Yu, M. Shahriar Salamat, 
Barbara B. Bendlin, Robert A. Rissman, and Amy J.H. Kind (2020), Association of Neighborhood-Level 
Disadvantage With Alzheimer Disease Neuropathology, JAMA Network Open 3(6): e207559-e207559.   

Powell-Willey, Tiffany, Colby Ayers, Priscilla Agyemang, Tammy Leonard, David Berrigan, Rachel Ballard-
Barbash, Min Lian, Sandeep R. Das, Christine M. Hoehner (2014), Neighborhood-level socioeconomic 
deprivation predicts weight-gain in a multi-ethnic population: Longitudinal data from the Dallas Heart Study, 
Preventative Medicine 66: 22-27.  

Putnam, Luke R., KuoJen Tsao, Hoang T. Nguyen, Caroline M. Kellagher, Kevin P. Lally, and Mary T. Austin (2016), 
The Impact of Socioeconomic Status on Appendiceal Perforation in Pediatric Appendicitis, Journal of 
Pediatrics 170: 156-160. 

Rahman, Momotazur, David J. Meyers, and Brad Wright (2020), Unintended Consequences of Observation Stay Use 
May Disproportionately Burden Medicare Beneficiaries in Disadvantaged Neighborhoods, Mayo Clinical 
Proceedings, 95(12): 2589-2591.  

Ramesh, Balaji, Meredith A. Jagger, Benjamin Zaitchik, Korine N. Kolivras, Samarth Swarup, Lauren Deanes, Elaine 
Hallisey, J. Danielle Sharpe, and Julia M. Gohlke (2022), Flooding and emergency department visits: Effect 
modification by the CDC/ATSDR Social Vulnerability Index. International Journal of Disaster Risk 
Reduction, 76: 102986. 

Ramgopal, Sriram, Lindsay Jaeger, Angelica Cercone, Christian Margin-Gill and Jennifer Fishe (2022), The Child 
Opportunity Index and Pediatric Emergency Medical Services Utilization, Prehospital Emergency Care 
27(2): 238-245. 

Ramgopal, Sriram, Megan Attridge, Manzilat Akande, Denise M. Goodman, Julia A. Heneghan, and 
Michelle L. Macy (2022), Distribution of emergency department encounters and subsequent hospital admissions for 
children by child opportunity index, Academic Pediatrics 22(8): 1468-1476. 

Rice, LaShanta J., Chengsheng Jiang, Sacoby M. Wilson, Kristen Burwell-Naney, Ashook Samantapudi, and 
Hongmei Zhang (2014), Use of Segregation Indices, Townsend Index, and Air Toxics Data to Assess 
Lifetime Cancer Risk Disparities in Metropolitan Charleston, South Carolina, USA, International Journal of 
Environmental Research and Public Health 11(5): 5510-5526. 

Rickless David S., Grete E. Wilt, J. Danielle Sharpe, Noelle Molinari, William Stephens, and Tanya T. LeBlanc 
(2023), Social vulnerability and access of local medical care during Hurricane Harvey: A spatial analysis, 
Disaster Medicine and Public Health Preparedness 17: e12.   

Rosen, Amy K., Susan Loveland, Marlena Shin, Michael Schwartz, Amresh Hanchate, Qi Chen, Haytham M.A. 
Kaafarani, and Ann Borzecki (2013), Examining the Impact of the AHRQ Patient Safety Indicators (PSIs) 
on the Veterans Health Administration: The Case of Readmissions, Medical Care 51(1): 37-44. 

https://www.sciencedirect.com/science/article/pii/S1876285922002923
https://www.sciencedirect.com/science/article/pii/S1876285922002923


8 
 

Roth Richard, and Eileen Barsi (2005). The community need index. A new tool pinpoints health care disparities in 
communities throughout the nation, Health Progress 86(4): 32-38. 

Schempf, Ashley H., Jay S. Kaufman, Lynne C. Messer, and Pauline Mendola (2011), The Neighborhood Contribution 
to Black-White Perinatal Disparities:  An Example from Two North Carolina Counties, 1999-2001, American 
Journal of Epidemiology 174(6): 744-752.  

Sharpe, J. Danielle, and David S. Rickless (2021), Hurricane disasters as a public health problem: The Hurricane 
Harvey disaster in Texas. Public Health Emergencies: Case Studies, Competencies, and Essential Services 
of Public Health: 97-113. 

Sheehy, Ann M., W. Ryan Powell, Farah A. Kaiksow, William R. Buckingham, Christie M. Bartels, Jen Birstler, 
Menggang Yu, Andrea G. Bykovskyi, Fangfang Shi, and Amy J.H. Kind (2020), Thirty-Day Re-observation, 
Chronic Re-observation, and Neighborhood Disadvantage, Mayo Clinical Proceedings 95(12): 2644-2654. 

Silver, Elisabeth R., Han Q. Truong, and Sassan Ostvar (2020), Association of Neighborhood Deprivation Index With 
Success in Cancer Care Crowdfunding, JAMA Network Open 3(12): e2026946. 

Sinay, Tony, Veronica Acosta-Deprez, and Erlyana Erlyana (2014), Health Needs Assessment In Inner Cities: Does 
Zip Code Analysis Reveal Better Results?, Journal of Health Care Finance 41(2). 

Sorra, Joann S. and Namoi Dyer (2010), Multilevel psychometric properties of the AHRQ hospital survey on patient 
safety culture, BMC Health Services Research 10(1): 1-13 

Sorra, Joann, Kabir Khanna, Naomi Dyer, Russ Mardon, and Theresa Famolaro (2012), Exploring Relationships 
Between Patient Safety Culture and Patients’ Assessments of Hospital Care, Journal of Patient Safety 8(3): 
131-139. 

Subramanian, S.V., Jarvis T. Chen, David H. Rehkopf, Pamela D. Waterman, and Nancy Krieger (2005), Comparing 
Individual- and Area-based Socioeconomic Measures for the Surveillance of Health Disparities: A Multilevel 
Analysis of Massachusetts Births, 1989-1991, American Journal of Epidemiology 164(9): 823-834. 

Troppy, Scott, Grete E. Wilt, Ari Whiteman, Elaine Hallisey, Molly Crockett, J. Danielle Sharpe, Gillian Haney, 
Kevin Cranston, and R. Monina Klevens (2021), Geographic associations between social factors and SARS-
CoV-2 testing early in the COVID-19 pandemic, February-June 2020, Massachusetts, Public Health Reports 
136(6):765-773.   

Walker, Ashby F., Hui Hu, Nicolas Cuttriss, Claudia Anez-Zabala, Katarina Yabut, Michael J. Haller, and David M. 
Maahs (2020), The Neighborhood Deprivation Index and Provider Geocoding Identify Critical Catchment 
Areas for Diabetes Outreach, The Journal of Clinical Endocrinology & Metabolism 105(9): 3069-3075. 

Weissman, Sharon, Wayne A. Duffus, Medha Vyavaharkar, Ashok Varma Samantapudi, Kirk A. Shull, Teresa G. 
Stephens, Hrishikesh Chakraborty (2013), Defining the Rural HIV Epidemic: Correlations of 3 Definitions—
South Carolina, 2005-2011, The Journal of Rural Health 30(3): 275-283. 

White, Michael C., Craig I. Coleman, Kimberly Jackman, and Yuani M. Roman (2019), AHRQ Series on Improving 
Translation of Evidence: Linking Evidence Reports and Performance Measures to Help Learning Health 
Systems Use New Information for Improvement, The Joint Commission Journal on Quality and Patient 
Safety 45(10): 706-710. 

Wolkin, Amy., Jennifer R. Patterson, Shelly Harris, Elena Soler, Sherry Burrer, Michael McGeehin, and Sandra 
Greene (2015), Reducing Public Health Risk During Disasters: Identifying Social Vulnerabilities, Journal of 
Homeland Security and Emergency Management 12(4), 809-822 

Yost, Kathleen, Carin Perkins, Richard Cohen, Cyllene Morris, and William Wright (2001), Socioeconomic status 
and breast cancer incidence in California for different race/ethnic groups, Cancer Causes Control 12(8): 703-
711. 

Yu, Mandi, Zaria Tatalovich, James T. Gibson, and Kathleen A. Cronin (2014), Using a composite index of 
socioeconomic status to investigate health disparities while protecting the confidentiality of cancer registry 
data, Cancer Causes Control 25: 81-92. 



9 
 

Zelenina, Anastasia, Svetlana Shalnova, Sergey Maksimov, and Oksana Drapkina (2022), Characteristics of 
Composite Deprivation Indices Used in Public Health: A Scoping Review Protocol, International Journal of 
Environmental Research Public Health 19(17): 10565. 

 



10 
 

Table App-1.  Summary of ACS-5-year and 2000 Census Tables used to build each area-SES Measure 
Table is an expanded version of text Table 1, which indicates which ACS and 2000 Census tables contain the data for each element, used in each area-SES measure. 
The ACS tables generally allow us to build the area-SES measures at county and tract levels from 2010-2021; ZCTA level from 2011-2021, and block-group level 
from 2013-2021.  We were able to build the individual area-SES measures for all years.  Footnotes indicate cases where we used a different ACS data table for a 
specific geographic level or specific year because the ACS table did not contain the element.  Red = removed in modified SVI measure.  Blue = measure used in 
SVI2020 only. The ACS elements are 5-year averages. Number in the SVI columns indicates the SVI “theme” to which each SVI element belongs.43 Source for 
2000 Census data:  https://data2.nhgis.org/; Source for ACS data:  https://data.census.gov/. 

Data element TDI SDI ADI SVI SVI2020 ACS 2000 Census 
Education        
did not complete high school (< 12 years)  x  1 1 B1500344,45 P037 
low education (< 9 years)   x   B15003 P037 
high education (12+ years)46   x   B15003 P037 
Income/Poverty47        
below federal poverty line  x  1  B17021 P087 
family poverty rate   x   B17010 P090 
below 150% of poverty line   x  1 C1700248 P088 
median family income   x   B1911349 P077 
income disparity   x   B19001 P052 
per capita income    1  B19301 P082 
no health insurance     1 B27010 - 
occupational composition   x   C24010 P050 

 
43  SVI is computed by starting with percentile range of the elements, summing them within each of four “themes”; converting the theme scores to 

percentiles; summing those percentiles, and then computing an overall percentile. The SVI themes are (1) socio-economic status; (2) household composition; (3) 
minority status; and (4) housing and transportation.  

44 Table B15003, which covers population aged 25+, is not available at ZCTA level in 2011; we substitute it with Table B15001, which contains age and 
gender breakdowns for persons aged 18+. Age categories are 18-24, 25-34, 35-44, 45-64, 65+.  

45 In 2010 and 2011, Table B15003 is not available at the county level as a 5-year average. We substitute Table B15003 with Table B15001.  
46 Equals 1 – (did not complete HS)).  
47 All poverty-related tables are limited to persons for whom poverty status is known.  
48 For 2015-2018, Table C17002 is not available at the county level. We substitute it with Table B17026 “Ratio of income to poverty level of families in the 

past 12 months”, and which is for “families” rather than “households.”  
49 Table B19113 (median family income) is not available at block-group level for 2015-2016. We use Table B19013 (median household income). Consistent 

with Petterson (2023), we achieve close replication of reported ADIrep to ADIorig if we use median household income instead of median family income for all 
years, even when median family income (the element ADI says it uses) is available at the block-group level.  

https://data2.nhgis.org/
https://data.census.gov/
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Data element TDI SDI ADI SVI SVI2020 ACS 2000 Census 
unemployed 16+ x  x 1 1 B2302550 P043 
non-employed 16-6451  x    B23025 PCT03552 
Household Composition        
single parent  x x 2 2 B11005 P010 
Disabled 53    2 2 B1810154,55 P042 
Elderly 56    2 2 B01001 P008 
Children 57    2 2 B01001 P008 
minority58    3 3 B03002 P007 
non-English speaking    3 2 B16004 P019 
Housing        
crowded households x x x 4 4 B25014 H020 
renter occupied units59 x x    B25014 H007 
owner occupied units   x   B25014 H007 

 
50 Table B23025 is not available at the tract level for 2010. We substitute it with Table B23001 “Sex by age by employment status for the population 16 

years and over”.  
51 ACS does not have a non-employed variable, so we proceed as follows, and then confirm that we can then replicate the SDI for 2015 posted on the 

Graham website. Population aged 16+ is divided into labor force and not in the labor force, labor force is then divided into civilian labor force and armed forces, 
civilian labor force is further split into employed and unemployed. Percentage unemployed is defined as unemployed/civilian labor force. We define percentage 
non-employed as (unemployed + not in the labor force)/(civilian labor force + not in the labor force).  

52 Table PCT035 is not available at block-group level. We use Table P043 “Sex by employment status for the population 16 years and over”.  
53  Omitted in 2010 and 2011 because the disability measure is not available from ACS.  The original SVI omits this variable in 2010 for this reason.  

Disabled is measured for ages 5+ in 2000, and for all ages for 2012 on. 
54 Table B18101 provides estimates of disability for the entire population by age groups (under 5, 5-17, 18-34, 35-64, 65-74, 75+), is not available for 2010-

2011 and we could not find a good substitute.  Thus, we did not compute SVI at any level for these years. 
55 Table B18101 is not available at the block-group level. We substitute Table C21007, which uses a different denominator – it provides % disabled for 

population aged 18+ (for persons for whom poverty status is determined), and compute disability for persons aged 18+.  
56 Butler et al. (2013), at 543, considered this measure, but found that at the Census tract level, it was negative associated with other deprivation measures.  
57 It is not apparent to us that the proportion of children in the population is a sensible measure of social deprivation. Butler et al. (2013), at 543, considered a 

measure of high-needs population consisting of the percent of the population under age 5, or female between 15-44. This measure dropped out of their final index 
due to a factor loading below their cutoff.  

58 Used only in SVI, defined there all persons except non-Hispanic White. Defined using ACS as total of: Black or African American alone + American 
Indian and Alaska Native alone + Asian alone + Native Hawaiian and other Pacific Islander alone + some other race alone + two or more race + Hispanic (white 
alone). Butler et al. (2013) considered percent Black as a measure, but this measure dropped out of their final index due to a factor loading below their cutoff.  

59 Equals 1 – (owner-occupied units).  
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Data element TDI SDI ADI SVI SVI2020 ACS 2000 Census 
median home value   x   B25077 H085 
median gross rent   x   B25064 H063 
median monthly mortgage   x   B25088 H091 
housing cost burden     1 B2510660 - 
no plumbing   x   B25049 H048 
no telephone (ADI thru 2019)61   x   B25043 H043 
no internet connection (ADI from 2020)   x   B28003 - 
multi-unit buildings    4 4 B25032 H030 
mobile homes    4 4 B25032 H030 
group quarters     4 4 B0901962 P009 
Transportation        
no vehicle x x x 4 4 B25044 H044 

 

 
60 Table B25106 is not available at the block-group level, and there is no good substitute. We assign the tract level values from Table B25106 to all block-

groups in each tract.  
61 Beginning in 2020, ADI replaced the element for no telephone with the element for no internet connection. ACS has Table B28003 for “Presence of a 

computer and type of Internet subscription in household”. This table is available at the tract level from 2013, with 5-year estimates beginning in 2017. For Block 
group and ZCTA, this table is available from 2017. In computing ADI for 2020, we use the factor loading for no telephone. The ADI website does not explain 
what loading the ADI developers used, but ADI otherwise uses factor loadings from Singh (2003), and it would be odd to update the loading for one element but 
not for the other elements.  

62 The same data for group quarters is available from Tables B26001 and B09019 for years and levels where both are available. However (i) Table B09019 is 
not available for 2010-2011; and (ii) Table B26001 is not available at block-group level. We use Table B09019 where available, and B26001 otherwise.  
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Table App-2.  Area-SES Measure Completeness in American Community Survey and 2000 Census 
Based on 50 states plus DC plus Puerto Rico.  Panel A. Number of missing values for each measure in 2000 and 2020. “All measures missing” is based on the 
measures studied. Note that many zip-codes have zero population (e.g., PO Box; big office building); but these will not map to ZCTAs. For block-group level, we 
did not determine whether any block-groups have zero population, but it would be odd for Census to divide an empty Census tract into block-groups.  Panel B. 
Table indicates principal elements for which ADI has largest number of missing values at block-group level in 2020. None of these elements are used in the other 
three area-SES measures. 

Panel A.  Number of missing values 

 2000 Census 2020 ACS 
 County ZCTA Tract Block Group County ZCTA Tract Block Group 
Total records 3,219 33,178 66,304 211,267 3,221 33,120 85,395 242,335 
Net (populated) 3,219 31,951 65,904 209,462 3,221 32,750 84,522 240,096 
Missing values         
TDI 0 105 145 397 0 437 264 732 
SDI 0 116 149 338 0 264 252 641 
ADIstd, ADIorig, ADImod 2 1,462 1,539 19,493 18 8,151 12,594 130,624 
SVI, SVImod 0 110 150 420 0 637 301 898 
SVI2020, SVImod,2020     0 444 268 751 
% in poverty 0 47 78 213 0 210 199 506 
All measures missing 0 47 78 213 0 210 199 506 
All measures exist 3,217 30,488 64,364 190,689 3,203 24,599 71,928 109,472 

Panel B.  Sources of missing data for ADI in 2020 

ADI element No. of missing values 
Income disparity 66,593 
Median gross rent 62,141 
Median mortgage 33,519 
Median family income 25,380 
Median home value 21,316 
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Table App-3.  Summary, by SDI Quintile, of Elements used to build area-SES Measures at ZCTA level 
Table indicates means for SDI quintiles of data elements used to build each area-SES measure. Red = removed in SVImod. Blue: new elements of SVI2020. Table 
entries are 5-year averages.  

Data elements 2000 
    

2020 
    

SDI Quintiles 1 2 3 4 5 1 2 3 4 5 
Education           
did not complete HS (%) 10.51 15.25 18.93 24.23 33.48 4.37 7.63 10.32 14.10 21.29 
low education (< 9 years) (%) 3.42 5.42 6.85 9.35 14.70 1.38 2.45 3.61 5.17 8.98 
high education (12+ years) (%) 89.49 84.75 81.07 75.77 66.52 95.63 92.37 89.68 85.90 78.71 
Income/Poverty           
below poverty (%) 3.79 7.53 11.12 15.53 26.49 4.22 8.29 12.23 16.79 25.34 
family poverty rate (%) 2.51 5.28 8.02 11.50 21.73 2.38 5.28 8.10 11.76 20.38 
below 150% of poverty line (%) 9.04 15.31 20.71 26.85 40.33 10.42 15.74 21.07 27.30 38.24 
median family income 66,000 52,158 46,341 40,897 32,445 102,518  86,812  77,307  67,040  52,651  
income disparity  1.94 2.79 3.28 3.72 4.46 1.24 1.73 2.11 2.51 3.17 
per capita income 27,267 21,778 19,687 17,210 14,337 43,206  36,392  32,450  27,979  22,341  
no health insurance (%)      4.75 6.37 8.02 10.08 13.23 
occupational composition (%) 63.47 56.81 53.59 50.50 49.01 62.41 58.12 54.68 51.28 47.40 
unemployed 16+ (%) 3.07 4.29 5.11 6.58 11.15 3.32 4.17 4.92 5.93 8.56 
non-employed 16-64 (%) 16.26 20.50 24.14 29.40 40.31 39.44 41.05 43.43 46.25 49.39 
Household           
single parent (%) 4.81 6.21 7.05 8.25 12.44 8.71 11.85 13.97 16.84 24.38 
disabled (%) 14.63 17.58 19.94 22.42 26.09 12.84 14.04 15.74 17.36 17.69 
elderly (%) 13.12 14.90 14.89 14.46 12.61 23.38 21.15 20.62 19.25 15.97 
children (%) 25.39 24.38 24.02 24.26 25.88 19.26 20.26 20.38 21.10 23.65 
minority (%) 7.41 9.73 12.62 19.16 50.19 11.20 14.22 18.38 24.86 50.77 
non-English speaking (%) 0.77 1.11 1.37 2.01 6.32 0.52 0.86 1.24 1.85 5.96 
Housing           
crowded households (%) 1.22 2.21 3.03 4.16 9.99 0.83 1.47 2.06 2.71 5.72 
renter occupied units (%) 16.41 22.71 26.03 28.49 43.35 13.85 20.99 25.41 29.62 41.22 
owner occupied units (%) 83.59 77.29 73.97 71.51 56.65 86.15 79.01 74.59 70.38 58.78 
median home value  157,349 117,458 99,789 86,513 80,946 287,217  236,718  208,944  175,414  157,587  
median gross rent 629 544 504 462 444 1,150  1,020  948  875   831  
median monthly mortgage 1,182 966 875 809 804 1,713  1,515  1,408  1,290  1,238  
no plumbing (%) 0.48 0.66 0.87 1.23 2.46 0.38 0.50 0.61 0.78 1.61 
multi-unit (%) 3.58 5.48 6.67 6.30 15.38 2.12 4.34 5.85 6.11 9.29 
mobile homes (%) 6.01 10.26 13.83 16.93 12.92 6.07 8.32 11.28 14.26 13.49 
group quarters (%) 1.17 1.68 2.33 3.20 5.62 1.50 1.58 2.11 2.69 3.44 
housing cost burden (%) - - - - - 16.19 19.76 21.71 24.07 29.67 
Transport           
no vehicle (%) 2.72 4.61 6.54 8.50 19.95 1.93 3.54 5.14 6.93 13.44 
Other           
no telephone (%) 1.04 1.83 2.75 4.25 7.44 0.00 0.00 0.00 0.00 0.00 
no internet (%) - - - - - 6.52 7.26 8.46 9.52 11.88 
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Table App-4.  Correlations and Domain Weights 
Panel A. Pearson correlation coefficients between Area-SES measures and Poverty in 2000 (left-hand columns, based on 2000 Census) and 2020 (right-hand 
columns, based on 2020 ACS).  Table is similar to Table 2, but with all the SES-Measures, and for all geographic levels.  Panel B. Pearson correlation coefficients 
for centiles of reversed Child Opportunity Index (COI) (for 2010 and 2015) and Structural Racism Index (SREI) (for 2019) at tract level versus centiles of SDI, 
SVI, ADIstd, TDI, and Poverty.  Years reported are the only ones available from the websites for these indices.  Panel C.  Number of elements for each measure in 
each domain; and weights that each measure assigns to each domain at tract level in 2020, using domains in Table App-1.  Top part of table shows number of 
elements in each domain; bottom part shows fractional weights assigned to each domain by each measure.  Fractional weights may not sum to exactly 100% due 
to rounding.  Weights for other years and geographic levels will be the same for TDI, SVI, and ADIstd, but somewhat different for SDI and ADImod because factor 
loadings vary by geographic level and year. 

Panel A.  Correlations between Area-SES Measures and Poverty for 2000 and 2020 

 2000 Census      2020 ACS        
 TDI SDI ADIstd ADImod ADIorig SVI SVImod TDI SDI ADIstd ADImod ADIorig SVI SVImod SVI2020 SVImod,2020 
County level                 
SDI 0.691 1      0.673 1        
ADIstd 0.641 0.784 1     0.532 0.792 1       
ADImod 0.635 0.788 0.977 1    0.505 0.815 0.919 1      
ADIorig 0.104 0.472 0.678 0.718 1   0.036 0.424 0.657 0.742 1     
SVI 0.651 0.945 0.755 0.745 0.453 1  0.643 0.934 0.747 0.762 0.408 1    
SVImod 0.607 0.963 0.754 0.755 0.490 0.969 1 0.617 0.934 0.738 0.780 0.458 0.966 1   
SVI2020         0.648 0.903 0.677 0.671 0.307 0.976 0.926 1  
SVImod,2020         0.633 0.915 0.670 0.689 0.350 0.955 0.969 0.969 1 
Poverty 0.745 0.799 0.885 0.929 0.508 0.734 0.730 0.582 0.809 0.758 0.890 0.476 0.716 0.731 0.642 0.658 
ZCTA level                 
SDI 0.688 1      0.617 1        
ADIstd 0.567 0.767 1     0.485 0.712 1       
ADImod 0.570 0.829 0.952 1    0.580 0.851 0.879 1      
ADIorig 0.110 0.459 0.691 0.740 1   -0.011 0.280 0.699 0.518 1     
SVI 0.637 0.903 0.635 0.688 0.363 1  0.562 0.881 0.586 0.725 0.214 1    
SVImod 0.625 0.932 0.683 0.751 0.442 0.973 1 0.569 0.911 0.632 0.780 0.291 0.968 1   
SVI2020        0.549 0.861 0.546 0.679 0.165 0.984 0.943 1  
SVImod, 2020        0.562 0.893 0.588 0.732 0.230 0.960 0.976 0.974 1 
Poverty 0.597 0.795 0.770 0.846 0.437 0.639 0.680 0.466 0.677 0.670 0.849 0.316 0.533 0.589 0.477 0.525 
Tract level                 
SDI 0.816 1      0.770 1        
ADIstd 0.726 0.874 1     0.589 0.847 1       
ADImod 0.769 0.912 0.979 1    0.628 0.882 0.961 1      
ADIorig 0.229 0.514 0.701 0.670 1   0.057 0.392 0.649 0.668 1     
SVI 0.752 0.950 0.850 0.877 0.527 1  0.688 0.914 0.806 0.835 0.409 1    
SVImod 0.732 0.952 0.861 0.892 0.583 0.981 1 0.676 0.919 0.812 0.852 0.480 0.968 1   
SVI2020        0.704 0.914 0.790 0.817 0.374 0.986 0.950 1  
SVImod,2020        0.699 0.923 0.799 0.835 0.438 0.959 0.981 0.973 1 
Poverty 0.778 0.833 0.840 0.904 0.451 0.759 0.767 0.630 0.796 0.749 0.843 0.425 0.689 0.717 0.663 0.689 
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 2000 Census      2020 ACS        
 TDI SDI ADIstd ADImod ADIorig SVI SVImod TDI SDI ADIstd ADImod ADIorig SVI SVImod SVI2020 SVImod,2020 
Block Group level                 
SDI 0.807 1      0.750 1        
ADIstd 0.710 0.867 1     0.484 0.773 1       
ADImod 0.755 0.909 0.972 1    0.532 0.818 0.946 1      
ADIorig 0.220 0.490 0.675 0.657 1   0.015 0.312 0.643 0.678 1     
SVI 0.752 0.932 0.818 0.852 0.485 1  0.663 0.877 0.704 0.659 0.311 1    
SVImod 0.734 0.934 0.826 0.865 0.539 0.976 1 0.659 0.890 0.712 0.730 0.394 0.961 1   
SVI2020        0.678 0.872 0.688 0.711 0.273 0.983 0.938 1  
SVImod,2020        0.680 0.887 0.699 0.735 0.347 0.947 0.976 0.965 1 
Poverty 0.738 0.813 0.806 0.874 0.422 0.728 0.735 0.553 0.758 0.662 0.767 0.350 0.612 0.638 0.580 0.602 

Panel B.  Selected correlations between COI and SREI and Area-SES Measures 
 

SDI ADIstd ADImod ADIorig SVI SVImod TDI Poverty 
COI, 2010 0.877 0.842 0.888 0.589 - - 0.744 0.810 
COI, 2015 0.879 0.860 0.906 0.704 0.852 0.874 0.728 0.833 
SREI, 2019 0.798 0.888 0.921 0.815 0.803 0.839 0.558 0.792 

Panel C.  Number of Elements in Each Domain and Domain Weights at Tract Level in 2020 

Domain Education Income/Poverty Household Housing Transport Total 
Elements       
SDI 1 2 1 2 1 7 
SVI 1 3 6 4 1 15 
SVI2020 1 3 6 5 1 16 
SVImod 1 3 2 4 1 11 
SVI2020,mod 1 3 2 5 1 12 
ADI 2 6 1 6 1 17 
TDI 0 1 0 2 1 4 
Weights       
SDI 20.64% 31.63% 9.60% 25.69% 12.43% 100% 
ADIstd 13.33% 41.09% 5.27% 28.80% 11.52% 100% 
ADImod 18.50% 50.07% 3.05% 23.11% 5.27% 100% 
SVI 6.67% 20.00% 40.00% 26.67% 6.67% 100% 
SVI2020 6.25% 18.75% 37.50% 31.25% 16.67% 100% 
SVImod 9.09% 27.27% 18.18% 36.36% 9.09% 100% 
TDI 0.00% 25.00% 0.00% 50.00% 25.00% 100% 



17 
 

Table App-5.  Summary Statistics for COVID-19 Mortality for the Three Midwest Areas 
Table shows for the three Midwest areas, for adult COVID-19 decedents in the Three Midwest Areas, overall and 
for indicated subsamples:  population, COVID-19 deaths, and COVID-19 mortality rate (Covid MR), over March 1, 
2020, through March 31, 2022.   

Age Population COVID 
Deaths 

Covid MR 
(%) 

By age    
0-14 3,289,596 30 0.001% 
15-19 1,146,655 38 0.003% 
20-24 1,203,896 60 0.005% 
25-29 1,257,532 143 0.01% 
30-34 1,199,947 263 0.02% 
35-39 1,120,811 371 0.03% 
40-44 1,109,286 635 0.06% 
45-49 1,124,173 1,026 0.09% 
50-54 1,102,190 1,548 0.14% 
55-59 1,189,886 2,406 0.20% 
60-64 1,137,719 3,754 0.33% 
65-69 848,090 4,646 0.55% 
70-74 775,234 5,521 0.71% 
75-79 441,488 5,988 1.36% 
80-84 352,125 5,983 1.70% 
85-89 222,197 5,917 2.66% 
90-94 113,236 4,634 4.09% 
95+ 38,146 2,425 6.36% 

All ages 17,672,208 45,388 0.26% 
Adults (18+) 13,466,779 45,320 0.34% 
Elderly (65+) 2,790,516 35,114 1.26% 
By gender  

Men 8,699,348 24,845 0.29% 
Women 8,972,859 20,543 0.23% 

By race/ethnicity  
White 12,103,469 33,027 0.27% 
Black 2,201,856 6,868 0.31% 
Hispanic 2,190,946 4,054 0.19% 
Asian 707,966 857 0.12% 
Other 467,970 582 0.12% 
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Table App-6.  Summary Statistics for All-Cause Elderly Mortality 
Table shows the Medicare FFS sample over 2000-2019, for beneficiaries aged 66 as of January 1, 2000, overall and for indicated subsamples: Medicare FFS 
population, deaths, and mortality rate (MR).   

 
Medicare 

FFS 
Population 

Deaths MR (%) 

By gender  
Men 37,268 19,708 52.88% 
Women 24,477 15,754 64.36% 

Total 61,745 35,462 57.43% 
By race/ethnicity  

White 51,590 29,408 57.00% 
Black 5,130 3,352 65.34% 
Hispanic 3,381 1,843 54.51% 
Asian 1,015 482 47.49% 
Other 629 377 59.94% 
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Table App-7.  Summary Statistics for Medicare FFS Sample and Diabetes Prevalence in 2000 and 2019 
Table shows, for the indicated subsamples and years, the number of Medicare-FFS beneficiaries age 66+ in the national 5% random sample, and the number and 
percentage with diabetes based on the Charlson comorbidities for diabetes in the preceding year, in 2000 and 2019.  

 2000   2019   
 Beneficiaries With Diabetes Diabetes % Beneficiaries With Diabetes Diabetes % 

By age       
66-69 263,831 52.704 19.98% 328,184 84,687 25.80% 
70-74 350,739 75,165 21.43% 353,363 102,510 29.01% 
75-79 321,531 70,056 21.79% 249,991 78,708 31.48% 
80-84 225,673 46,517 20.61% 179,323 57,275 31.94% 
85-89 133,055 24,986 18.78% 120,659 36,081 29.90% 
90-94 55,248 8,775 15.85% 64,317 17,163 26.69% 
95+ 16,289 2,202 13.52% 22,601 4,985 22.06% 

All Elderly (66+) 1,366,366 280,405 20.52% 1,318,438 381,409 28.93% 
By gender     

Men 455,016 99,831 21.94% 537,319 172,975 32.19% 
Women 911,350 180,574 19.81% 781,119 208,434 26.68% 

By race/ethnicity     
White 1,181,711 218,909 18.53% 1,089,398 284,693 26.13% 
Black 95,401 31,805 33.34% 87,711 39,303 44.81% 
Hispanic 57,282 21,402 37.36% 61,851 28,598 46.24% 
Asian 20,709 5,382 25.99% 38,225 16,201 42.38% 
Other 11,263 2,907 25.81% 41,253 12,614 30.58% 
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Table App-8.  Summary Statistics for Drug Overdose Mortality over 2017-2021, in Illinois and Indiana 
Table shows the number of decedents for drug overdose in Illinois and Indiana, for years 2017-2021, overall and for indicated subsamples.  Population is 2020 
ACS population.   

 
Population Overdose 

deaths 
Overdose 
deaths % 

Opioids 
deaths 

Opioids/Overdose 
% 

By age  
 

 
  

0-11 2,886,327 36 0.001% 21 58.33% 
12-19 2,056,605 355 0.02% 231 65.07% 
20-24 1,317,124 1,558 0.12% 1,272 81.64% 
25-29 1,349,632 2,754 0.20% 2,293 83.26% 
30-34 1,291,306 3,046 0.24% 2,454 80.56% 
35-39 1,237,850 3,235 0.26% 2,515 77.74% 
40-44 1,225,087 2,853 0.23% 2,136 74.87% 
45-49 1,250,659 2,794 0.22% 2,051 73.41% 
50-54 1,226,348 2,827 0.23% 1,998 70.68% 
55-59 1,293,376 2,813 0.22% 1,990 70.74% 
60-64 1,236,896 1,701 0.14% 1,186 69.72% 
65-69 920,640 861 0.09% 559 64.92% 
70-74 841,695 260 0.03% 139 53.46% 
75-79 484,544 117 0.02% 46 39.32% 
80-84 386,635 56 0.01% 20 35.71% 
85-89 241,846 42 0.02% 5 11.90% 
90-94 123,428 21 0.02% 2 9.52% 
95+ 41,626 4 0.01% 1 25.00% 

Total 19,411,624 25,333 0.13% 18,919 74.68% 
By gender      

Female 9,864,856 7,836 0.08% 5,559 70.94% 
Male 9,546,768 17,497 0.18% 13,360 76.36% 

By race/ethnicity      
White 12,990,848 17,301 0.13% 12,567 72.64% 
Black 2,428,274 5,950 0.25% 4,735 79.58% 
Hispanic 2,664,256 1,888 0.07% 1,506 79.77% 
Asian 868,046 150 0.02% 80 53.33% 
Other 460,200 44 0.01% 31 70.45% 

 

Lorenzo Franchi
Give number, and re-enumerate references and below

Lorenzo Franchi
done
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Table App-9.  Population by SES Quintile and Ventile at ZCTA and County Levels 
Table indicates total population by SES quintile and ventile for 2000 (using Census data) and 2020 (using ACS data),  for the indicated area-SES measures, for 
ZCTAs and counties.  The quintiles and ventiles include equal numbers of geographic units but can differ in population.  At the Census tract and block-group level, 
populations are similar across quintiles and ventiles (results not shown).  Which zip-code is in which quintile or ventile differs across area-SES measure.  Population 
differs across area-SES measures due to differing numbers of missing values.  Panel A. Quintiles at ZCTA level.  Panel B. Ventiles at ZCTA level.  Panel C. 
Quintiles at county level. 

 
2000 2020  

SDI TDI ADIstd SVI SDI TDI ADIstd SVI 
Panel A.  Area-SES Quintiles at ZCTA Level (1 = highest SES)     

1 49,327,817 31,175,746 92,678,994 25,403,918 33,813,791 20,389,308 94,379,419 12,238,102 
2 47,306,842 35,988,495 53,245,596 45,794,904 54,491,829 45,851,441 58,726,725 47,051,626 
3 47,246,055 46,798,898 43,098,471 51,809,207 61,722,492 65,056,233 50,845,142 66,116,415 
4 55,289,704 66,876,030 42,585,517 62,391,433 72,295,738 87,633,261 52,015,300 83,428,716 
5 85,952,361 104,285,567 52,131,955 99,723,372 107,137,815 110,515,596 63,139,698 120,599,569 

Total 285,122,779 285,124,736 283,740,533 285,122,834 329,461,665 329,445,839 319,106,284 329,434,428 
Panel B.  Area-SES Ventiles at ZCTA Level (1 = highest SES)     

1 11,888,595 5,890,913 25,416,206 2,264,019 3,367,422 1,241,152 25,318,938 1,523,236 
2 13,138,990 8,597,230 25,416,759 5,007,674 8,691,705 4,301,496 25,914,348 3,217,401 
3 12,565,718 8,662,632 22,947,068 8,336,000 10,647,265 6,468,414 22,743,682 5,263,068 
4 11,734,514 8,024,971 18,898,961 9,796,225 11,107,399 8,378,246 20,402,451 7,587,123 
5 12,191,131 8,192,433 14,984,017 10,809,865 13,727,198 10,119,369 16,306,324 10,358,874 
6 12,045,538 9,448,328 14,004,755 11,228,237 13,311,915 11,214,177 16,039,188 13,584,917 
7 10,991,765 8,889,253 12,515,481 11,834,233 13,901,944 11,946,180 13,952,502 14,752,096 
8 12,078,408 9,458,481 11,741,343 11,922,569 13,550,772 12,571,715 12,428,711 14,774,863 
9 10,972,008 10,318,744 11,071,165 13,241,539 14,486,475 13,859,287 13,453,129 15,458,075 
10 11,363,229 10,679,538 10,948,986 12,566,844 14,233,824 16,000,432 12,578,500 15,677,944 
11 12,415,963 12,452,726 10,560,026 12,508,578 16,476,332 17,082,848 11,961,165 16,550,024 
12 12,494,855 13,347,890 10,518,294 13,492,246 16,525,861 18,113,666 12,852,348 17,784,720 
13 12,376,683 14,358,053 9,765,914 14,835,447 17,091,929 19,911,446 12,695,030 18,303,851 
14 12,859,508 15,189,246 10,631,250 14,553,894 17,599,673 20,912,547 12,958,831 19,485,052 
15 14,868,089 17,357,235 10,629,475 16,172,453 18,483,017 22,518,990 13,077,753 19,497,849 
16 15,185,424 19,971,496 11,558,878 16,829,639 19,121,119 24,290,278 13,283,686 21,398,561 
17 15,198,810 19,945,228 10,826,626 18,401,224 20,085,166 26,349,732 13,208,435 23,061,614 
18 16,952,836 22,543,486 12,185,111 19,824,014 24,810,320 25,632,416 14,426,907 26,623,768 
19 21,744,714 29,325,513 13,570,008 26,213,558 28,348,716 30,284,620 15,897,137 30,807,971 
20 32,056,001 32,471,340 15,550,210 35,284,576 33,893,613 28,248,828 19,607,219 33,723,770 

Total 285,122,779 285,124,736 283,740,533 285,122,834 329,461,665 329,445,839 319,106,284 329,434,777 
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2000 2020  

SDI TDI ADIstd SVI SDI TDI ADIstd SVI 
Panel C.  Area-SES Quintiles at County Level (1 = highest SES)     

1 51,268,238 27,011,596 125,921,535 41,953,219 49,972,921 23,118,795  133,702,148  43,828,092  
2 52,467,976 31,209,631 55,700,861 56,276,829 65,542,024  39,368,177  71,850,840  72,455,890  
3 63,879,655 37,697,554 40,624,633 65,597,925 68,424,858  51,856,597  55,434,049  86,349,051  
4 59,649,574 56,683,227 39,445,173 66,598,012 77,910,123  64,952,292  45,682,010  85,476,357  
5 57,965,073 132,628,508 23,538,100 54,804,531 67,975,024  150,529,089  23,104,905  41,715,560  

Total 285,230,516 285,230,516 285,230,302 285,230,516 329,824,950  329,824,950  329,773,952  329,824,950  
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Table App-10.  Predictive Power of SES Measures at Zip-Code Level with Quintiles Based 
on Population 

Table reports marginal effects of population-weighted area-SES quintiles for selected zip-code-level outcomes. Area-
SES quintiles are defined to have roughly equal number of people, rather than equal number of zip-codes (as in the 
text).  Panel A. All-cause elderly mortality over 2000-2019.  Panel B. Diabetes prevalence in 2019.  Panel C. Diabetes 
incidence over 2000-2005.  Covariates same as Table 3, Panel E.  We use heteroskedasticity-robust standard errors.  
* = statistically significant at the 1% level or better, italics = statistically significant at the 5% level. 

Panel A.  All-Cause Elderly Mortality over 2000-2019 

 (1) (2) (3) (4) (5) 
Area-SES Measure SDI ADIstd SVI TDI Poverty 

Quintile 2 0.0306* 0.0477* 0.0298* 0.0359* 0.0354* 
Quintile 3 0.0558* 0.0708* 0.0572* 0.0474* 0.0534* 
Quintile 4 0.0865* 0.1062* 0.0821* 0.0603* 0.0812* 
Quintile 5 0.0992* 0.1245* 0.0951* 0.0627* 0.0995* 

Race/ethnicity      
Black 0.0049 0.0067 0.0064 0.0208* 0.0098 
Hispanic -0.1178* -0.1150* -0.1170* -0.1032* -0.1139* 
Asian -0.1220* -0.1026* -0.1231* -0.1250* -0.1152* 
Other -0.0124 -0.0080 -0.0121 -0.0086 -0.0100 

Male 0.1045* 0.1040* 0.1046* 0.1046* 0.1039* 
Other Covariates Yes Yes Yes Yes Yes 
Observations 61,185 61,076 61,185 61,189 61,188 

Panel B.  Diabetes Prevalence 2019 

Area-SES Measure SDI ADIstd SVI TDI Poverty 
Quintile 2 0.0200* 0.0219* 0.0232* 0.0155* 0.0174* 
Quintile 3 0.0394* 0.0445* 0.0455* 0.0240* 0.0323* 
Quintile 4 0.0616* 0.0661* 0.0656* 0.0306* 0.0494* 
Quintile 5 0.0872* 0.0822* 0.0864* 0.0603* 0.0613* 

Race/ethnicity      
Black 0.1595* 0.1669* 0.1606* 0.1705* 0.1718* 
Hispanic 0.1752* 0.1837* 0.1758* 0.1840* 0.1907* 
Asian 0.1586* 0.1754* 0.1593* 0.1531* 0.1708* 
Other 0.0558* 0.0610* 0.0561* 0.0534* 0.0588* 

Male 0.0584* 0.0580* 0.0583* 0.0584* 0.0580* 
Other Covariates Yes Yes Yes Yes Yes 
Observations 1,315,649 1,253,280 1,315,092 1,315,375 1,315,832 

Panel C.  Diabetes Incidence over 2000- 2005 

Area-SES Measure SDI ADIstd SVI TDI Poverty 
Quintile 2 -0.0018 -0.0084* 0.0018 -0.0044* -0.0036* 
Quintile 3 -0.0035 -0.0160* 0.0048* -0.0040* -0.0100* 
Quintile 4 0.0120* -0.0053* 0.0190* 0.0098* -0.0029* 
Quintile 5 0.0454* 0.0182* 0.0442* 0.0572* 0.0216* 

Race/ethnicity      
Black 0.0738* 0.0873* 0.0769* 0.0739* 0.0866* 
Hispanic 0.1501* 0.1645* 0.1527* 0.1399* 0.1653* 
Asian 0.0939* 0.0995* 0.0955* 0.0786* 0.1009* 
Other 0.0268* 0.0319* 0.0277* 0.0229* 0.0317* 

Male 0.0082* 0.0081* 0.0083* 0.0081* 0.0080* 
Other Covariates Yes Yes Yes Yes Yes 
Observations 860,248 854,556 860,266 860,269 860,302 
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Table App-11.  Area-SES Quintiles at Tract and Block Group Levels:  All-Cause Elderly Mortality over 2000-2019 
Table shows marginal effects for quintiles of area-SES measures and Poverty, measured in 2000 at tract and block-group levels, for mortality over 2000-2019 
among persons aged 66 as of January 1, 2000, included in national 5% random sample of Medicare FFS beneficiaries.  Covariates are same as Table 3, Panel B.  
Marginal effects for race/ethnicity are averaged across both genders.  We use heteroskedasticity-robust standard errors.  * = statistically significant at the 1% level 
or better, italics = statistically significant at the 5% level. 

Geographic Level Tract     Block 
Group     

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 
Area-SES Measure SDI ADIstd SVI TDI Poverty SDI ADIstd SVI TDI Poverty 

Quintile 2 0.0487* 0.0419* 0.0328* 0.0424* 0.0429* 0.0472* 0.0390* 0.0344* 0.0466* 0.0297* 
Quintile 3 0.0765* 0.0763* 0.0668* 0.0708* 0.0719* 0.0686* 0.0804* 0.0657* 0.0687* 0.0618* 
Quintile 4 0.1093* 0.1112* 0.1093* 0.0843* 0.0975* 0.1078* 0.1174* 0.0996* 0.0862* 0.0931* 
Quintile 5 0.1339* 0.1485* 0.1277* 0.0976* 0.1245* 0.1290* 0.1339* 0.1062* 0.0991* 0.1105* 

Race/ethnicity           
Black -0.0111 -0.0081 -0.0109 0.0073 -0.0021 -0.0018 -0.0006 0.0058 0.0130 0.0072 
Hispanic -0.1299* -0.1300* -0.1316* -0.1153* -0.1210* -0.1212* -0.1203* -0.1145* -0.1102* -0.1118* 
Asian -0.1327* -0.1145* -0.1356* -0.1381* -0.1217* -0.1417* -0.1196* -0.1440* -0.1467* -0.1318* 
Other -0.0385 -0.0291 -0.0400* -0.0387 -0.0332 -0.0326 -0.0291 -0.0359 -0.0322 -0.0293 

Male 0.1033* 0.1031* 0.1035* 0.1037* 0.1030* 0.1055* 0.1059* 0.1054* 0.1053* 0.1045* 
Other Covariates Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 
Observations 40,643 40.486 40,643 40,643 40,643 37,751 35,193 37,737 37,810 37,790 



25 
 

Table App-12.  Area-SES Quintiles at Tract and Block Group Levels:  Diabetes Prevalence in 2000 
Table shows marginal effects of quintiles of area-SES measures and Poverty, measured at tract and block-group levels, for diabetes prevalence in 2000, for national 
5% random sample of Medicare FFS beneficiaries aged 66+.  Covariates are same as Table 3, Panel C.  Marginal effects for race/ethnicity are averaged across both 
genders.  We use heteroskedasticity-robust standard errors.  * = statistically significant at the 1% level or better.  Note:  Results for diabetes prevalence in 2019 are 
not available at tract and block-group level, because the Medicare data includes only 5-digit zip-code from 2014 on. 

Geographic Level Tract     Block 
Group     

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 
Area-SES Measure SDI ADIstd SVI TDI Poverty SDI ADIstd SVI TDI Poverty 

Quintile 2 0.0149* 0.0220* 0.0157* 0.0069* 0.0112* 0.0145* 0.0192* 0.0192* 0.0119* 0.0073* 
Quintile 3 0.0209* 0.0269* 0.0232* 0.0122* 0.0130* 0.0247* 0.0297* 0.0269* 0.0168* 0.0150* 
Quintile 4 0.0311* 0.0361* 0.0295* 0.0186* 0.0210* 0.0353* 0.0381* 0.0328* 0.0233* 0.0193* 
Quintile 5 0.0524* 0.0509* 0.0463* 0.0436* 0.0374* 0.0539* 0.0497* 0.0496* 0.0457* 0.0381* 

Race/ethnicity           
Black 0.1210* 0.1267* 0.1260* 0.1277* 0.1298* 0.1221* 0.1268* 0.1268* 0.1284* 0.1303* 
Hispanic 0.1607* 0.1675* 0.1649* 0.1630* 0.1705* 0.1630* 0.1665* 0.1657* 0.1653* 0.1714* 
Asian 0.0621* 0.0704* 0.0632* 0.0578* 0.0681* 0.0628* 0.0693* 0.0623* 0.0587* 0.0680* 
Other 0.0696* 0.0745* 0.0704* 0.0698* 0.0730* 0.0695* 0.0729* 0.0695* 0.0696* 0.0729* 

Male 0.0181* 0.0175* 0.0180* 0.0180* 0.0177* 0.0181* 0.0164* 0.0179* 0.0180* 0.0175* 
Other Covariates Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 
Observations 907,866 896,588 907,830 907,835 907,874 843,093 778,355 843,047 843,063 843,155 
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Table App-13.  Area-SES Quintiles at Tract and Block Group Levels:  Diabetes Incidence over 
2000-2005 

Table shows marginal effects of area-SES and poverty quintiles, measured at tract level and block-group levels, for diabetes 
incidence over 2000-2005 among persons aged 66+ as of January 1, 2000, included in national 5% random sample of 
Medicare FFS beneficiaries.  Covariates are same as in text Table 3, Panel E.  Panel A. Tract level.  Panel B. Block group 
level.  Marginal effects for race/ethnicity are averaged across both genders.  We use heteroskedasticity-robust standard errors.  
* = statistically significant at the 1% level or better. 
Panel A.  Tract level 

Area-SES Measure SDI ADIstd SVI TDI Poverty 
Quintile 2 0.0017 -0.0011 0.0033 -0.0068* -0.0007 
Quintile 3 0.0051* -0.0085* 0.0047* -0.0004 -0.0052* 
Quintile 4 0.0165* 0.0017 0.0172* 0.0137* 0.0018 
Quintile 5 0.0489* 0.0247* 0.0369* 0.0563* 0.0252* 

Race/ethnicity      
Black 0.0725* 0.0858* 0.0797* 0.0716* 0.0854* 
Hispanic 0.1433* 0.1561* 0.1500* 0.1361* 0.1576* 
Asian 0.0947* 0.1018* 0.0969* 0.0840* 0.1017* 
Other 0.0287* 0.0323* 0.0302* 0.0247* 0.0335* 

Male 0.0088* 0.0083* 0.0087* 0.0088* 0.0085* 
Other Covariates Yes Yes Yes Yes Yes 
Observations 578,619 570,365 578,612 578,616 578,624 

Panel B.  Block group level 
Area-SES Measure SDI ADIstd SVI TDI Poverty 

Quintile 2 0.0077* -0.0001 0.0097* 0.0001 0.0019 
Quintile 3 0.0084* -0.0035 0.0097* 0.0058* 0.0004 
Quintile 4 0.0223* 0.0077* 0.0184* 0.0152* 0.0066* 
Quintile 5 0.0466* 0.0262* 0.0399* 0.0536* 0.0268* 

Race/ethnicity      
Black 0.0761* 0.0862* 0.0814* 0.0750* 0.0860* 
Hispanic 0.1466* 0.1582* 0.1498* 0.1402* 0.1572* 
Asian 0.0966* 0.1037* 0.0971* 0.0876* 0.1021* 
Other 0.0283* 0.0297* 0.0288* 0.0247* 0.0321* 

Male 0.0090* 0.0073* 0.0088* 0.0090* 0.0086* 
Other Covariates Yes Yes Yes Yes Yes 
Observations 536,861 492,745 536,831 536,839 536,909 
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Table App-14.  Drug Overdose Mortality over 2017-2021: Comparing SVI Measures 
Table compares marginal effects for SVI, SVImod, SVI2020, and SVImod,2020 , measured in 2020 at zip-code level, for drug 
overdose mortality over 2017-2021 in Indiana and Illinois. Covariates are same as Table 3, Panel F. Marginal effects for 
race/ethnicity are averaged across both genders.  We use heteroskedasticity-robust standard errors.  * = statistically significant 
at the 1% level or better, italics = statistically significant at the 5% level. 

 (1) (2) (3) (4) 
Area-SES Measure SVI SVImod SVI2020 SVImod,2020 

Quintile 2 0.0049* 0.0083* 0.0062* 0.0069* 
Quintile 3 0.0122* 0.0095* 0.0119* 0.0095* 
Quintile 4 0.0114* 0.0123* 0.0156* 0.0117* 
Quintile 5 0.0274* 0.0264* 0.0303* 0.0289* 

Race/ethnicity     
Black -0.0091* -0.0081* -0.0103* -0.0100* 
Hispanic -0.0222* -0.0210* -0.0234* -0.0228* 
Asian -0.0397* -0.0389* -0.0409* -0.0401* 
Other -0.0075 -0.0065 -0.0092 -0.0079 

Male 0.0124* 0.0124* 0.0124* 0.0124* 
Other Covariates Yes Yes Yes Yes 
Observations 446,200 446,200 446,202 446,202 
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Table App-15.  Medicare-FFS Spending in 2000 and 2019:  Zip-Code Level 
Table shows marginal effects of quintiles of area-SES measures and Poverty at zip-code level, for Medicare-FFS spending in 2000 and 2019, for beneficiaries aged 
66+ as of January 1, 2000, or January 1, 2019, respectively, included in national 5% random sample of Medicare FFS beneficiaries. Covariates are cubic in (age-
65), gender (female is omitted), male*(age cubic), race/ethnicity, male*(race/ethnicity), dummies for selected Charlson comorbidities, and constant term 
(coefficients are suppressed except as indicated). Marginal effects for race/ethnicity are averaged across both genders.  Panel A. Medicare Spending in 2000.  Panel 
B. Medicare Spending in 2019.  Both panels. Amounts in 2000$.  We use heteroskedasticity-robust standard errors.  * = statistically significant at the 1% level or 
better, italics = statistically significant at the 5% level.  

Panel A.  Medicare Spending in 2000 

Comorbidities No     Yes     
Area-SES Measure SDI ADIstd SVI TDI  Poverty SDI ADIstd SVI TDI  Poverty 

Quintile 2 -67 -455* 122* -128* -136* -125** -391* 9 -164* -130* 
Quintile 3 -128 * -516* 48 -163* -283* -198* -512* -119* -243* -296* 
Quintile 4 -98* -314* 122* -87 -160* -317* -510* -166* -223* -306* 
Quintile 5 502* 56 517* 792* 210* -77* -386* -71 273* -203* 

Race/ethnicity           
Black 1343* 1535* 1415* 1242* 1496* 192* 311* 220* 33 261* 
Hispanic 105 268* 184* -101 259* -584* -481* -549* -801* -514* 
Asian -660* -590* -623* -922* -565* -405* -421* -388* -587* -380* 
Other 304 372* 322 222 360* -25 4 -19 -112 -3 

Male 347* 346* 347* 352* 343* -318* -314* -318* -314* -318* 
Other Covariates Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 
Observations 1,373,354 1,365,337 1,373,386 1,373,392 1,373,458 1,373,354 1,365,337 1,373,386 1,373,392 1,373,458 

Panel B.  Medicare Spending in 2019 

Comorbidities No     Yes     
Area-SES 
Measure SDI ADIstd SVI TDI Poverty SDI ADIstd SVI TDI Poverty 

Quintile 2 56 -156* 221* 135* 60 -145* -372* 97 -35 -141* 
Quintile 3 94* -128* 334* 173* 2 -240* -538* 2 -113* -370* 
Quintile 4 174* 49 459* 227* 116* -424* -585* -144* -184* -489* 
Quintile 5 561* 349* 733* 736* 272* -461* -569* -305* -2 -570* 

Race/ethnicity           
Black 1007* 1095* 1021* 971* 1119* -349* -329* -350* -488* -336* 
Hispanic 14 36 24.9337 -38.2398 140 -515* -538* -515* -647* -525* 
Asian -1573* -1554* -1571* -1682* -1512* -1210* -1329* -1209* -1265* -1263* 
Other -309* -372* -303* -361* -280* 31 -79 32 -3 21 

Male 254* 242* 254* 255* 259* -568* -574* -572* -576* -566* 
Other 
Covariates Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Observations 1,342,404 1,278,748 1,341,834 1,342,124 1,342,591 1,342,404 1,278,748 1,341,834 1,342,124 1,342,591 
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Table App-16.  Predictive Effects of Area-SES Quintiles at County Level 
Table shows marginal effects of area-SES and poverty quintiles, measured at county level in 2020, for indicated outcomes.  Covariates are same as in text Table 3. 
Marginal effects for race/ethnicity are averaged across both genders.  We use heteroskedasticity-robust standard errors.  * = statistically significant at the 1% level 
or better; italics = significant at 5% level. 

Outcome COVID-19 Mortality    COVID-19 Mortality    
Sample IN&WI     National     
 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 
Area-SES Measure SDI ADIstd SVI TDI Poverty SDI ADIstd SVI TDI Poverty 

Quintile 2 -0.0004* -0.0002 -0.0001 0.0003 -0.0001 0.0000 0.0005* 0.0002* 0.0008* -0.0002* 
Quintile 3 0.0011* 0.0009* 0.0020* 0.0016* 0.0020* -0.0002* 0.0005* 0.0002* 0.0010* -0.0001* 
Quintile 4 0.0031* 0.0010* 0.0023* 0.0027* 0.0022* 0.0010* 0.0010* 0.0004* 0.0019* 0.0011* 
Quintile 5 0.0018* -0.0011* - 0.0025* 0.0036* -0.0000 -0.0002* 0.0003* 0.0009* 0.0001 

Race/ethnicity           
Black 0.0035* 0.0045* 0.0035* 0.0037* 0.0036* 0.0044* 0.0044* 0.0044* 0.0045* 0.0044* 
Hispanic 0.0033* 0.0040* 0.0034* 0.0034* 0.0036* 0.0020* 0.0021* 0.0019* 0.0021* 0.0019* 
Asian 0.0022* 0.0025* 0.0022* 0.0020* 0.0022* -0.0013* -0.0012* -0.0013* -0.0012* -0.0012* 
Other -0.0044* -0.0043* -0.0044* -0.0044* -0.0044* -0.0035* -0.0035* -0.0035* -0.0034* -0.0035* 

Male 0.0031* 0.0030* 0.0031* 0.0031* 0.0031* 0.0024* 0.0024* 0.0024* 0.0024* 0.0024* 
Other Covariates Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 
Observations 1,982,741 1,982,741 1,982,741 1,982,741 1,982,741 53,542,600 53,473,621 53,542,600 53,542,600 53,542,600 

 
Outcome All-cause mortality    Diabetes prevalence 2000 
 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 
Area-SES Measure SDI ADIstd SVI TDI Poverty SDI ADIstd SVI TDI Poverty 

Quintile 2 0.0286* 0.0236* 0.0225* 0.0136 0.0304* -0.0102* 0.0065* -0.0042* 0.0041* -0.0001 
Quintile 3 0.0399* 0.0400* 0.0364* 0.0302* 0.0371* -0.0013 0.0122* -0.0017 -0.0039* -0.0053* 
Quintile 4 0.0534* 0.0556* 0.0377* 0.0297* 0.0494* -0.0052* 0.0083* -0.0010 -0.0031 0.0052* 
Quintile 5 0.0409* 0.0562* 0.0445* 0.0112 0.0479* 0.0204* 0.0344* 0.0168* 0.0008 0.0212* 

Race/ethnicity           
Black 0.0299* 0.0284* 0.0298* 0.0395* 0.0291* 0.1395* 0.1417* 0.1416* 0.1476* 0.1423* 
Hispanic -0.0917* -0.1008* -0.0953* -0.0790* -0.0967* 0.1764* 0.1774* 0.1809* 0.1929* 0.1809* 
Asian -0.1149* -0.1065* -0.1158* -0.1052* -0.1125* 0.0672* 0.0747* 0.0696* 0.0715* 0.0716* 
Other -0.0043 -0.0033 -0.0052 0.0005 -0.0039 0.0761* 0.0764* 0.0771* 0.0803* 0.0770* 

Male 0.1039* 0.1038* 0.1038* 0.1037* 0.1038* 0.0178* 0.0176* 0.0177* 0.0177* 0.0177* 
Other Covariates Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 
Observations 61,356 61,356 61,356 61,356 61,356 1,357,461 1,357,460 1,357,461 1,357,461 1,357,461 
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Outcome Diabetes prevalence in 2019   Overdose mortality 2017-2021   
 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 
Area-SES Measure SDI ADIstd SVI TDI Poverty SDI ADIstd SVI2020 TDI Poverty 

Quintile 2 0.0099* 0.0111* 0.0070* 0.0211* 0.0092* -0.0056* -0.0049 0.0169* -0.0061* -0.0374* 
Quintile 3 0.0341* 0.0314* 0.0204* 0.0318* 0.0188* -0.0143* -0.0203* 0.0151* 0.0215* 0.0166* 
Quintile 4 0.0502* 0.0427* 0.0297* 0.0435* 0.0319* 0.0542* -0.0571* 0.0819* 0.0212* 0.0237* 
Quintile 5 0.0517* 0.0524* 0.0477* 0.0630* 0.0500* -0.0178 -0.0572* -0.0580* 0.1048* -0.0137* 

Race/ethnicity           
Black 0.1817* 0.1871* 0.1808* 0.1814* 0.1140* -0.0270* -0.0153* -0.0281* -0.0297* -0.0208* 
Hispanic 0.1926* 0.2064* 0.1972* 0.1964* 0.1066* -0.0483* -0.0412* -0.0502* -0.0501* -0.0419* 
Asian 0.1724* 0.1793* 0.1722* 0.1768* 0.1092* -0.0918* -0.0871* -0.0929* -0.0967* -0.0873* 
Other 0.0598* 0.0617* 0.0592* 0.0607* 0.0864* -0.0634* -0.0516* -0.0658* -0.0724* -0.0532* 

Male 0.0578* 0.0577* 0.0580* 0.0577* 0.0253* 0.0205* 0.0197* 0.0207* 0.0214* 0.0198* 
Other Covariates Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 
Observations 1,311,862 1,311,862 1,315,370 1,311,862 1,315,370 143,910 143,910 143,910 143,910 143,910 

 

Outcome Diabetes incidence over 2000-2005   
 (1) (2) (3) (4) (5) 
Area-SES Measure SDI ADIstd SVI TDI Poverty 

Quintile 2 -0.0148* -0.0125* -0.0014 0.0018 -0.0052* 
Quintile 3 -0.0054* -0.0013 0.0069* -0.0140* -0.0116* 
Quintile 4 -0.0083* 0.0049* 0.0132* -0.0005 0.0091* 
Quintile 5 0.0488* 0.0373* 0.0503* 0.0201* 0.0318* 

Race/ethnicity      
Black 0.0783* 0.0895* 0.0798* 0.0866* 0.0867* 
Hispanic 0.1427* 0.1571* 0.1485* 0.1612* 0.1587* 
Asian 0.0920* 0.1012* 0.0952* 0.0897* 0.1013* 
Other 0.0262* 0.0304* 0.0271* 0.0301* 0.0304* 

Male 0.0083* 0.0082* 0.0082* 0.0082* 0.0082* 
Other Covariates Yes Yes Yes Yes Yes 
Observations 862,319 862,318 862,319 862,319 862,319 
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Table App-17.  Cox Survival Model for Elderly All-Cause Mortality:  Area-SES Quintiles at Zip-Code and Tract Levels 
Table shows hazard ratios from Cox survival model for effects of quintiles of area-SES measures, measured at zip-code level (left-hand columns) and tract level 
(right-hand columns), on survival over 2000-2019. Covariates and sample are same as in text Table 3, Panel B.  We use heteroskedasticity-robust standard errors.  
* = statistically significant at the 1% level or better, italics = statistically significant at the 5% level. 

Geographic Level Zip-code    Tract    
 (1) (2) (3) (4) (5) (6) (7) (8) 
Area-SES Measure SDI ADIstd SVI TDI SDI ADIstd SVI TDI 

Quintile 2 1.1027* 1.1481* 1.0844* 1.1185* 1.1779* 1.1542* 1.1153* 1.1340* 
Quintile 3 1.1799* 1.2236* 1.1687* 1.1878* 1.2666* 1.2861* 1.2371* 1.2539* 
Quintile 4 1.2645* 1.3465* 1.2639* 1.2264* 1.4187* 1.4122* 1.4137* 1.3054* 
Quintile 5 1.3708* 1.3778* 1.3824* 1.2781* 1.5080* 1.5779* 1.4796* 1.3395* 

Race/ethnicity         
Black 0.9648 0.9724 0.9699 1.0084 0.9041* 0.9116* 0.9046* 0.9552 
Hispanic 0.6568* 0.6581* 0.6598* 0.6866* 0.6442* 0.6436* 0.6418* 0.6758* 
Asian 0.6358* 0.6688* 0.6355* 0.6323* 0.6119* 0.6478* 0.6062* 0.6028* 
Other 0.9428 0.9534 0.9484 0.9644 0.8962 0.9231 0.8836 0.8934 

Male 1.3455* 1.3444* 1.3461* 1.3444* 1.3485* 1.3477* 1.3488* 1.3470* 
Other Covariates Yes Yes Yes Yes Yes Yes Yes Yes 
Observations 61,185 61,076 61,185 61,189 40,643 40,486 40,643 40,643 
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Table App-18.  Predictive Effects of Area-SES Quintiles at Zip-Code Level with and without Comorbidities 
Table shows marginal effects of quintiles of area-SES measures at zip-code level for indicated outcomes, either without (left-hand regressions) or with (right-hand 
regressions) controls for Charlson comorbidities.  Right hand columns are same as text Table 3, for the indicated outcomes. Sample, specification, and covariates 
are otherwise same as in text Table 3.  Panel A. All-cause mortality over 2000-2019.  Panel B. Diabetes prevalence in 2000.  Panel C. Diabetes prevalence in 
2019.  Panel D. Diabetes incidence over 2000-2005.  We use heteroskedasticity-robust standard errors.  * = statistically significant at the 1% level or better, italics 
= statistically significant at the 5% level. 

Panel A.  All-cause mortality over 2000-2019 

Comorbidities No    Yes    
 (1) (2) (3) (4) (5) (6) (7) (8) 
Area-SES Measure SDI ADIstd SVI TDI  SDI ADIstd SVI TDI  

Quintile 2 0.0348* 0.0461* 0.0290* 0.0432* 0.0289* 0.0394* 0.0206* 0.0352* 
Quintile 3 0.0601* 0.0759* 0.0570* 0.0650* 0.0506* 0.0637* 0.0439* 0.0534* 
Quintile 4 0.0915* 0.1122* 0.0900* 0.0778* 0.0740* 0.0927* 0.0686* 0.0639* 
Quintile 5 0.1330* 0.1325* 0.1326* 0.1038* 0.1016* 0.1034* 0.1002* 0.0765* 

Race/ethnicity         
Black 0.0459* 0.0507* 0.0500* 0.0656* 0.0050 0.0075 0.0072 0.0212* 
Hispanic -0.0724* -0.0686* -0.0688* -0.0537* -0.1175* -0.1150* -0.1160* -0.1025* 
Asian -0.1140* -0.0927* -0.1147* -0.1188* -0.1222* -0.1057* -0.1232* -0.1243* 
Other 0.0107 0.0160 0.0113 0.0159 -0.0128 -0.0087 -0.0127 -0.0088 

Male 0.1172* 0.1166* 0.1173* 0.1172* 0.1045* 0.1042* 0.1046* 0.1046* 
Other Covariates Yes Yes Yes Yes Yes Yes Yes Yes 
Observations 61,185 61,076 61,185 61,189 61,185 61,076 61,185 61,189 

Panel B.  Diabetes Prevalence in 2000 

Area-SES Measure SDI ADIstd SVI TDI  SDI ADIstd SVI TDI  
Quintile 2 0.0101* 0.0155* 0.0112* 0.0095* 0.0097* 0.0156* 0.0109* 0.0093* 
Quintile 3 0.0150* 0.0188* 0.0183* 0.0112* 0.0146* 0.0187* 0.0177* 0.0108* 
Quintile 4 0.0194* 0.0244* 0.0250* 0.0118* 0.0186* 0.0238* 0.0242* 0.0112* 
Quintile 5 0.0374* 0.0403* 0.0382* 0.0259* 0.0358* 0.0390* 0.0366* 0.0245* 

Race/ethnicity         
Black 0.1295* 0.1306* 0.1324* 0.1376* 0.1310* 0.1320* 0.1339* 0.1390* 
Hispanic 0.1688* 0.1689* 0.1720* 0.1754* 0.1680* 0.1679* 0.1711* 0.1744* 
Asian 0.0649* 0.0721* 0.0660* 0.0638* 0.0654* 0.0723* 0.0665* 0.0644* 
Other 0.0711* 0.0725* 0.0720* 0.0737* 0.0714* 0.0727* 0.0723* 0.0739* 

Male 0.0200* 0.0197* 0.0200* 0.0199* 0.0182* 0.0179* 0.0182* 0.0182* 
Other Covariates Yes Yes Yes Yes Yes Yes Yes Yes 
Observations 1,355,314 1,347,454 1,355,345 1,355,352 1,355,314 1,347,454 1,355,345 1,355,352 
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Panel C.  Diabetes prevalence in 2019 

Area-SES Measure SDI ADIstd SVI TDI  SDI ADIstd SVI TDI  
Quintile 2 0.0189* 0.0242* 0.0088* 0.0162* 0.0179* 0.0230* 0.0087* 0.0154* 
Quintile 3 0.0360* 0.0455* 0.0304* 0.0272* 0.0342* 0.0433* 0.0291* 0.0256* 
Quintile 4 0.0563* 0.0627* 0.0551* 0.0367* 0.0534* 0.0593* 0.0526* 0.0345* 
Quintile 5 0.0869* 0.0805* 0.0874* 0.0582* 0.0824* 0.0764* 0.0831* 0.0554* 

Race/ethnicity         
Black 0.1615* 0.1661* 0.1623* 0.1734* 0.1623* 0.1666* 0.1630* 0.1735* 
Hispanic 0.1754* 0.1811* 0.1758* 0.1855* 0.1782* 0.1837* 0.1786* 0.1877* 
Asian 0.1553* 0.1701* 0.1548* 0.1513* 0.1601* 0.1743* 0.1596* 0.1563* 
Other 0.0536* 0.0582* 0.0540* 0.0519* 0.0564* 0.0608* 0.0568* 0.0548* 

Male 0.0575* 0.0574* 0.0576* 0.0575* 0.0583* 0.0581* 0.0584* 0.0584* 
Other Covariates Yes Yes Yes Yes Yes Yes Yes Yes 
Observations 1,315,649 1,253,280 1,315,092 1,315,375 1,315,649 1,253,280 1,315,092 1,315,375 

Panel D.  Diabetes incidence over 2000-2005 

Area-SES Measure SDI ADIstd SVI TDI  SDI ADIstd SVI TDI  
Quintile 2 -0.0004 -0.0142* 0.0055* -0.0041 -0.0008 -0.0140* 0.0052* -0.0043 
Quintile 3 -0.0057* -0.0118* 0.0075* -0.0053* -0.0061* -0.0119* 0.0069* -0.0057* 
Quintile 4 0.0031 -0.0013 0.0112* -0.0051* 0.0024 -0.0018 0.0103* -0.0055* 
Quintile 5 0.0325* 0.0219* 0.0362* 0.0298* 0.0313* 0.0211* 0.0348* 0.0290* 

Race/ethnicity         
Black 0.0760* 0.0836* 0.0786* 0.0783* 0.0796* 0.0871* 0.0821* 0.0816* 
Hispanic 0.1564* 0.1621* 0.1591* 0.1546* 0.1582* 0.1638* 0.1609* 0.1562* 
Asian 0.0945* 0.0989* 0.0957* 0.0863* 0.0955* 0.0997* 0.0966* 0.0872* 
Other 0.0266* 0.0297* 0.0270* 0.0253* 0.0288* 0.0318* 0.0292* 0.0274* 

Male 0.0083* 0.0081* 0.0084* 0.0083* 0.0082* 0.0080* 0.0083* 0.0083* 
Other Covariates Yes Yes Yes Yes Yes Yes Yes Yes 
Observations 860,248 854,556 860,266 860,269 860,248 854,556 860,266 860,269 
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Table App-19.  Zip-Code Level:  Opioid-Related Overdose Mortality, 2017-2021, in Illinois and Indiana 
Table is similar to text Table 3, Panel F, but outcome is opioid-related overdose mortality, instead of all overdose mortality. Reported results also consider a 
subsample with people aged 12+.  Covariates are same as Table 3, Panel F.  Marginal effects for race/ethnicity are averaged across both genders.  We use 
heteroskedasticity-robust standard errors.  * = statistically significant at the 1% level or better.  Observations are of population groups defined by age (in years)*zip-
code*gender*race/ethnicity. 

Sample All ages    Ages 12+    
 (1) (2) (3) (4) (5) (6) (7) (8) 
Area-SES Measure SDI ADIstd SVI2020 TDI  SDI ADIstd SVI2020 TDI  

Quintile 2 0.0024 -0.0013 0.0048* 0.0024 0.0024 -0.0013 0.0048* 0.0025 
Quintile 3 0.0017 -0.0060* 0.0092* 0.0032* 0.0017 -0.0061* 0.0093* 0.0033* 
Quintile 4 0.0031* 0.0000 0.0104* 0.0106* 0.0031* 0.0000 0.0105* 0.0107* 
Quintile 5 0.0194* 0.0132* 0.0240* 0.0232* 0.0197* 0.0134* 0.0244* 0.0235* 

Race/ethnicity         
Black -0.0058* -0.0030* -0.0062* -0.0075* -0.0059* -0.0031* -0.0063* -0.0077* 
Hispanic -0.0161* -0.0147* -0.0166* -0.0171* -0.0163* -0.0149* -0.0168* -0.0174* 
Asian -0.0338* -0.0335* -0.0343* -0.0349* -0.0342* -0.0339* -0.0347* -0.0354* 
Other -0.0084 -0.0070 -0.0096 -0.0103 -0.0085 -0.0071 -0.0097 -0.0105 

Male 0.0114* 0.0115* 0.0114* 0.0113* 0.0115* 0.0116* 0.0115* 0.0114* 
Other Covariates Yes Yes Yes Yes Yes Yes Yes Yes 
Observations 446,202 446,202 446,202 446,202 439,755 439,755 439,755 439,755 
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Table App-20.   Pseudo-R2 and Incremental Pseudo R2 

Table shows pseudo-R2 at zip-code and tract level for the indicated outcomes and area-SES measures.  Incremental pseudo-R2 is increase in pseudo-R2 when areas-
SES measure is added to regression with the other covariates used for each measure, which generally include age, gender, race/ethnicity, sometimes comorbidities, 
and selected interactions (e.g., male*age).  Covariates are same as in text Table 3. Negative incremental pseudo-R2 values are shown with shaded cells.  Panel A. 
Zip-code level.  Panel B. Tract level.  

Panel A.  Zip-code level 

Outcome Model SDI ADIstd ADImod ADIorig SVI SVImod TDI Poverty 

COVID-19 Mortality Area-SES measure alone 0.42% 0.50% 0.49% 0.36% 0.46% 0.49% 0.22% 0.26% 
Incremental Pseudo-R2 0.18% 0.31% 0.30% 0.29% 0.21% 0.25% 0.05% 0.12% 

All-cause Elderly Mortality over 2000-2019 Area-SES measure alone 0.59% 0.71% 0.75% 0.68% 0.56% 0.64% 0.28% 0.55% 
Incremental Pseudo-R2 0.38% 0.47% 0.48% 0.47% 0.35% 0.40% 0.18% 0.35% 

Diabetes Prevalence in 2000 Area-SES measure alone 0.54% 0.55% 0.54% 0.22% 0.47% 0.49% 0.38% 0.48% 
Incremental Pseudo-R2 0.07% 0.09% 0.09% 0.05% 0.07% 0.08% 0.03% 0.05% 

Diabetes Prevalence in 2019 Area-SES measure alone 0.78% 0.67% 0.65% 0.26% 0.78% 0.73% 0.48% 0.46% 
Incremental Pseudo-R2 0.30% 0.30% 0.29% 0.18% 0.31% 0.32% 0.09% 0.17% 

Diabetes Incidence over 2000-2005 Area-SES measure alone 0.32% 0.34% 0.25% 0.24% 0.08% 0.29% 0.27% 0.21% 
Incremental Pseudo-R2 0.08% 0.10% 0.06% 0.05% 0.04% 0.07% 0.07% 0.04% 

Drug Overdose Mortality Area-SES measure alone 1.49% 0.86% 0.94% 0.09% 1.38% 1.29% 1.36% 1.21% 
Incremental Pseudo-R2 0.50% 0.20% 0.20% -0.10% 0.40% 0.40% 0.50% 0.40% 

Average across outcomes Area-SES measure alone 0.69% 0.61% 0.60% 0.31% 0.62% 0.66% 0.50% 0.53% 
Average across outcomes Incremental Pseudo-R2 0.25% 0.25% 0.24% 0.16% 0.23% 0.25% 0.15% 0.19% 

Panel B.  Tract level 

Outcome Model SDI ADIstd ADImod ADIorig SVI SVImod TDI Poverty 

All-cause Elderly Mortality over 2000-2019 Area-SES measure alone 0.90% 1.05% 1.05% 0.96% 0.89% 0.99% 0.53% 0.78% 
Incremental Pseudo-R2 0.58% 0.70% 0.71% 0.66% 0.60% 0.66% 0.33% 0.51% 

Diabetes Prevalence in 2000 Area-SES measure alone 0.78% 0.66% 0.67% 0.24% 0.68% 0.63% 0.65% 0.56% 
Incremental Pseudo-R2 0.11% 0.17% 0.16% 0.05% 0.09% 0.11% 0.04% 0.07% 

Diabetes Incidence over 2000-2005 Area-SES measure alone 0.40% 0.48% 0.24% 0.26% 0.06% 0.33% 0.25% 0.23% 
Incremental Pseudo-R2 0.09% 0.09% 0.08% 0.04% 0.05% 0.06% 0.05% 0.06% 

Average across outcomes Area-SES measure alone 0.69% 0.73% 0.65% 0.49% 0.54% 0.65% 0.48% 0.52% 
Average across outcomes Incremental Pseudo-R2 0.26% 0.32% 0.32% 0.25% 0.25% 0.28% 0.14% 0.21% 
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Table App-21.  Area under the ROC Curve 

Table shows area under the ROC curve (AUC) at zip-code and tract level for the indicated outcomes and area-SES measures.  Incremental AUC is increase in AUC 
when areas-SES measure is added to regression with the other covariates used for each measure, which generally include age, gender, race/ethnicity, sometimes 
comorbidities, and selected interactions (e.g., male*age).  Covariates are same as in text Table 3.  Panel A. Zip-code level.  Panel B. Tract level.  

Panel A.  Zip-code level 

Outcome Model SDI ADIstd ADImod ADIorig SVI SVImod TDI Poverty 

COVID-19 Mortality SES alone 55.9% 56.3% 56.1% 55.5% 56.3% 56.5% 54.3% 54.6% 
Incremental AUC 0.04% 0.07% 0.06% 0.06% 0.05% 0.06% 0.01% 0.03% 

All-cause elderly mortality SES alone 55.1% 55.6% 55.7% 55.4% 54.9% 55.3% 53.3% 54.9% 
Incremental AUC 0.07% 0.08% 0.08% 0.08% 0.06% 0.07% 0.04% 0.06% 

Diabetes Prevalence 2000 SES alone 54.8% 54.7% 54.6% 52.8% 54.6% 54.7% 53.9% 54.2% 
Incremental AUC 0.2% 0.3% 0.3% 0.1% 0.2% 0.3% 0.1% 0.1% 

Diabetes Prevalence 2019 SES alone 55.9% 55.4% 55.3% 53.1% 55.9% 55.8% 54.4% 54.5% 
Incremental AUC 0.6% 0.6% 0.6% 0.5% 0.7% 0.7% 0.2% 0.6% 

Diabetes Incidence 2000-2005 SES alone 53.3% 53.4% 52.9% 52.7% 51.8% 53.3% 53.1% 52.5% 
Incremental AUC 0.3% 0.3% 0.2% 0.2% 0.2% 0.3% 0.3% 0.1% 

Drug Overdose Mortality SES alone 59.4% 56.8% 56.6% 52.4% 59.0% 58.8% 59.3% 58.4% 
Incremental AUC 0.02% 0.01% 0.02% 0.02% 0.02% 0.02% 0.03% 0.02% 

Average across outcomes SES alone 55.73% 55.37% 55.20% 53.65% 55.42% 55.73% 54.72% 54.85% 
Average across outcomes Incremental AUC 0.21% 0.23% 0.21% 0.16% 0.21% 0.24% 0.11% 0.15% 

 

Panel B.  Tract level 

Outcome Model SDI ADIstd ADImod ADIorig SVI SVImod TDI Poverty 

All-cause elderly mortality SES alone 56.3% 56.8% 56.8% 56.5% 56.2% 56.6% 54.8% 55.9% 
Incremental AUC 0.09% 0.10% 0.11% 0.10% 0.09% 0.10% 0.06% 0.08% 

Diabetes Prevalence 2000 SES alone 55.6% 55.2% 55.3% 53.2% 55.4% 55.3% 54.9% 54.6% 
Incremental AUC 0.4% 0.4% 0.5% 0.4% 0.2% 0.4% 0.2% 0.2% 

Diabetes Incidence 2000-2005 SES alone 53.5% 53.9% 52.6% 52.6% 51.7% 53.3% 52.9% 52.5% 
Incremental AUC 0.4% 0.5% 0.5% 0.4% 0.3% 0.3% 0.2% 0.3% 

Average across outcomes SES alone 55.13% 55.30% 54.90% 54.10% 54.43% 55.07% 54.20% 54.33% 
Average across outcomes Incremental AUC 0.30% 0.33% 0.37% 0.30% 0.20% 0.27% 0.15% 0.19% 
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Figure App-1.  Multipliers to Convert 5% Medicare FFS Random Sample to Synthetic 
Population for Three Midwest Areas 

Figure shows for women (left-hand graphs) and men (right-hand graphs) the multipliers we use to convert the 5% 
Medicare random sample to a population-representative synthetic population for each of the three Midwest areas, for 
ages 65-95.  Multipliers are averaged across race/ethnicity, in proportion to number of Medicare FFS beneficiaries.  
We suppress estimates for ages above 90, which become erratic due to the small numbers of both decedents and 
persons in our 5% Medicare FFS sample.   
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Figure App-2.  Comparison of ADIorig, ADIstd and ADImod 
Figure compares marginal effects of ventiles of ADIstd, ADImod and ADIorig for the indicated outcomes and geographic levels.  Panel A. Zip-code level. Panel B. 
Same but at tract level, for outcomes for which tract level estimates are available.  Panel C. Same but at tract level, for outcomes for which block-group level 
estimates are available.  Panel D. Same but at county level.  Outcomes, sample, and covariates are same as for regressions reported in text Table 3.  All panels. 
ADI measure is ADIstd. 

Zip-Code level: Panel A1.  COVID-19 Mortality             Panel A2.  All-Cause Elderly Mortality 

    
Zip-Code level: Panel A3.  Diabetes Prevalence in 2000            Panel A4.  Diabetes Prevalence in 2019 
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Zip-Code level: Panel A5.  Drug Overdose Mortality            Panel A6.  Diabetes incidence over 2000-2005 
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Tract level: Panel B1.  All-Cause Elderly Mortality            Panel B2.  Diabetes Prevalence in 2000 

    
Tract level: Panel B3.  Diabetes incidence 2000-2005 
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Block group level: Panel C1.  All-Cause Elderly Mortality            Panel C2.  Diabetes Prevalence in 2000 

    
Block group level: Panel C3.  Diabetes incidence over 2000-2005 
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County level:  Panel D1.  All-Cause Elderly Mortality            Panel D2.  Diabetes Prevalence in 2000 

    
County level: Panel D3.  Diabetes Prevalence in 2019            Panel D4.  Drug Overdose Mortality 
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County level: Panel D5.  Diabetes incidence over 2000-2005 
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Figure App-3.  Comparison of SVI and SVImod 
Figure compares marginal effects of ventiles of SVI and modified SVI for the indicated outcomes and geographic levels.  Panel A. Zip-code level.  Panel B. Same 
but at tract level, for outcomes for which tract level estimates are available.  Panel C. Same but at tract level, for outcomes for which block-group level estimates 
are available.  Panel D. Same but at county level.  Outcomes, sample, and covariates are same as for regressions reported in text Table 3. 
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Zip-Code level: Panel A5.  Drug Overdose Mortality            Panel A6.  Diabetes incidence over 2000-2005 
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Tract level: Panel B1.  All-Cause Elderly Mortality            Panel B2.  Diabetes Prevalence in 2000 

    
Tract level: Panel B3.  Diabetes incidence over 2000-2005 
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Block group level: Panel C1.  All-Cause Elderly Mortality             Panel C2.  Diabetes Prevalence in 2000 

    
Block group level: Panel C3.  Diabetes Incidence over 2000-2005 
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County level: Panel D1.  All-Cause Elderly Mortality            Panel D2.  Diabetes Prevalence in 2000 

    
County level: Panel D3.  Diabetes Prevalence in 2019            Panel D4.  Drug Overdose Mortality  
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County level: Panel D5.  Diabetes Incidence over 2000-2005 
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Figure App-4.  Area-SES Marginal Effects for Ventiles at Tract Level 
Figure shows marginal effects of ventiles of SDI, ADI, SVI, and TDI for indicated outcomes at tract level.  Highest SES ventile is omitted.  Panel A. All-cause 
elderly mortality over 2000-2019.  Panel B. Diabetes prevalence in 2000.  Panel C. Diabetes Incidence over 2000-2005. Covariates are same as in text Table 3.  
All panels. ADI is ADIstd.  

Panel. A.  All-Cause Elderly Mortality over 2000-2019            Panel B.  Diabetes Prevalence in 2000 

    
Panel C.  Diabetes Incidence over 2000-2005  
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Figure App-5.  Area-SES Marginal Effects for Ventiles for Cox Model:  Zip-Code and Tract Level 

Figure shows marginal effects of ventiles of SDI, ADIstd, SVI, and TDI for all-cause elderly mortality using Cox model, at zip-code and tract level.  Highest SES 
Ventile is omitted. Sample uses Medicare-FFS beneficiaries aged 66 as of January 1, 2000.  Panel A. Zip-code level.  Panel B. Tract level.  Covariates are same 
as in text Table 3, Panel B.  All panels. ADI measure is ADIstd. 

Panel A.  Zip-Code level: All-cause Elderly Mortality over 2000-2019         Panel B.  Tract level: All-cause Elderly Mortality over 2000-2019 
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Figure App-6.  Medicare Spending in 2000 and 2019 

Graph shows marginal effects for Medicare spending in 2000 and 2019, for ventiles, for SDI, ADIstd, SVI, and TDI, for indicated geographic levels.  Highest SES 
5-percentile is omitted.  Panel A. Medicare spending in 2000 at zip-code level.  Panel B. Medicare spending in 2019 at zip-code level.  Panel C. Medicare 
Spending in 2000 at county level.  Panel D. Medicare Spending in 2019 at county level. Covariates are same as in Table App-13. Amounts in 2000$.  All panels. 
ADI measure is ADIstd. 

Panel A.  Zip-code level: Medicare Spending in 2000            Panel B.  Zip-code level: Medicare Spending in 2019 

    
Panel C.  County level: Medicare Spending in 2000            Panel D.  County level: Medicare Spending in 2019 
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Figure App-7  Area-SES Marginal Effects for Ventiles at Block Group Level 

Figure shows marginal effects of ventiles of SDI, ADIstd, SVI, and TDI for indicated outcomes at block-group for outcomes with data available at block-group 
level.  Highest SES 5-percentile is omitted.  Panel A. All-cause elderly mortality over 2000-2019.  Panel B. Diabetes prevalence in 2000.  Panel C. Diabetes 
incidence over 2000-2005.  Covariates are same as in text Table 3.  All panels. ADI measure is ADIstd.  

Panel. A.  All-Cause Elderly Mortality over 2000-2019             Panel B.  Diabetes Prevalence in 2000 

    
Panel C.  Diabetes incidence over 2000-2005 
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Figure App-8.  Zip-Code Level:  Comparing Poverty Alone to Area-SES Ventiles Alone 
Figure shows marginal effects of ventiles of SDI, ADIstd, SVI, TDI, and Poverty for indicated outcomes at zip-code level.  Highest SES ventile is omitted.  Other 
covariates are same as in text Table 3. A ll panels.  ADI measure is ADIstd. 

Panel. A.  COVID-19 Mortality               Panel. B.  All-Cause Elderly Mortality over 2000-2019 

    
Panel C.  Diabetes Prevalence in 2000              Panel D.  Diabetes Prevalence in 2019 
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Panel E:  Diabetes Incidence over 2000-2005              Panel F.   Drug Overdose Mortality in 2017-2021 
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Figure App-9.  Marginal Effects for Ventiles at Zip-code Level, Controlling for Poverty and Vice-Versa 
Left-hand graphs: marginal effects of ventiles of SDI, ADIstd, SVI, and TDI for indicated outcomes at zip-code level, controlling for ventiles of Poverty. Highest 
SES ventile is omitted.  Right-hand graphs: marginal effects of Poverty ventiles, controlling for ventiles of the indicated area-SES measures. Highest income 
(lowest Poverty) ventile is omitted.  Panel A. COVID-19 Mortality.  Panel B. All-Cause Elderly Mortality over 2000-2019.  Panel C. Diabetes Prevalence in 
2000.  Panel D. Diabetes Prevalence in 2019.  Panel E. Diabetes Incidence over 2000-2005.  Panel F. Drug Overdose Mortality in Illinois and Indiana, 2017-
2021.  Other covariates are same as in text Table 3.  All panels. ADI measure is ADIstd. 
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Panel B.  All-Cause Elderly Mortality over 2000-2019 
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-0.005

0.000

0.005

0.010

0.015

0.020

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

M
ar

gi
na

l e
ffe

ct

Area-SES ventile

SDI TDI ADI SVI

-0.015

-0.010

-0.005

0.000

0.005

0.010

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

M
ar

gi
na

l e
ffe

ct

Area-Poverty ventile

SDI TDI ADI SVI

-0.10
-0.05
0.00
0.05
0.10
0.15
0.20

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

M
ar

gi
na

l e
ffe

ct

Area-SES ventile

SDI TDI ADI SVI

-0.10

-0.05

0.00

0.05

0.10

0.15

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

M
ar

gi
na

l e
ffe

ct

Area-Poverty ventile

SDI TDI ADI SVI



57 
 

Panel C.  Diabetes Prevalence in 2000 
Area-SES Measures Controlling for Poverty             Poverty, Controlling for Each of the Area-SES Measures 

    
Panel D.  Diabetes Prevalence in 2019 
Area-SES Measures Controlling for Poverty             Poverty, Controlling for Each of the Area-SES Measures 
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Panel E.  Diabetes incidence over 2000-2005 
Area-SES Measures Controlling for Poverty              Poverty, Controlling for Each of the Area-SES Measure 

    
Panel F.  Drug Overdose Mortality over 2017-2021 
Area-SES Measures Controlling for Poverty              Poverty, Controlling for Each of the Area-SES Measure 
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Figure App-10.  Marginal Effects for Ventiles at Tract Level, Controlling for Poverty and Vice-Versa 
Graphs are similar to text Figure App-10, but for the outcomes that are available at tract level.  Left-hand graphs: marginal effects of ventiles of SDI, ADIstd, SVI, 
and TDI for indicated outcomes at tract level, controlling for ventiles of Poverty.  Right-hand graphs: marginal effects of Poverty ventiles, controlling for ventiles 
of SDI, ADIstd, SVI, and TDI.  Panel A. All-cause elderly mortality over 2000-2019.  Panel B. Diabetes prevalence in 2000.  Panel C. Diabetes incidence over 
2000-2019.  Other covariates are same as in text Table 3.  All panels. ADI measure is ADIstd. 
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Panel C.  Diabetes Incidence over 2000-2005 
Area-SES Measures, Controlling for Poverty             Poverty, Controlling for Each of the Area-SES Measures 
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Figure App-11.  Area-SES Marginal Effects for Ventiles at Different Geographic Levels  

Each graph shows, for SDI, ADIstd, SVI, and TDI, marginal effects of ventiles for indicated outcomes at county, zip-code, tract and block-group  level.  Highest 
SES Ventile is omitted.  Panel A. All-cause elderly mortality over 2000-2019.  Panel B. Diabetes prevalence in 2000.  Panel C. Diabetes incidence over 2000-
2005. Covariates are same as in text Table 3.  All panels. ADI measure is ADIstd. 
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Panel B.  Diabetes Prevalence in 2000 
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Panel C.  Diabetes Incidence over 2000-2005 
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Figure App-12.  Marginal Effects for Ventiles at County Level 

Figure shows marginal effects of ventiles of SDI, ADIstd, SVI, and TDI for indicated outcomes at county level.  Highest SES ventile is omitted.  Panels, samples, 
and covariates are same as Table App-14.  Panel A. COVID-19 Mortality in Indiana and Wisconsin in 2020.  Panel B. COVID-19 Mortality in USA in 2020.  
Panel C. All-Cause Elderly Mortality over 2000-2019.  Panel D. Diabetes Prevalence in 2000.  Panel E. Diabetes Prevalence in 2019.  Panel F. Diabetes Incidence 
over 2000-2005.  Panel G. Drug Overdose Mortality over 2017-2021. Covariates are same as in text Table 3.  All figures. ADI is ADIstd.  

Panel. A.  COVID-19 Mortality in Indiana and Wisconsin in 2020            Panel. B.  COVID-19 Mortality in USA in 2020 

...  
Panel C.  All-Cause Elderly Mortality over 2000-2019             Panel D.  Diabetes Prevalence in 2000 
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Panel E.  Diabetes Prevalence in 2019              Panel F.  Diabetes Incidence over 2000-2005 

    
Panel G.  Drug Overdose mortality over 2017-2021 
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Figure App-13.  Comparing Centile to Ventile Estimates at Zip-Code Level  

Graphs show, for SDI, ADIstd, and SVI at zip-code level, marginal effects of ventiles for all-cause elderly mortality over 2000-2019 and diabetes prevalence in 
2000, for SDI, modified-ADI and modified-SVI measures. Top graphs show ventiles (same as text Figure 1). Bottom graphs show corresponding centile estimates.  
Panel A. All-cause elderly mortality over 2000-2019.  Panel B. Diabetes prevalence in 2000. Covariates are same as in text Table 3.  All panels. ADI measure is 
ADIstd. 

Panel A.  All-Cause Elderly Mortality over 2000-2019            Panel B.  Diabetes Prevalence in 2000 

    

    
 

-0.05

0.00

0.05

0.10

0.15

0.20

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

M
ar

gi
na

l e
ffe

ct

Area-SES ventile

SDI ADI SVI

0.00

0.02

0.04

0.06

0.08

0.10

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

M
ar

gi
na

l e
ffe

ct

Area-SES 5-percentile

SDI ADI SVI

-0.06

-0.01

0.04

0.09

0.14

0.19

0 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95100

M
ar

gi
na

l e
ffe

ct

Area-SES centile

SDI ADI SVI

-0.05

0.00

0.05

0.10

0.15

0.20

0 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95100

M
ar

gi
na

l e
ffe

ct

Area-SES centile

SDI ADI SVI



67 
 

Figure App-14.  Correlations between Area-SES Measures over 2012-2020 

Figures show pairwise correlations at indicated geographic levels, between SDI, ADIstd, SVI, and TDI, annually over 2012-2020 (starting 2013 at block-group 
level).  Panel A. Correlations at county level.  Panel B. Correlations at ZCTA level.  Panel C. Correlations at tract level.  Panel D. Correlations at block-group 
level.  All panels. ADI measure is ADIstd. 

Panel A.  County Level                Panel B.  ZCTA level 

    
Panel C.  Tract Level                 Panel D.  Block group level 
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Figure App-15.  Cronbach’s Alpha for Area-SES Measures for 2000 and 2010-2021 

Figures show Cronbach’s Alpha at indicated geographic levels, for SDI, ADIorig, ADIstd, SVI, SVImod, SVI2020, SVI2020_mod, and TDI, for 2000 and annually for 
2010-2021 (starting 2011 at ZCTA level).  Panel A. ZCTA level.  Panel B. Tract level.   

Panel A.  Cronbach’s Alpha at ZCTA level             Panel B.  Cronbach’s Alpha at Tract level 
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