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ABSTRACT

Objective Decompose the US black/white inequality in
premature mortality into shared and group-specific risks to
better inform health policy.

Setting All 50 US states and the District of Columbia,
2010 to 2015.

Participants A total of 2.85million non-Hispanic white
and 762 639 non-Hispanic black US-resident decedents.
Primary and secondary outcome measures The race-
specific county-level relative risks for US blacks and
whites, separately, and the risk ratio between groups.
Results There is substantial geographic variation in
premature mortality for both groups and the risk ratio
between groups. After adjusting for median household
income, county-level relative risks ranged from 0.46 to
2.04 (median: 1.03) for whites and from 0.31 to 3.28
(median: 1.15) for blacks. County-level risk ratios (black/
white) ranged from 0.33 to 4.56 (median: 1.09). Half of
the geographic variation in white premature mortality was
shared with blacks, while only 15% of the geographic
variation in black premature mortality was shared with
whites. Non-Hispanic blacks experience substantial
geographic variation in premature mortality that is not
shared with whites. Moreover, black-specific geographic
variation was not accounted for by median household
income.

Conclusion Understanding geographic variation in
mortality is crucial to informing health policy; however,
estimating mortality is difficult at small spatial scales or
for small subpopulations. Bayesian joint spatial models
ameliorate many of these issues and can provide a
nuanced decomposition of risk. Using premature mortality
as an example application, we show that Bayesian joint
spatial models are a powerful tool as researchers grapple
with disentangling neighbourhood contextual effects and
sociodemographic compositional effects of an area when
evaluating health outcomes. Further research is necessary
in fully understanding when and how these models can be
applied in an epidemiological setting.

INTRODUCTION

Understanding  differences in  health
outcomes across geographic and sociode-
mographic subpopulations is essential for
improving population health. Research
has consistently found large differences
in health outcomes by geography and
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» Descriptive epidemiology is often limited in situa-
tions where areas or subpopulations may have few
observations of the health outcome of interest. We
present a small area estimation method used in spa-
tial statistics that allows estimating these outcomes
in a disciplined way.

» This method may be useful for understanding spatial
patterns, generating new hypotheses and estimat-
ing health outcomes when data are limited.

» Like all models, this method makes assumptions
that must be assessed and carefully explored and
is limited to descriptive (ie, non-causal) questions.

sociodemographic characteristics including
race/ethnicity and income.'™ This important
heterogeneity is masked when using aggre-
gated measures of health such as national life
expectancy.’ ° Measuring how health varies
across geographic space and sociodemo-
graphic characteristics is crucial to informing
health policy and improving overall health.

Examining geographic variation of health
outcomes is often complicated due to small
populations or few observations of the
outcome of interest. This data sparsity results
in highly variable estimates, making it diffi-
cult to understand the underlying risk. In
addition, investigating geographic variation
in health disparities between two subpopu-
lations is difficult when using these volatile
estimates, especially for relative measures
where unstable estimates in the denominator
may result in undefined or extreme over/
under-estimates.”

In order to address these issues of small
area  estimation, researchers  employ
three common approaches—aggregation,
suppression and multilevel modelling. First,
researchers may choose to aggregate over
geography, time, sociodemographic charac-
teristics or a combination of these to obtain
sufficiently large sample sizes for stable
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estimates. Second, researchers may choose to suppress
estimates from areas with small populations or remove
areas with inadequate sample size from their analyses.
While convenient, these two approaches result in loss of
information, thus limiting their ability to inform health
policy. Third, researchers may use Bayesian hierarchical
models to pool information across geography, time or
subpopulations. However, most Bayesian hierarchical
approaches share information across geography or time
while treating subpopulations independently.

One type of Bayesian hierarchical model that treats
subpopulations in a more sophisticated way is the shared
component model. This model jointly estimates the
spatial variation in two subpopulations, which ameliorates
issues of sparse data by pooling information across both
geographic areas and subpopulations.” The simultaneous
modelling of common spatial patterns of risk across
different population groups can be conceptualised as
providing evidence of latent risk factors that have shared
spatial structure. Conversely, this model also estimates
divergent spatial patterns, which may provide evidence
of risk factors unique to only one group.® Finally, joint
modelling approaches also produce estimates that are
more precise than separate stratified models, especially
when one subpopulation is small relative to the other.**

While originally developed for jointly modelling two
related diseases, this model has also been used to estimate
geographic variation in health inequalities by gender'
and racial/ethnic disparities in epilepsy'’ and infant
mortality.” However, the shared component model is still
underused in the social epidemiology literature. In the
cases where it is used, computational restrictions often
require estimating only a single region'' or using a simpli-
fied version of the model.’

In the USA, racial/ethnic disparities in a range of
health outcomes, including premature mortality, have
been noted since the earliest health records,12 fluctu-
ating in magnitude,'” while remaining spatially persistent
over time.'* Premature mortality is a key indicator of
population health and is often used to guide health
policy worldwide.'” Many premature deaths are consid-
ered preventable'® and thus amenable preventive health
interventions. In addition to reducing population-wide
premature mortality, a central goal of the US Healthy
People 2020 initiative'” and the WHO Health for All
programme'® is to reduce health disparities between
subpopulations. We used the shared component model
to estimate non-Hispanic white and non-Hispanic black
premature mortality risk for 3108 US counties. In addi-
tion, for each county, we calculated the racial/ethnic
disparity in terms of risk ratios.

The shared component model decomposes geographic
variation in premature mortality risk into three spatial
‘risk surfaces’. First, the shared surface represents unob-
served covariates that may explain geographic varia-
tion for both blacks and whites. In addition, the model
produces two race/ethnicity-specific risk surfaces, which
represent the risk in each county that is specific to the

corresponding racial/ethnic group. In this paper, we
present a computationally feasible way of estimating the
full shared component model on the entire contiguous
USA. While this model is general enough for any pair
of outcomes or groups, we present an application of the
method to black/white disparities in premature mortality
in the USA. We show that this nuanced decomposition of
premature mortality risk at the county level could be used
to inform health policy, create targeted intervention strat-
egies and improve health while decreasing geographic
and racial/ethnic disparities in US premature mortality.

METHODS

Data

We used the US National Center for Health Statistics’
compressed mortality files and accompanying popula-
tion files' to tabulate premature deaths by sex, race/
ethnicity and 5-year age category (0—4, 5-9, ..., 85+) for
non-Hispanic whites and non-Hispanic blacks—here-
after referred to as ‘whites’ and ‘blacks’—from 2010 to
2015. Following previous studies,"” *” we conservatively
defined premature mortality as death before age 65.
The majority of counties observed fewer than 10 deaths
among the black population (see online supplementary
appendix figure 1). We calculated age/sex-standardised
mortality ratios (SMRs) using the indirect method with
the overall national premature mortality rate, including
both non-Hispanic whites and non-Hispanic blacks, as
the reference rate. Data are available by request using the
National Vital Statistics System website (https://www.cdc.
gov/nchs/nvss/nvss-restricted-data.htm).

We used the 5-year American Community Survey to
extract 2015 median income in the previous 12 months
(in 2015 dollars) of all households for each county.21
Income was mean-centred and scaled to $10000 per unit.
Four counties (0.1%) with missing values for median
income were mean-imputed (see online supplementary
appendix figure 2).

County adjacency was defined using the US Census
Bureau’s 2010 County Adjacency File.”* Consistent with
previous research,’ we limited our analysis to the contig-
uous USA and the District of Columbia.

Patient and public involvement
This study used de-identified data on deceased individ-
uals and did not require patient or public involvement.

Analysis

Shared component model

Our model builds on the Knorr-Held and Best’ shared
component model. Specifically, assume we have observed
and expected counts Oy and Eg;, respectively, for each
race/ethnicity d € {1, 2} within counties i=1,..., I,
which are nested in states j=1, ..., J. The county-level
SMR is SMR = Og4/E4. The county-specific relative risks
A and Ay are modelled hierarchically as a log-linear
function of a Poisson distribution. Each race/ethnicity 4
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is modelled with group-specific intercepts o, vectors of
coefficients B ,, design matrices X, and spatial param-
eter 1. Both racial/ethnic groups have a shared spatial
parameter ¢;, which is scaled by 4. In addition to the
county-level spatial parameters, there is an indepen-
dent, normally distributed state random effect 7;, which
represents our belief that multiple levels of governmental
characteristics and policies can affect health.
011] ~ Poisson (ElyAly)a 021] ~ Poisson (E21])\21])

log(AlU) = Oél + ,6(1))((1) + ¢2]6 + wlij-‘_ ’I’}I
log(Asj) = ag + By Xip) + 95/ 0 + Yy + 1

The racial/ethnic-specific spatial components are
assumed to be independent with y; and ¥.; representing
race/ethnicity-specific risk separately. Conversely, ¢;
represents a latent risk surface that is shared between
both blacks and whites. All three spatial components
are assigned the Besag-York-Mollié (BYM) convolution
prior. In a BYM prior, the spatial effect of a particular
county is dependent on the effects of all its neighbours.
In addition, the BYM includes an unstructured random
effect to account for independent county-specific noise.”
The magnitude of the shared component may differ
by the scaling factor ¢;, which is estimated from the
data and allows each race/ethnicity to have a different
‘risk gradient’. A simplified schematic of the shared

component model is shown in online supplementary
appendix figure 3.

Priors and hyperpriors

We assigned both intercepts a flat prior of
o ~ Uniform (—oo, +00). For the income-adjusted
model, the coefficient of county median household
income was assigned a weakly informative prior of
B ~ Normal (0, 100). The inverse square of the scaling
factor, 1/6%, can be interpreted as the risk ratio of the
shared component. Accordingly, we assigned a prior of
& ~ logNormal (0, 0.412), which corresponds to our

belief that the risk ratio of the shared component has a
95% probability being in the interval [%,5] and is consis-
tent with previous research.®” We used weakly informative
hyperpriors for the precision terms in the BYM compo-
nents. Following Gelman,24 we reparameterised our preci-

\% ~ halfNormal (0, 5).

sions as SD with priors of o =

Risk ratio

For each county, we calculated the within-county black/
white disparity in premature mortality on the relative
scale, which we refer to as the ‘risk ratio’ to differentiate
it from the area-specific relative risk A; . Specifically, the
log risk ratio was defined from the earlier equations as:

Table 1

Distribution of counts of deaths and population for non-Hispanic blacks and non-Hispanic whites under 65, and

county-level standardised mortality ratios (SMRs) by race/ethnicity for the USA, 2010-2015. Modelled SMRs are county-level
posterior median values with and without adjusting for county median household income. All SMRs are in reference to the total

US population after sex/age-standarisation

Total Min 5th percentile Median 95th percentile Max

Deaths (#)

Non-Hispanic white 2832444 1 28 346 3631 34336

Non-Hispanic black 762639 1 1 28 1154 29206
Population (#)

Non-Hispanic white 995524222 144 8595 98872 1344399 13811154

Non-Hispanic black 220875881 1 117 4942 278157 6689888
Raw county-specific SMR

Non-Hispanic white 0.09 0.63 1.04 1.60 2.48

Non-Hispanic black 0.00 0.00 1.15 2.30 16.62
Modelled county-specific relative risk (no income adjustment)

Non-Hispanic white 0.36 0.66 1.03 1.57 2.46

Non-Hispanic black 0.31 0.69 1.13 1.87 2.60
Modelled county-specific relative risk (income-adjusted)

Non-Hispanic white 0.46 0.76 1.03 1.39 2.04

Non-Hispanic black 0.31 0.73 1.15 1.76 3.28
Within-county black/white risk ratio of premature mortality

No income 0.33 0.75 1.09 1.67 5.07

adjustment

Income-adjusted 0.33 0.75 1.09 1.65 4.56

SMR, standardised mortality ratio.
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tog (RRy) = (02 — 1) + 6, (5 8) + (v — )
log(RRy) = log (As) — log(A1y)
log(RRy) = (0t — ) + ¢y(3 — 8) + (Yo — 1)

Computation

All analyses were conducted using the statistical program-
ming language R V.3.3.2° with the RStan V.2.14.1
package.?® The split-chain Gelman-Rubin R diagnostic®’
was used to check convergence. All parameters had
R<1.10, indicating convergence with adequate effective
sample size. Due to computational limitations, we did not
conduct formal sensitivity analyses of model parameters
and hyperparameters.

To quantify the between-county variation, we calcu-
lated the empirical variance for each risk surface. Simi-
larly, we calculated the empirical variance of the overall
(log) county-specific relative risks and the fraction of total
spatial empirical variation shared by both racial/ethnic
groups.

We estimated the posterior probability of excess rela-
tive risk greater than 1 or reduced relative risk less than 1
for each region, each surface and for the spatially varying
disparity. Consistent with previous literature,” we used a
cutpoint of 80%, which simulation studies have shown to
have adequate sensitivity and specificity,™ and only plot
counties that meet this cutpoint. Estimates for all counties
and their posterior probability are shown in the online
supplementary appendix figures 4 and 5.

RESULTS

Standardised mortality ratios and county-specific relative
risks

From 2010 to 2015, 2.85million non-Hispanic white
premature deaths and 762 639 non-Hispanic black prema-
ture deaths were recorded from observed populations of
995.5million and 220.9million, respectively (table 1).
The spread of county-level premature mortality risk for
blacks was greater than that of whites in both the raw data
(SMRs) and modelled relative risk estimates (table 1).
High white SMRs are observed in Appalachia, Oklahoma
and other southern states, as well as parts of Nevada and
Arizona (figure 1). In the income-adjusted model, the
95th percentile county had three times higher white rela-
tive risk than the 5th percentile county (table 1). High
black relative risks are observed in the South, Mid-Atlantic
region and parts of California and Nevada (figure 1). In
the income-adjusted model, the 95th percentile county
had 5.6 times higher black relative risk than the 5th
percentile county (table 1). Model parameters are shown
in online supplementary appendix table 1.

County median household income was associated with
lower premature mortality rates for both whites and
blacks. Specifically, a $10000 increase in median house-
hold income corresponded to within-race rate ratio of
0.88 (95% uncertainty interval (UI): 0.87 to 0.88) and

Non-Hispanic White

Non-Hispanic Black

Raw standardized
mortality ratio

me adjustment
risk)

Relative Risk

1 | D I S S S SR S E——
0.00 067 074 0.80 0.87 095 1.05 115 125 135 150

Figure 1 County-level premature mortality risk by race/
ethnicity after sex- and age-standardisation. The top row

is the unsmoothed (raw) standardised mortality ratio. The
middle row is smoothed county-specific relative risk with no
income adjustment. The bottom row is smoothed county-
specific relative risk and adjusted for county-level median
household income.

0.91 (95% UI: 0.90 to 0.92) for whites and blacks, respec-
tively. After adjusting for county median household
income, the between-county empirical variance in (log)
relative risk was reduced. Specifically, the between-county

Without income adjustment Income adjusted

((d)dxa) paseys pajeasun ((‘h)dxe) oyoeds-suym

((rh)dxa) oyroads-soelg

0.33 0.67 0.74 0.80 0.87 1.05 1.15 1.25 1.35 1.50 NA

Figure 2 County-level white-specific (top), shared (middle)
and black-specific (bottom) premature mortality risk before
(left) and after (right) adjusting for county median household
income. Both models use sex/age-standardised rates. Non-
significant counties are grey. Significant counties are defined
as counties with greater than 80% of posterior estimates
above or below 1.

4

Kiang MV, et al. BMJ Open 2019;9:6029373. doi:10.1136/bmjopen-2019-029373

1ybuAdoo Ag pa1aaioid "1a1ua) [eIIPaN AlSISAIUN
piojuels ‘Areiqi [edlpaN aueT 1e 6TOZ ‘9 Jaqwiadaq uo /wodfwg uadolwa//:dny woly papeojumod ‘6TOZ J9GWSAON 6T U0 £/£620-6T0Z-Uadolwa/9eTT 0T se paysignd isiy :uado ring


https://dx.doi.org/10.1136/bmjopen-2019-029373
https://dx.doi.org/10.1136/bmjopen-2019-029373
https://dx.doi.org/10.1136/bmjopen-2019-029373
http://bmjopen.bmj.com/

empirical variance in white (log) relative risk was reduced
50% from 0.08 (95% UTI: 0.07 to 0.08) to 0.04 (95% UI:
0.03 to 0.04). On the other hand, adjustment for county
median household income reduced the larger between-
county variance in the black (log) relative risk by only
14%, from 0.14 (95% UT: 0.13 to 0.16) to 0.12 (95% UT:
0.11 to 0.13). The between-state variance remained small
(0.00; 95% UI: 0.00 to 0.01) in both models.

Spatial components

Geographic variation of shared riske;

Before adjusting for county median household income,
patches of high shared risk exist in the South and around
Appalachia (figure 2, middle row). Meanwhile, the
Midwest and Pacific Northwest have areas of low shared
risk; however, after accounting for income, the shared
risk is attenuated (online supplementary appendix figure
6) such that only Appalachia and parts of Texas remain
at an elevated shared risk. After income adjustment,
the between-county variance of the shared (log) risk
decreased 33% from 0.03 (95% UI: 0.02 to 0.05) to 0.02
(95% UI: 0.01 to 0.03).

Geographic variation of white-specific risk,;

The white-specific risk, #;, in the unadjusted model
shows significant excess risk in Appalachia and parts
of the South and Nevada (figure 2, top row) as well as
lower risk in the Midwest and coastal Mid-Atlantic states.
However, after adjusting for county median household
income, there is substantial attenuation of white-specific

risk (online supplementary appendix figure 6) with some
elevated risk still present in Appalachia and the lower risk
in the Mid-Atlantic no longer significant. The between-
county variance of the white-specific log risk decreased
60% from 0.05 (95% UI: 0.03 to 0.06) to 0.02 (95% UL
0.00 to 0.03). The fraction of the total geographic vari-
ation of premature mortality risk among whites that is
shared with blacks increased after adjustment for county
median income, from 30% (95% UI: 13% to 36%) to 52%
(95% UI: 13% to 88%) (table 2).

Geographic variation of black-specific riski),;

In the unadjusted model, the black-specific risk, 1y, is
elevated in the South, Mississippi Delta and parts of Cali-
fornia (figure 2, bottom row). There is reduced risk in the
Northeast, Colorado and northern Michigan. However,
unlike the shared and white-specific risks, the geographic
variation in the black-specific risk was amplified after
adjusting for county median household income (online
supplementary appendix figure 6), with the between-county
variance increasing 29% from 0.07 (95% UI: 0.03 to 0.11)
to 0.09 (95% UTI: 0.05 to 0.11). Specifically, high-risk coun-
ties in the South become even higher risk while low-risk
counties of the Midwest and West become even lower risk
(figure 2) with more high-risk areas in Wisconsin and Cali-
fornia. The fraction of total geographic variation of black
risk that is shared with whites decreased after adjustment
for county median household income from 42% (95% UL
23% to 81%) to 15% (95% UL 6% to 57%) (table 2).

Table 2 Posterior median (95% uncertainty interval) for variance components. The adjusted model takes into account county
median household income while the unadjusted model does not. Both models are based on sex/age SMRs

Unadjusted Adjusted
Between-state variance in (log) 2 0.00 (0.00 to 0.01) 0.00 (0.00 to 0.01)
risk Tn
Total between-county variance in (log) relative risk
Non-Hispanic white 0.08 (0.07 to 0.08) 0.04 (0.03 to 0.04)

Var (cr + ¢40 + 1ny + 1)

Non-Hispanic black b
Var (az + Tl/ + ’ll)z,‘j + 7]/)
Between-county variance of shared (log) risk

Non-Hispanic white Var (¢;6)
Non-Hispanic black Var (¢;/6)
Between-county variance of race-specific (log) risk
Non-Hispanic white Var (1)
Non-Hispanic black Var (1)

0.14 (0.13 to 0.16) 0.12 (0.11 t0 0.13)

0.02 (0.01 to 0.05) 0.01 (0.00 to 0.02)

0.05 (0.03 to 0.11) 0.03 (0.01 to 0.06)

0.05 (0.03 to 0.06) 0.02 (0.00 to 0.03)

0.07 (0.03 to 0.11) 0.09 (0.05 to 0.11)

Fraction of total geographic variation shared with the other race/ethnicity

Non-Hispanic white
Var(qﬁ,;é)
Vﬂ7(¢i/5) +Var(¢1,-,-)

Var ( ¢i7'/ 5 )
Var(¢/8) +Var (1)

Non-Hispanic black

30% (13% to 63%) 52% (13% to 88%)

42% (23% to 81%) 15% (6% to 57%)

SMR, standardised mortality ratio.
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No income adjustment

Income-adjusted

Risk ratio (black/white)
N : ] I . N . —
030 050 060 080 080 095 105 110 120 140 150 NA

Figure 3 County-level risk ratio (black/white) of premature
mortality before (top) and after (bottom) adjusting for

county median household income. Both models use sex/
age-standardised rates. Non-significant counties are grey.
Significant counties are defined as counties with greater than
80% of posterior estimates above or below 1.

County-specific black/white risk ratio

Within-county black/white risk ratio had a minimum
value of 0.33 (95% UI: 0.20 to 0.44) in both models to
5.07 (95% UL 4.77 to 5.40) in the model without county
median household income and 4.55 (95% UI: 4.24 to
4.89) in the model with income adjustment. Counties in
the South, California and the Mid-Atlantic region had
statistically significantly higher premature mortality risk
for blacks than for whites. Conversely, counties in Appa-
lachia, Nevada and parts of Colorado showed statistically
significantly lower premature mortality risk for blacks
than whites. The county-level risk ratio remained largely
unchanged after adjusting for county median household
income (figure 3 and online supplementary appendix
figure 7), despite substantial changes in the race/
ethnicity-specific and shared components. The global
disparity (ie, the spatially invariant difference in risk) was
only a small part of the county-level risk ratio at 1.10 (95%
UI: 1.08 to 1.12) for both the income-adjusted and unad-
justed models.

DISCUSSION

Within the contiguous USA, there is considerable
geographic variation in premature mortality for both
whites and blacks. For reference, the fifth percentile of
county premature mortality rates for both whites and

blacks is approximately 30% higher than the average
premature mortality rate in high-income FEuropean
counties such as Norway, the Netherlands and Luxem-
bourg (approximately 180 vs 140 per 100,000; see online
supplementary appendix table 2 for other list of prema-
ture mortality rates across various countries). Conversely,
the 95th percentile county premature mortality rate for
whites is similar to the average rate in Bulgaria or Latvia
(approximately 330 per 100,000); for blacks, the 95th
percentile rate is similar to post-Soviet nations such as
Belarus, Ukraine and Lithuania (approximately 420 per
100,000; see online supplementary appendix table 2). In
addition, there is large geographic variation in the county-
level racial/ethnic disparity between these two groups.
Both within-race geographic variation and within-county
racial/ethnic disparity persist after adjusting for county
median household income. This geographic variation is
masked when aggregating over larger areas and cannot
be directly estimated for many counties with small popu-
lations; however, the shared component model offers a
valuable method of smoothing data across both geog-
raphy and race/ethnicity simultaneously. This method
allows for reliable estimates of premature mortality,
by race/ethnicity as well as estimates of the disparities
between groups. Further, the shared component model
allows for premature mortality risk to be decomposed
into county-level risk specific to each race/ethnicity as
well as the county-level risk shared between each group.

Before interpreting our results, it is important to note
the limitations of this study. First, we refrain from making
any causal interpretations due to the ecological nature of
the study and the lack of temporal data. This descriptive
model is designed to inform policy, generate hypotheses
and predict areas of risk, but is not suited for causal infer-
ence. This is especially important in regard to attempts
to interpret the impact of county median household
income. Our finding that county income explains more
white risk than black risk is, at least in part, likely due
to whites comprising a larger proportion of the popula-
tion and thus county median household income is more
correlated with white income. Finally, it is possible that
the composition of people within counties changed
substantially over the 6-year period. However, despite
these limitations, we believe this study demonstrates the
value of the shared component model in health dispari-
ties research.

Consistent with the literature, our results suggest that
whites 1,; experience excess premature mortality in Appa-
lachia,”** while blacks ,; experience excess premature
mortality in the South.' > ** The race/ethnicity-specific
components reflect spatially patterned risk factors that
are not shared with the other group. Thus, for whites,
this heightened risk in Appalachia likely reflects noted
issues of low income and education, geographic isola-
tion, reduced access to care and environmental factors.**
Similarly, the black-specific component in the South is
consistent with the research about the lasting impact of
slavery and racism, differences in opportunity structure,
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black-specific experience of county-level poverty and
socioeconomic conditions, and differential access to
care.'* 37 In addition, the shared component describes
areas that are at higher or lower risk for both blacks and
whites, simultaneously. Even after adjusting for county
median household income, much of the South has
increased premature mortality risk for both whites and
blacks while the Midwest has decreased risk for both.

In addition, our results suggest that county median
household income explains more of the county-level
white risk than black risk. Furthermore, we find that half
of the geographic variation in white risk is shared with
blacks, while only 15% of the geographic variation in the
black risk is shared with whites. That is, after adjusting
for county median household income, the majority of
geographic variation in premature mortality risk for
blacks is not shared with whites. Further research should
be conducted to understand sources of county-level vari-
ability in black risk. Finally, we found between-state vari-
ation to be small relative to between-county variation in
both models, again reiterating the importance of esti-
mating geographic variation at the local level.

There is wide geographic variation in the racial/ethnic
disparity of premature mortality risk. Specifically, the
county-level black/white risk ratio estimates ranged from
0.30 (95% UI: 0.20 to 0.44) to 4.56 (95% UI: 4.24 to 4.89)
in the income-adjusted model. However, despite substan-
tial changes in the shared and race/ethnicity-specific
surfaces after adjusting for county median household
income, we find almost no change in the spatial pattern
of the black/white risk ratios of premature mortality
before and after adjustment. Other aspects of structural
racism, such as racial residential and occupational segre-
gation, could plausibly contribute to the inequalities not
accounted for solely by median household income. '

This study is the first to jointly model premature
mortality risk in non-Hispanic blacks and non-Hispanic
whites. The joint modelling approach identified coun-
ties with higher or lower risk unique to blacks or whites
as well as counties with shared risk, despite small counts
of the black population and deaths in many counties.
This decomposition of risk, in addition to more precise
estimates in small populations, suggests joint spatial
modelling in general, and the shared component model
specifically, may be useful tools for researchers to measure
the impact of interventions, inform policy and generate
new hypotheses in studying in health disparities across
geography and sociodemographic characteristics. This
nuanced decomposition of risk may be a powerful tool as
researchers grapple with disentangling neighbourhood
contextual effects and sociodemographic compositional
effects of an area when evaluating health outcomes.

Correction notice This article has been corrected since it was published. Equation
on page 3 is updated.
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