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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.

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.
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Computation
All analyses were conducted using the statistical program-
ming language R V.3.3.225 with the RStan V.2.14.1 
package.26 The split- chain Gelman- Rubin �5  diagnostic27 
was used to check convergence. All parameters had 
 �5�������� 0, 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,28 we used a 
cutpoint of 80%, which simulation studies have shown to 
have adequate sensitivity and specificity,29 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, 2.85 million non- Hispanic white 
premature deaths and 762 639 non- Hispanic black prema-
ture deaths were recorded from observed populations of 
995.5 million and 220.9 million, 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 $10 000 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 

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 
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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) 
risk  σ

2
η 

0.00 (0.00 to 0.01) 0.00 (0.00 to 0.01)

Total between- county variance in (log) relative risk

  Non- Hispanic white
 Var

(
α1 + ϕijδ + ψ1ij + ηj

)
 

0.08 (0.07 to 0.08) 0.04 (0.03 to 0.04)

  Non- Hispanic black

 
Var

(
α2 +

ϕij
δ + ψ2ij + ηj

)
 

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

Between- county variance of shared (log) risk

  Non- Hispanic white
 Var

(
ϕijδ

)
 

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

  Non- Hispanic black
 Var

(
ϕij/δ

)
 

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

Between- county variance of race- specific (log) risk

  Non- Hispanic white
 Var

(
ψ1ij

)
 

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

  Non- Hispanic black
 Var

(
ψ2ij

)
 

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

(
ϕijδ

)
Var

(
ϕijδ

)
+Var

(
ψ1ij

)
 

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

  Non- Hispanic black

 
Var

(
ϕij/δ

)
Var

(
ϕij/δ

)
+Var

(
ψ2ij

)
 

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

SMR, standardised mortality ratio.

empirical variance in white (log) relative risk was reduced 
50% from 0.08 (95% UI: 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% UI: 0.13 to 0.16) to 0.12 (95% UI: 
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 risk ϕij 
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 ψ1ij 
The white- specific risk,  ψ1ij , 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% UI: 
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 risk ψ2ij 
In the unadjusted model, the black- specific risk,  ψ2ij , 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% UI: 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% UI: 
23% to 81%) to 15% (95% UI: 6% to 57%) (table 2).
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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% UI: 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 European 
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  ψ1ij  experience excess premature mortality in Appa-
lachia,30–32 while blacks  ψ2ij  experience excess premature 
mortality in the South.1 5 33 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.34 
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.13 35–37 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.12

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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