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Abstract

Background—In the US, black infants remain more than twice as likely as white infants to die
in the first year of life. Previous studies of geographic variation in infant mortality disparities have
been limited to large metropolitan areas where stable estimates of infant mortality rates by race
can be determined, leaving much of the US unexplored.

Methods—The objective of this analysis was to describe geographic variation in county-level
racial disparities in infant mortality rates across the 48 contiguous US states and District of
Columbia using national linked birth and infant death period files (2004-2011). We implemented
Bayesian shared component models in OpenBUGS, borrowing strength across both spatial units
and racial groups. We mapped posterior estimates of mortality rates for black and white infants as
well as relative and absolute disparities.

Results—BIlack infants had higher infant mortality rates than white infants in all counties, but
there was geographic variation in the magnitude of both relative and absolute disparities. The
mean difference between black and white rates was 5.9 per 1,000 (median: 5.8, interquartile range:
5.2 to 6.6 per 1,000), while those for black infants were 2.2 times higher than for white infants
(median: 2.1, interquartile range: 1.9-2.3). One quarter of the county-level variation in rates for
black infants was shared with white infants.

Conclusions—Examining county-level variation in infant mortality rates among black and white
infants and related racial disparities may inform efforts to redress inequities and reduce the burden
of infant mortality in the US.

Although infant mortality rates have declined substantially in the US over the past several
decades, large racial and ethnic disparities persist.18 Black infants are more than twice as
likely to die in the first year of life as white infants.> Many studies have examined potential
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determinants of these disparities, ranging from individual level-factors such as
sociodemographic or economic characteristics and health behaviors to contextual factors
such as county-level poverty, residential racial segregation, or availability of health
services.3*7-17 A few prior studies have used spatial statistical methods to examine
geographic variation in infant mortality in relation to factors, such as poverty, urban/rural
classification, or residential racial segregation.18:1% However, these studies did not look at
geographic variation in disparities.

Examining geographic variation in disparities poses challenges. Many counties in the US
record small numbers of births or infant deaths for many racial and ethnic subpopulations,
even when these counts are summed over several years. One consequence of this is that race-
specific infant mortality rates are highly unstable in many areas. In addition, this problem is
compounded when looking at disparities, as instability in the race-specific estimates can lead
to highly inflated or deflated estimates of disparities on both the relative and absolute scales.
This is more of a problem when disparities are assessed on the relative scale, as an infant
mortality rate at or near zero in the denominator will lead to a county-level disparity
estimate that is undefined or highly inflated. Small area estimation methods can be used to
address these challenges. Specifically, Bayesian shared component models can be used to
examine the spatial variation in two or more outcomes, borrowing strength across both
spatial units and outcomes.29-21 These types of shared component models are used in disease
mapping to account for spatial variation in risk and are readily extended to multivariate
applications.?2 These types of models have been used to map multiple diseases,?3 examine
spatial variation in health outcomes by gender,24-26 and to describe ethnic disparities in
epilepsy,2’ but have not yet been used to examine spatial variation in disparities in infant
mortality.

An additional strength of shared component models is that they account for the spatially
patterned latent risk factors that two or more outcomes may share by including a spatially
structured shared random effect, which represents the area-level variation in risk common to
both groups. In the case of black-white disparities in infant mortality, this “true underlying
risk surface of interest” describes how black and white infant mortality rates exhibit the
same “peaks” and “valleys” across the study region.29 This shared component represents the
set of unobserved variables that might explain geographic variation in infant mortality for
both race groups.2%-21 To the extent that the underlying risk surface for black infants differs
from that of white infants, this can also be quantified using shared component models.
Subsequently, insight may be gained by decomposing how much of the geographic variation
in infant mortality is specific to each race group and how much is shared.2>28 This kind of
examination can facilitate understanding of the processes that might be driving differences
and commonalities in infant mortality risk across groups and geographies.

The objective of this analysis was to examine spatial variation in the black and white infant
mortality experience and related racial disparities across the contiguous US using Bayesian
shared component models to distinguish between variation that is unique to black infants

from variation that is shared by both black and white infants. Eliminating health disparities
is an overarching goal of the US Healthy People initiative;2° a better understanding of how
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disparities in infant mortality vary geographically and what factors may be related to this
spatial heterogeneity could contribute to future efforts to address inequities.

Study Population

We obtained data from the Birth Period Linked Birth - Infant Death Data Files from US
Vital Statistics for 2004 to 2011. These files contain data on 33,223,455 births and 214,441
deaths. We included all singleton births and infant deaths (<1 year old) occurring in the 48
contiguous states and District of Columbia. We excluded data for Alaska and Hawaii
because most counties within these states reported zero non-Hispanic black infant deaths.
These states also have island or isolated counties that lack a sufficient number of nearby
counties to use in spatially dependent models. We also excluded births and deaths with
missing information about mother’s state of residence or where residence was outside the
US, leaving 31,800,163 births and 180,932 deaths. We used record weights to account for
the small proportion of deaths that were unable to be linked to corresponding birth data;
weights ensure that the number of infant deaths in the linked files is equivalent to the total
number of infant deaths reported in the standard mortality files.

Although data are available for many different racial and ethnic subpopulations, the county-
level population sizes of many of the groups are very small or zero in many cases. We
therefore limit the analysis to non-Hispanic black (4,623,155 births and 52,075 deaths,
weighted) and non-Hispanic white infants (17,210,653 births, and 81,866 deaths, weighted),
hereafter referred to as “black” and “white.”39 The race categorizations were obtained from
the maternal race reported on the birth certificate, consistent with how these racial groups
are defined in national reports on infant mortality.3! Because not all states report multiple-
race data, maternal race is bridged or imputed to a single race when multiple races are
reported; these methods are described in the data documentation.32 Out of 3109 counties in
the contiguous US, 2,868 counties had data on births of both black and white infants.
Although 241 counties reported no births for black infants (and therefore the black infant
mortality rate would be undefined), these counties were not excluded as they contribute
information to the estimation of white infant mortality rates.

As this study used publicly available secondary data, institutional review board approval was
not needed.

Statistical Analysis

We pooled data from 2004 to 2011 to reduce the number of counties with zero births or
deaths. We calculated the race-specific number of births and deaths by county, and used
small area estimation methods to produce stable county-level estimates of the race-specific
infant mortality rates.

Rather than model the black and white infant mortality rates separately, we used Bayesian
shared component models, which account for the association between black and white infant
mortality rates through the inclusion of county-level shared random effects, and the race-
specific variation through the inclusion of an independent random effect for a given race
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group. To account for spatial dependence, conditionally autoregressive priors were specified
for both random effects.33:34 As such, the county-level variation in black and white infant
mortality is partitioned into a shared component, and a component specific to black infants,
both of which are spatially dependent.22:35 The black-specific component reflects the
county-level variation in infant mortality for black infants, beyond the variation that is
shared by both black and white infants.

Yp,~Poisson (pup,)
Yw, ~Poisson (fiy,)
Hb;=€b; X Ab;
Fww;=vw; X Aw;
log (Ab;) =ap+v; X 644
log (\w,) =y ~+v; /0

The number of deaths at the county level for black and white infants (4, and 3, ) follow a
Poisson distribution with means v, and ., , respectively. These means are defined as the
product of the county-level race-specific excess or relative risks ( Ay, and )\;) and the
expected death counts for black and white infants ( ¢;,, and e, ) which are calculated based
on the race-specific number of births per county multiplied by the overall mean infant
mortality rate, expressed as a proportion (i.e., 183,280 deaths [weighted]/31,800,163 births
in the continental US = 0.0061). These latter values represent the background population
effect under a scenario where all county and race-specific variation is purely a function of
the size of the population at risk (i.e., number of black and white births for each county).

ep, =0.0061 x birthsy,
ew,; =0.0061 X births,,

The black and white specific county-level infant mortality rates (IMR) can then be estimated
from the model using ), and ), :

IMRy,, = ri—=0.0061 x Ap,

- bir’chsbi

IMR,,, = 21—=0.0061 x A,

~ birthsy,

The black and white specific county-level relative risks (A, and )\, ), also termed
standardized mortality ratios, are modeled using a log link, where a;, and a,y are the race-
specific intercepts; v;is a shared random component; v;is an additional random component
specific to black infants; and, & is a scaling component required for identifiability. This term
allows for the shared component to be scaled up or down for each race group such that while
the “peaks” and “valleys” collocate, the magnitude of each might be multiplied or shrunk
depending on the size of &, if &is equal to one, then the effect of the shared component term
is equivalent in size for each race group.

In hierarchical Bayesian models, all parameters are considered stochastic and assigned prior
distributions. The shared random component, v;, and the black-specific random component,
vj, were assigned conditionally autoregressive priors33:34 where weights are assigned to each
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county according to adjacency; neighboring counties receive a weight of one while non-
neighboring counties receive a weight of zero. This approach allows for spatial smoothing of
estimates, where counties borrow strength from neighboring counties to provide stable small
area estimates. Delaunay triangulation was used in this study to create spatial weights, which
specifies natural neighbors for a set of counties by generating Voronoi triangles from county
centroids.3® Nodes connected by a triangle edge are considered neighbors. A diagram of this
weighting method can be found in eFigure 1; http://links.lww.com/EDE/B58. This method is
appropriate when there are heterogeneous county sizes, and ensures that every county has at
least one neighbor, but that the number of neighbors is determined by the distribution of the
data.38 The log of the scaling component, log(8), was assumed to follow an independent
normal prior distribution with mean 0 and a small fixed variance of 0.17 consistent with
previous studies.?2:3% The standard deviations of the shared random component, v; and the
black-specific random component, v;were assigned uniform distributions, ({0,1000). The
race-specific intercepts, ay, and a,, were assigned flat, noninformative priors.

The 241 counties with no births reported for black infants were assigned expected counts

(e, ) of zero, and initial values for y,, were also set to zero, while the observed y,,. values for
these 241 counties were set to missing. This specification allows for these counties to be
retained in the analysis, and it does not make the assumption that the underlying latent risk
of infant mortality in these counties is zero. Although data obtained from vital records are
not subject to sampling error, it is subject to stochastic error, reporting/registration error and
imputation error, in the case of bridged race/ethnicity. Thus, the estimation of infant
mortality rates and corresponding disparities for these 241 counties is appropriate because
we cannot assume that the population at risk in these locations was truly nonexistent.

Models were implemented in OpenBUGS.37 Code for the model can be found in the
eAppendix, http://links.lww.com/EDE/B58.

We also examine models with nonspatial priors for comparison, to determine if accounting
for the spatial dependence in infant mortality rates improved model fit. Convergence was
monitored using the Brooks-Gelman-Rubin diagnostic tool,38 and model fit was examined
using the Deviance Information Criterion.3 Additional fit statistics are described in the
eAppendix, http://links.lww.com/EDE/B58.40-44 We assessed convergence for three chains
of 60,000 iterations, with a burn-in of 20,000; chains were thinned to retain every 50th value
to reduce autocorrelation. We obtained Bayesian posterior predictions for the mean risk
difference, (RD=IMR,, — IMR,,, ) at the county-level following model convergence and
evaluation. Posterior mean relative risks (RR=IMRy,, — IMR,,,) were also calculated and
mapped for comparison. It can be seen that the county-level variation in relative risks
between black and white infant mortality rates is attributable to the black-specific random
effect, v;, when 6= 1. As § moves away from 1, then the county-level variation in RRs is
also driven in part by variation in the shared component, v;, and the differential scaling of
this term across the race groups, indicated by 6.

RR= /)\\bi :e(ocbfar,m%'i X (67 %)Jr,/i)

i
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Finally, we estimated the rankings of counties for four outcomes of interest: the black and
white infant mortality rates, the risk differences, and the relative risks. Median rankings are
presented in the eAppendix, http:/links.lww.com/EDE/B58.

RESULTS

The crude infant mortality rates for black and white infants were 11.1 and 5.5 per 1,000
infants, respectively, for the period 2004-2011. Out of 3,109 counties in the contiguous US,
241 reported no black births throughout the time period 2004-2011; 1,577 counties (50%)
reported no deaths to black infants and 200 (6%) reported no deaths to white infants.

There was very little overlap in the distribution of black and white infant mortality rates.
Figure 1 illustrates the posterior predicted mean mortality rates at the county level for black
and white infants from the spatial model. Posterior density plots of the mean county-level
IMRs for black and white infants are shown in eFigures 3 and 4; http://links.lww.com/EDE/
B58. The estimated black infant mortality rates ranged from 6.6 per 1,000 births to 16.2 per
1,000 births, with a mean of 11.3 per 1,000 births. By comparison, the estimated white
infant mortality rates ranged from 1.9 per 1,000 births to 9.9 per 1,000 births, with a mean of
5.4 per 1,000 births. Despite the lack of overlap between the distributions of mortality rates
for black and white infants, the county-level rankings were somewhat consistent (eFigure 5;
http://links.Iww.com/EDE/B58). Counties ranking in the top quintile for black infant
mortality rates tended also to rank in the top quintile for white infant mortality rates;
although there was more consolidation of the top quintiles for white infant mortality rates in
the south and southeast, and more variability in the western half of the country, whereas
counties in the regions around the great lakes (e.g., Michigan, parts of Wisconsin and New
York) fell into the top quintile for black infant mortality rates.

In every county in the contiguous US, black infant mortality rates were higher than white
infant mortality rates, although the magnitude of absolute and relative disparities exhibited
substantial spatial variation. The estimated risk difference at the county level comparing
black and white infants ranged from 2.9 per 1,000 births to 10.0 per 1,000 births (mean 5.9
per 1,000; median 5.8 per 1,000; interquartile range: 5.2-6.6 per 1,000), while the relative
risk ranged from 1.5 to 4.8 (mean 2.2; median 2.1; interquartile range: 1.9-2.3). Thus, the
smallest relative disparities at the county level suggested that black infant mortality rates
were still approximately 50% higher than white infant mortality rates. Maps of the mean
absolute and relative disparities are shown in Figure 2 (corresponding county rankings can
be seen in eFigure 6; http://links.lww.com/EDE/B58). While absolute disparities did seem to
be greatest along the eastern US, there were counties throughout the south and southwest
that also exhibited high absolute disparities. Geographic patterns were largely similar for
relative disparities, with the largest disparities seen in regions around the great lakes, in the
northeast, the mid-Atlantic region, and parts of Florida. The correspondence between county
rankings for black and white infant mortality rates, and absolute and relative disparities can
be seen in a scatterplot in eFigure 7; http://links.lww.com/EDE/B58. Figure 3 illustrates the
spatial variation in the shared component, v;, and the component specific to black infant
mortality, v;.
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The spatial and nonspatial model performed similarly in terms of convergence, with similar
Brooks-Gelman-Rubin plots, autocorrelation plots, and trace plots. The spatial model
provided better fit, with a deviance information criterion reduction of 1,728 points. These
plots and additional fit statistics can be seen in eTable 1; http://links.lww.com/EDE/B58.
Table 1 presents the results and evaluation of the spatial and nonspatial models. The variance
of the standardized mortality ratios, \,,, and \,,, was nearly three times larger for black
infants than white infants, 0.12 (95% confidence interval: 0.10, 0.16) versus 0.04 (95%
confidence interval: 0.04, 0.05), respectively. Looking at the random effects, of the total
heterogeneity observed for black infant mortality across the counties, 24% of that
heterogeneity was shared with white infants and 76% of the county-level variation seen for
black infants was unique or unshared. Furthermore, it appears that much of the difference
between black and white infant mortality rates at the county level is derived from the fixed
intercepts for black and white rates. The intercept for black infant mortality was more than
two-fold higher than the intercept for white infant mortality. In this case, since the models
estimated the excess risk relative to the expected mortality rate for black and white infants
(calculated as the product of the race-specific number of births for each county and the mean
infant mortality rate for the entire US), the intercept for black infants indicates that on
average, black infants have a 81% higher than expected mortality rate, while white infants
have a 14% lower than expected mortality rate.

As an additional check of the model performance, we compared model-based estimates
aggregated to the state level to state-level direct estimates, which should largely not suffer
from the problem of instability. These comparisons can be seen in eFigures 8 and 9; http://
links.lww.com/EDE/B58. Model-based estimates of mortality rates for black infants
corresponded closely to direct estimates, although infant mortality rates for Nebraska, Rhode
Island, and the District of Columbia tended to be underestimated by the model and those for
lowa and West Virginia tended to be overestimated by the model. For white infant mortality
rates, the model-based and direct estimates fell mostly along a line of equality, with
estimates of rates being overestimated by the model for the District of Columbia and
underestimated for Wyoming. Risk differences and relative risks were underestimated for the
District of Columbia, and risk differences were overestimated for West Virginia.

Maps generated from the posterior predicted values from the nonspatial models are shown in
eFigures 10-14; http://links.lww.com/EDE/B58. For all outcomes of interest, the nonspatial
models produced maps that exhibited much less spatial variation than the spatial models.
This would be expected because in the nonspatial models, the estimation of the black infant
mortality rate is borrowing strength globally, as opposed to borrowing strength from only the
neighboring counties in the spatially weighted models.

DISCUSSION

There is substantial spatial variation across the contiguous US in race-specific infant
mortality rates and in black-white disparities. The small number of births and deaths for a
given racial or ethnic subpopulation at the county level generally makes the direct estimation
of disparities in infant mortality impossible due to the instability of the estimates. Bayesian
shared component models offer a flexible solution by allowing for the borrowing of strength
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across geographic areas and populations (e.g., black and white infants) to stabilize county-
level estimates of black and white infant mortality, as well as the estimates of disparities
between these two groups.

Bayesian shared component models provide a description of both the shared heterogeneity
in infant mortality that both black and white infants experience, as well as the spatial
heterogeneity that is specific to black infants in the contiguous US. The shared component
represents a set of latent or unobserved characteristics at the county level that influence both
white and black infant mortality. Results of this analysis suggest that the variation across
counties in infant mortality for black infants is partly driven by factors common to both
white and black infants. These factors could include access to neonatal intensive care units,
perinatal regionalization, as well as overall patterns in health care delivery or broader
socioeconomic conditions.041 The excess risk experienced by black infants characterized
by the black-specific component, v, reflects a set of risk factors that are unique to black
infants, which could include factors such as the black-specific experience of area-level
poverty and other socioeconomic conditions, differential access to or utilization of pre- and
perinatal care141-43 and other determinants that may vary by race, such as maternal age,
obesity, and other health risks. In this analysis, the proportion of variation in black infant
mortality rates at the county level shared with white infants was approximately 24%, while
76% of the heterogeneity in county-level black infant mortality rates was unique to black
infants. This particular estimate is sensitive to the presence of excess zeros in the data, as
well as to the magnitude of &, and should thus be interpreted cautiously.

There are some limitations to note. Several studies have reported widening relative
disparities between black and white infants in overall infant mortality rates over the past
several decades,1~3:6:44 and declining infant mortality rates since 2005.45 These temporal
patterns are masked by combining of several years of data. However, there is a tradeoff
between capturing temporal patterns and minimizing the problem of data sparseness. We
excluded data for other racial and ethnic sub-populations due to considerations about data
sparsity and the geographic concentration of these subgroups; future study may examine
multigroup disparities. It is possible that given the spatial sparseness of the data, particularly
for black infants, that the spatial patterning of county-level infant mortality rates or related
disparities may have been highly influenced by the conditionally autoregressive priors. It has
been noted that data sparsity and an excess of zeros can also lead to bias in the posterior
estimates, as well as high levels of uncertainty around the estimates.*6 We present maps of
the coefficients of variation (i.e., relative standard deviations) of the posterior estimates in
the eAppendix, http://links.lww.com/EDE/B58; coefficients of variation were generally less
than 20% for the vast majority of counties across all outcomes of interest. While zero-
inflated models may mitigate the potential bias in posterior estimates due to over-dispersion
resulting from excess zeros in the data; parameters from these models did not converge. The
Bayesian Pvalues, also presented in eTable 1 (http://links.lww.com/EDE/B58), lend some
support to our model choice, as we would expect them to fall closer to zero or one had our
models offered inadequate fit to the data, as in the case of zero inflation posing a substantial
problem. The limitation remains, however, that our results may be sensitive to the
distribution of zeros in the data, and therefore should be interpreted with caution. Finally,
because of limitations of using vital statistics or other administrative data sources to examine
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causal pathways, the focus of this analysis was to provide an overall description of
disparities, not to explain the geographic variation observed. Future research examining
established determinants of infant mortality may shed light on some of the drivers of these
geographic patterns. Additional methodological work on the performance of these models
under different specifications (e.g., using proper conditional autoregressive priors),
alternative neighboring or weighting schemes, or under varying degrees of zero inflation
would be informative as it remains unclear how these different specifications may influence
results.

This is, to our knowledge, the first study to provide a description of county-level disparities
in infant mortality between black and white infants across the US. Infant mortality is a
fundamental marker of general maternal and child health for the US,*® and describing
county-level variation in infant mortality rates for black and white infants and related racial
disparities may inform future research on the determinants of these disparities as well as
efforts to redress inequalities and reduce the burden of infant mortality in the US.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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FIGURE 1.
Posterior predicted black infant mortality rate (per 1,000) by county, 2004-2011 (A) and

posterior predicted white infant mortality rate (per 1,000) by county, 2004-2011 (B) from
the spatial shared component model, shown on the same scale.

Epidemiology. Author manuscript; available in PMC 2017 September 01.




1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Rossen et al. Page 13

A Absolute Disparity (Risk im Infant Mortality between Black and White Infants B Predicted Relative Disparity (Relative Risk) in Infant Mortality between Black and White infants

FIGURE 2.
Posterior predicted absolute disparities (risk difference) by county in infant mortality rates

(per 1,000) comparing black and white infants, 2004—-2011 (A) and posterior predicted
relative disparities (relative risk) by county in infant mortality rates comparing black and
white infants, 2004-2011 (B) from the spatial shared component model.
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Shared County-Lavel Varistion in Infant Mortality for Biack and White Infants B Unique County-Level Variation in Mortality among Black Infants

FIGURE 3.
Shared risk (correlated heterogeneity) in infant mortality between black and white infants,

2004-2011 (A) and excess risk (uncorrelated heterogeneity) experienced by black infants
(B) from the spatial shared component model.
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TABLE 1

Comparison of Bayesian Shared Component Models with Spatial Conditionally Autoregressive Priors or
Nonspatial Priors for the Random Effects Components

Spatial Nonspatial
Fixed components
Exp(ay): intercept (black) 1.8 (1.8-1.9) 1.9 (1.8-1.9)
Exp(ay): intercept (white) 0.86 (0.85-0.87)  0.85 (0.83-0.86)
& scaling parameter@ 0.62 (0.54-0.69)  0.62 (0.57-0.67)

Random effects
9 0.03 (0.02-0.04)  0.02 (0.01-0.03)
Tus: black-specific heterogeneity

9 9 0.01 (0.00-0.01) 0.01 (0.00-0.01)
Oy X 0 : shared variation (black)

5 0.06 (0.05-0.06)  0.07 (0.06-0.07)
Ou; / 0 : shared variation (white)
Proportion shared variation (black) 0.24 (0.14-0.36)  0.32(0.23-0.42)

Model deviance information criteria 23900 25628

Values in parentheses represent the 95% credible intervals of the estimates. The OpenBUGS code to estimate the model parameters can be found in
the eAppendix (http://links.lww.com/EDE/B58).
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The differential scaling of the shared random effect, vj; for black and white infants is represented by 6.
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