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Variation in life expectancy and mortality by cause among
neighbourhoods in King County, WA, USA, 1990-2014:

a census tract-level analysis for the Global Burden of Disease
Study 2015

Laura Dwyer-Lindgren, Rebecca W Stubbs, Amelia Bertozzi-Villa, Chloe Morozoff, Charlton Callender, Samuel B Finegold, Shreya Shirude,
Abraham D Flaxman, Amy Laurent, Eli Kern, Jeffrey S Duchin, David Fleming, Ali H Mokdad, Christopher J L Murray

Summary

Background Health outcomes are known to vary at both the country and local levels, but trends in mortality across a
detailed and comprehensive set of causes have not been previously described at a very local level. Life expectancy in
King County, WA, USA, is in the 95th percentile among all counties in the USA. However, little is known about how
life expectancy and mortality from different causes of death vary at a local, neighbourhood level within this county. In
this analysis, we estimated life expectancy and cause-specific mortality within King County to describe spatial trends,
quantify disparities in mortality, and assess the contribution of each cause of death to overall disparities in all-cause
mortality.

Methods We applied established so-called garbage code redistribution algorithms and small area estimation methods
to death registration data for King County to estimate life expectancy, cause-specific mortality rates, and years of life
lost (YLL) rates from 152 causes of death for 397 census tracts from Jan 1, 1990, to Dec 31, 2014. We used the cause list
developed for the Global Burden of Disease 2015 study for this analysis. Deaths were tabulated by age group, sex,
census tract, and cause of death. We used Bayesian mixed-effects regression models to estimate mortality overall and
from each cause.

Findings Between 1990 and 2014, life expectancy in King County increased by 5-4 years (95% uncertainty interval [UI]
5-0-5-7) among men (from 74-0 years [73-7-74-3] to 79-3 years [79-1-79-6]) and by 3-4 years (3-0-3-7) among
women (from 80-0 years [79-7-80-2] to 83-3 years [83-1-83-5]). In 2014, life expectancy ranged from 68-4 years
(95% UI 66-9-70-1) to 86-7 years (85-0-88-2) for men and from 73-6 years (71-6-75-5) to 88-4 years (86-9-89-9)
for women among census tracts within King County. Rates of YLL by cause also varied substantially among census
tracts for each cause of death. Geographical areas with relatively high and relatively low YLL rates differed by cause.
In general, causes of death responsible for more YLLs overall also contributed more significantly to geographical
inequality within King County. However, certain causes contributed more to inequality than to overall YLLs.

Interpretation This census tract-level analysis of life expectancy and cause-specific YLL rates highlights important
differences in health among neighbourhoods in King County that are masked by county-level estimates. Efforts to
improve population health in King County should focus on reducing geographical inequality, by targeting those
health conditions that contribute the most to overall YLLs and to inequality. This analysis should be replicated in
other locations to more fully describe fine-grained local-level variation in population health and contribute to efforts
to improve health while reducing inequalities.

Funding John W Stanton and Theresa E Gillespie.
Copyright © The Author(s). Published by Elsevier Ltd. This is an Open Access article under the CC BY 4.0 license.

Introduction
For the past two decades, the Global Burden of Disease

and describe a comprehensive set of health outcomes at
the first or second administrative level in selected

(GBD) studies'*—a systematic and comprehensive effort
to measure and compare population health globally—
have documented large differences among countries
across a wide range of health outcomes. Other research
has long shown that certain health outcomes vary,
often drastically, subnationally, at the first or second
administrative level’” and on a much more local scale.**
There have been efforts to combine these two approaches
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countries."** This research has highlighted substantial
subnational variation across a wide range of health
outcomes. However, this type of comprehensive
investigation has not been done at more local levels.
Previous analyses done at very local levels are limited to
a relatively small set of health outcomes and locations,
primarily because of the scarcity of appropriate data (in
particular, the absence of precise geographical
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Research in context

Evidence before this study

Inthe USA, a large and growing body of evidence suggests that
population health outcomes vary substantially among
counties, even those within the same state or in close
geographical proximity. A small number of studies have
examined how certain measures of population health vary on a
finer geographical scale and revealed further disparities within
counties. However, the statistical challenges posed by the small
numbers and limited availability of appropriate data with
precise geographical information have hindered attempts to
comprehensively describe local variation in health outcomes
within counties. To our knowledge, no systematic and
comprehensive analysis has been done to explore population
health outcomes at a census tract level within the USA.

Added value of this study
This study applies recently developed small area estimation
methods to mortality data in King County, WA, USA, to

information in otherwise suitable datasets) as well as the
statistical challenges posed by the very small numbers at
this level of analysis. Death registration systems are an
important potential source of data for use in analyses of
local trends in health outcomes: death registration data
are typically accompanied by very precise geographical
information (eg, street addresses, although this level of
detail might be difficult to obtain in practice) and include
information about a wide array of health outcomes. A
new small area estimation approach has been developed
for estimation of cause-specific mortality on the basis of
death registration data at the county level in the USA.*
These models have been validated and found to perform
well even in populations as small as 1000, and thus could
also be used for analyses at more local levels, both in the
USA and in other countries with similar high-quality
death registration data.

To show the feasibility and value of these methods for
estimation of a wide range of health outcomes at a very
local level, we considered King County, WA, USA. King
County—which includes the city of Seattle, surrounding
cities and suburbs, and more rural areas in the Cascade
mountain range—has a population of more than
2 million and ranks among the top 5% of counties in the
USA in terms of both household income and life
expectancy.”"” Nonetheless, among different regions
and neighbourhoods within King County there is
considerable variation in levels of education, poverty, and
racial and ethnic composition. Previous research by the
local health department (Public Health—Seattle & King
County) has found almost a 10-year gap between the
lowest and highest life expectancies observed in 48 Health
Reporting Areas in King County.® However, more
granular information, particularly related to specific
causes of death, has not been produced.

estimate life expectancy and rates of death and years of life lost
from 152 causes at the census tract level. These estimates make
it possible to describe within-county disparities, identify
neighbourhoods where the burden of specific causes of death

is much higher than in the county as a whole, describe the
most significant causes of death in any particular
neighbourhood, and evaluate the contributions of different
causes of death to overall inequalities in years of life lost within
King County.

Implications of all the available evidence

Health outcomes can vary substantially even within relatively
small areas. Geographically precise information on a wide range
of health outcomes is required to pinpoint the particular health
needs of each community and to identify and combat
avoidable disparities.

In this analysis, we estimated life expectancy and cause-
specific mortality for 152 causes of death from 1990 to 2014
for each of King County’s 397 census tracts. We then used
these estimates to describe spatial trends and to quantify
disparities in mortality within King County. We also
assessed the contribution of each cause of death to overall
disparities in all-cause mortality in King County.

Methods

Overview

In this census tractlevel analysis, we estimated life
expectancy at birth, cause-specific mortality rates, and
years of life lost (YLL) rates by cause for each of King
County’s 397 census tracts (appendix p 36) annually from
1990 to 2014. Broadly, there were three steps in this
process. First, death registration data were tabulated by
cause and redistribution algorithms were applied to
account for the presence of so-called garbage codes (codes
that are implausible or insufficiently specific) in these
data."” Second, small area models were used to generate
estimates of all-cause and cause-specific mortality rates
by census tract, year, and age.® Third, estimated age-
specific mortality rates were used to construct estimates
of life expectancy at birth, age-standardised mortality
rates by cause, and age-standardised YLL rates by cause in
each census tract and year. The sections below describe
the set of causes analysed and each step of this process.
We also describe how we decomposed variation in the
overall (all-cause) YLL rate by cause. This research
received institutional review board approval from the
University of Washington (Seattle, WA, USA).

Cause list

We used the cause list developed for the GBD 2015 study
for this analysis.' This cause list is arranged hierarchically
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in four levels, and within each level the causes are
mutually exclusive and collectively exhaustive. For this
analysis, we included all causes of death in the GBD
hierarchy for which there were at least 75 deaths in King
County between 1990 and 2014 (these causes represent
99-9% of all deaths recorded during this period). The
appendix (pp 10-16) lists all fatal causes in the GBD
hierarchy and indicates whether each cause was included
or excluded from this analysis.

Data

We obtained records of all deaths that occurred among
King County residents between Jan 1, 1990, and Dec 31,
2014, from the Center for Health Statistics, Washington
State Department of Health. We extracted age, sex,
underlying cause of death, and place of residence
(ie, census tract) at time of death for each decedent.
Underlying cause of death codes were recorded with the
International Classification of Diseases, revisions 9
(1990-98) and 10 (1999-2014), and were mapped to the
GBD cause list (appendix pp 17-28). For deaths that were
found to have been assigned garbage codes, previously
described garbage code redistribution algorithms were
used to reassign these deaths to likely true underlying
causes (further information is available in the
appendix).”® Deaths were tabulated by age group
(<1years, 14 years, 5-9 years, and with 5-year age bands
continuing up to 80-84 years, and =85 years), sex, census
tract, and cause of death.

Population counts by age group and sex for each census
tract were obtained from the Washington State Office of
Financial Management (OFM). These estimates are based
on census data and information on changes in housing
stock, and are updated on an annual basis. We also made
use of four covariates: the proportion of the population
that is black; the proportion of the population that is
Hispanic; the proportion of the adult population that has
graduated college; and an indicator for census tracts
where more than 25% of the population comprises
college or graduate students. The first two covariates were
derived from the OFM population files, which included
information by race and ethnicity. The last two covariates
were derived from data collected in the decennial census
and in the American Community Survey (an annual
survey series done by the US Census Bureau starting in
2005 to supplement data from the decennial census).

Small area model

Following the method described by Dwyer-Lindgren and
colleagues,” we applied Bayesian mixed-effects
regression models to estimate mortality overall and from
each cause. These models were specified as
Dj,;,a"'POisson(le,t,a' Pj,t,a) and 1Og(rnj,t,u)=Bo+ Bl Xn + Vi
Yo+ (Vs t+Vas)+ (Vs;- G+Ys;,), Wwhere D;, , is the number of
deaths, P,, the population, and m,,, the underlying

mortality rate in census tract j, year t, and age group a4; f3,
is a fixed intercept; B, is the vector of fixed covariate

La
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effects; v,,, are age-level and year-level random effects;
y,; are census tract-level random effects; y,; and y,;, are
census tract-level and year-level random effects; and v,
and vy, are census tract-level and age-level random
effects. y,,, v, Vs, and vy, were assigned conditional
autoregressive priors;*” vy, and y,;, were assigned mean-
zero Normal priors. Gamma(0, 1000) hyperpriors were
assigned for the inverse variance of each random effect
and Normal(0, 1-5) hyperpriors were assigned for the
logit-transform of the correlation parameters in vy,,, v,
ys» and vy, Further information about the small area
model is available in the appendix.

The models were fitted with the Template Model Builder
package” in R version 3.24.” For the purposes of
fitting these models at the tract-level, 3, was fixed at
YYlog(m,)/(n,-n) and vy, ~ was fixed at
log(m,,)-Y.Ylog(m,,) / (n,-n), where m,, is the mortality
rate for the county as a whole in year ¢t and age group a as
previously estimated. Predicted mortality rates were
raked (ie, scaled) to ensure consistency between different
levels of the cause hierarchy (ie, the sum of all subcauses is
equal to the parent cause anywhere in the hierarchy) and
between tract-level and county-level estimates (ie, for any
given cause, the county-level estimate is equal to the
population-weighted average of the tract-level estimates).”
During raking, causes in the GBD hierarchy that were
excluded from this analysis were subtracted from the totals
assuming that the fraction of total deaths due to these
causes was the same in every tract as in the county as a
whole. Age-specific mortality rates were age-standardised
by use of the US 2010 Census population as the standard.

Calculation of life expectancy and years of life lost

Life expectancy at birth was calculated on the basis of
estimated age-specific all-cause mortality rates. We used
the method described by Wang and colleagues” to
extrapolate mortality rates at older ages and then applied
standard demographic techniques to construct period
life tables for each census tract and year.” Life expectancy
at birth was extracted from these life tables for every
census tract and year.

Age-standardised YLL rates were constructed on the
basis of estimated age-specific all-cause and cause-
specific mortality rates. First, age-specific YLL rates were
calculated for each cause, tract, and year by multiplying
the age-specific mortality rate by life expectancy at the
average age of death in each age group from the reference
life table from the GBD 2015 study.' Age-specific YLL
rates were then age-standardised by use of the US 2010
Census population as the standard. Additionally, county-
level age-standardised YLL rates were constructed by use
of the same procedure based on previously estimated
mortality rates.”

Uncertainty
To quantify uncertainty around all estimates, we
generated 1000 draws from the posterior distribution of
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Figure 1: Life expectancy at birth by census tract in King County, WA, 2014
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the mortality rate for each cause, tract, year, age, and sex,
and did all subsequent calculations for each draw. The
final point estimates for all quantities (ie, mortality rates,
YLL rates, and life expectancy) were derived from the
mean of these 1000 draws and the 95% uncertainty
intervals (95% Uls) were derived from the 2-5th and
97-5th percentiles. When comparing two time periods or
locations, differences were considered to be statistically
significant if the posterior probability that the quantity of
interest in one time period or location was greater than
the other exceeded 95%.

Decomposing variation in the YLL rate by cause

To quantify the contribution of each individual cause to
overall disparities among census tracts in the age-
standardised YLL rate, we constructed counterfactual
scenarios that eliminated disparities in mortality from
each cause in turn. Specifically, we considered a scenario
where all tracts had the lowest observed YLL rate from the
selected cause (by age, sex, and year) and then recalculated
the age-standardised all-cause YLL rate in each tract under
these new conditions. For each cause, we calculated the
percentage reduction in the SD (a measure of absolute
disparity) of the all-cause YLL rate in the corresponding
counterfactual scenario compared with what was
observed. We report percentage reductions to highlight
the relative contribution of each cause to overall disparities.

Role of the funding source

The funders of this study had no role in study design,
data collection, data analysis, data interpretation, or
writing of the report. All authors had full access to all the
data in the study and had final responsibility for the
decision to submit for publication.

Results

Census tract populations for King County varied from
493 to 12686 across all years, with a median value of
4376. 289425 deaths were recorded in King County
between 1990 and 2014; the number of deaths per census
tract per year varied from 0 to 139, with a median of 25.
For a small minority of deaths (1-35%), no information
on residence was available beyond the city or county;
these deaths were redistributed to all census tracts within
the city or county, in proportion to the population in each
census tract. 21-2% of all recorded deaths were found to
have been assigned garbage codes and were reassigned
to likely true underlying causes.

In 2014, life expectancy in King County was 79-3 years
(95% UI 79-1-79-6) among men and 83-3 years
(83-1-83-5) among women, placing King County in the
95th percentile for men and 93rd percentile for women,
among all counties, in terms of life expectancy. Within
King County, life expectancy among men ranged from a
low of 68-4 years (95% UI 66-9-70-1) in tract 308.01 in
Auburn to a high of 86-7 years (85-0-88-2) in tract 241 in
Clyde Hill. Life expectancy among women ranged from a
low of 73 -6 years (95% UI71-6-75-5), also in tract 308.01in
Auburn, to a high of 88-4 years (86-9-89-9) in tract 42 in
the Bryant neighbourhood in northeast Seattle (figure 1).

Despite the relatively high life expectancy in King County
overall compared with other US counties, there was
substantial overlap between the distribution of tract-level
life expectancy in King County and the distribution of
county-level life expectancy in the USA (figure 2).” For men
in 2014, no US county had higher life expectancy than the
best-off tract in King County, and only 31 (1%) of
3110 counties had lower life expectancy than the worst-off
tract in King County. For women in 2014, only one county
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Figure 2: Distribution of tracts in King County, WA, and counties in the USA by life expectancy at birth in 1990 and 2014

(Summit, Colorado) had higher life expectancy than the
best-off tract in King County, while only four counties
(Oglala Lakota, South Dakota; Todd, South Dakota; Sioux,
North Dakota; and Buffalo, South Dakota) had lower life
expectancy than the worst-off tract in King County.

Between 1990 and 2014, life expectancy in King County
increased by 5-4 years (95% UI 5-0-5-7) among men
(from 74-0 years [73-7-74-3] to 79-3 years [79-1-79-6])
and by 3-4 years (3-0-3-7) among women (from
80-0 years [79-7-80-2] to 83-3 years [83-1-83-5]). During
this same period, we estimated a small decline in life
expectancy among men in four tracts and among women
in 18 tracts, but in all cases this decline was not statistically
significant. We estimated increases in life expectancy in
all other tracts (statistically significant in 353 [89%)] of
397 tracts for men and in 291 [73%)] of 397 tracts for
women), but the magnitude of these increases varied
widely, from minimal improvement to 16-7 years (95% UI
13-5-20-1) gained for men in tract 75 in the Capitol Hill
neighbourhood of Seattle, and 8-1 years (5-2-10-9) years
gained for women in tract 82 in the central business
district of Seattle (figure 3; appendix p 37).

The gap between the lowest and highest life expectancy
among tracts in King County declined by 26-1% for men,
from 24-7 years to 18- 2 years, but increased by 12-2% for
women, from 13-2 years to 14-8 years, between 1990 and
2014. The corresponding IQRs increased by 15-8% (from
3.7 years to 4-3 years) for men and by 60-1% (from
2-1years to 3-4 years) for women between 1990 and 2014.

In 2014, the ten leading causes of YLL (reflecting the
third level of the GBD cause hierarchy) were ischaemic
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heart disease (12-7%); tracheal, bronchus, and lung
cancer (6-3%); self-harm (5-2%); Alzheimer’s disease
and other dementias (5-2%); drug use disorders (4-5%);
cerebrovascular disease (4-4%); cirrhosis and other
chronic liver diseases (3-6%); chronic obstructive
pulmonary disease (3-3%); diabetes mellitus (2-7%); and
colon and rectum cancer (2-7%). For all these causes, the
age-standardised YLL rate in King County was below that
in the USA as a whole, although this difference was not
significant for drug use disorders and for Alzheimer’s
disease and other dementias. Among all causes
responsible for 1% or more of total YLLs, King County
had higher age-standardised YLL rates than the USA as a
whole only for liver cancer (9-4% [95% UI 0-9-19-4]
higher), brain and nervous system cancer (6-9%
[0-8-12-8] higher), and falls (4-9% [0-6-9-5] higher).
Nonetheless, the highest YLL rates observed among
tracts in King County exceeded the highest rates observed
among counties in the USA for several causes, including
Alzheimer’s disease and other dementias, drug use
disorders, breast cancer, pancreatic cancer, congenital
anomalies, and brain and nervous system cancer.

Spatial patterns in age-standardised YLL rates varied
among causes (figure 4; appendix pp 38-190). Many
causes followed a similar general pattern to life expectancy,
with the highest YLL rates found primarily in tracts in
downtown Seattle, south Seattle, and the southern
suburbs, and the lowest YLL rates found primarily in
Mercer Island and other eastside cities. However, several
causes showed markedly different spatial patterns: for
example, the highest YLL rates from road injuries were
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found primarily in southeastern King County, whereas the
highest YLL rates from drug use disorders were tightly
concentrated in downtown Seattle (figure 4).

Between 1990 and 2014, age-standardised YLL rates
decreased for most, but not all, causes. Among causes
responsible for 1% or more of total YLLs in 2014, the age-
standardised YLL rate increased significantly for drug use
disorders (263-7% [95% UI 199-5-347-3]), chronic kidney
disease (56-9% [49-0-65-6]), liver cancer (90-3%
[65-5-116-4]), endocrine, metabolic, blood, and immune
disorders (65-7% [49-7-80-1]), and falls (10-5% [3-6-18-6];

figure 5; appendix pp 66, 133, 140, 149, 173). For several
causes, the age-standardised YLL rate decreased in all
census tracts (tracheal, bronchus, and lung cancer; road
injuries; and cardiomyopathy and myocarditis) or increased
in all tracts (drug use disorders). For most causes, however,
we identified both tracts that showed increases and tracts
that showed decreases. As with spatial patterns in YLL
rates, the spatial patterns in changes in YLL rates varied
substantially by cause (figure 5; appendix pp 38-190).

Geographical inequality declined between 1990 and
2014 for several prominent causes of death, including
ischaemic heart disease (20-9% decline in the IQR for
the age-standardised YLL rate; 50-9% decline in the
range), self-harm (5-7% decline in the IQR; 44-7% decline
in the range), and Alzheimer’s disease and other
dementias (12-9% decline in the IQR; 20-4% decline in
the range; appendix pp 29-31). Over the same period,
geographical inequality increased substantially for
several other causes, including drug use disorders
(226-8% increase in the IQR for the age-standardised
YLL rate; 104-2% increase in the range), chronic kidney
disease (287-8% increase in the IQR; 6-7% increase in
the range), liver cancer (342-5% increase in the IQR;
112-6% increase in the range), and endocrine, metabolic,
blood, and immune disorders (178-1% increase in the
IQR; 151-7% increase in the range; appendix pp 29-31).

Estimates of life expectancy and cause-specific
mortality and YLL rates for all tracts by year and sex are
available online in an interactive data visualisation
(IHME Viz Hub US Health Map).

In 2014, the largest contributors to absolute disparities in
the all-cause YLL rate for men were ischaemic heart
disease (18-1%); drug use disorders (8-0%); tracheal,
bronchus, and lung cancer (6-7%); cirrhosis and other
chronic liver diseases (5-8%); and selfharm (4-5%).
For women the largest contributors were ischaemic
heart disease (13-8%); tracheal, bronchus, and
lung cancer (7-6%); Alzheimer's disease and other
dementias (6-6%); cerebrovascular disease (5-7%); and
chronic obstructive pulmonary disease (5-1%; figure 6;
appendix pp 32-34). In general, causes responsible for a
larger percentage of total YLLs also contributed more
significantly to disparities in the all-cause YLL rate than did
causes responsible for a smaller percentage of total YLLs.
However, some causes—most notably, ischaemic heart
disease; drug use disorders; cirrhosis and other chronic
liver diseases; diabetes mellitus; tracheal, bronchus, and
lung cancer; and chronic obstructive pulmonary disease—
contributed to disparities substantially more than their
share of total YLLs would suggest. Conversely, causes such
as self-harm, Alzheimer’s disease and other dementias,
and breast cancer (for women) contributed substantially
less to overall disparities than to total YLLs.

Discussion

At the county level, life expectancy in King County is among
the highest in the USA. There are nonetheless substantial
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Figure 4: Age-standardised YLL rates by census tract and cause in King County, WA, 2014
YLL=years of life lost. Age-standardised YLL rates by census tract and cause for all 152 causes of death are shown in the appendix (pp 38-190).
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Figure 5: Change in age-standardised YLL rates by census tract and cause in King County, WA, 1990-2014
YLL=years of life lost. Age-standardised YLL rates by census tract and cause for all 152 causes of death are shown in the appendix (pp 38-190).
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disparities within this region: in 2014, we found a gap of
more than 18 years for men and more than 14 years for
women between communities with the lowest and highest
life expectancies. County-wide estimates of life expectancy
effectively hide communities within the county where life
expectancy is much lower, in some cases close to the lowest
levels observed anywhere in the USA. Beyond life
expectancy, we find that mortality varies substantially
within King County for every cause of death. Disparities in
overall mortality are not driven by any single cause or small
group of causes, but are instead the cumulative effect of
disparities across a wide range of health conditions.
Although causes that are responsible for larger shares of
YLLs are typically also responsible for larger proportions of
the overall disparities in mortality within King County,
several causes (eg, ischaemic heart disease and drug use
disorders) have an outsized influence on these disparities.
With respect to changes during the study period, we
identified widely varied, and in some cases divergent,
trends in life expectancy among tracts. There was also
some evidence of increasing geographical inequalities in
life expectancy in recent decades: the range of the observed
life expectancy increased for women (although not for
men) and the gap between the 25th and 75th percentile
increased for both men and women between 1990 and
2014. Rates of change in YLLs for various causes of death
were similarly variable and for many causes (eg, cirrhosis

and other chronic liver diseases, and diabetes mellitus) we
identified both tracts that experienced substantial
decreases in mortality and tracts that had substantial
increases in mortality between 1990 and 2014. During this
period, geographical inequality declined for several
prominent causes of death (eg, ischaemic heart disease
and self-harm) but increased for other causes (eg, drug
use disorders; chronic kidney disease; liver cancer; and
endocrine, metabolic, blood, and immune disorders).
This study goes beyond previous analyses of trends in
health outcomes within King County® in three ways:
first, by considering outcomes for each of King County’s
397 census tracts, instead of the 48 Health Reporting
Areas; second, by considering cause-specific mortality
and YLL rates in addition to life expectancy; and third, by
considering trends over an extended period of time
rather than analysing a single point in time. With respect
to geographical granularity, this study confirms earlier
findings of substantial variation in life expectancy within
King County. In fact, we find much larger geographical
disparities at the census tract level than previously
reported at the coarser Health Reporting Area level. The
disparities observed among census tracts within King
County rival those observed among counties in the rest
of the USA, underscoring the need to look beyond state-
level and county-level measurements and to consider
how health varies on a small geographical scale. Beyond
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King County, the combination of a very fine level of
geographical detail with a comprehensive and detailed
cause list is, to our knowledge, unique to this analysis.

The results of this analysis have several implications for
King County. First, many causes of death, including several
leading causes such as ischaemic heart disease, follow a
generally similar pattern that is in turn reflected in maps
of life expectancy. This pattern across a number of causes
of death suggests common underlying determinants—
such as socioeconomic conditions or the prevalence of risk
factors such as smoking prevalence—that drive a wide
range of health outcomes. Identification and targeting of
these underlying determinants is essential for improving
health in the most negatively affected neighbourhoods. At
the same time, other causes of death (eg, road injuries)
have different spatial patterns, suggesting distinct
aetiologies that potentially require a different public health
response. Second, many causes identified as contributing
significantly to lost years of life and geographical inequality
in King County have well established risk factors. For
example, 18% of all YLLs in the USA, including 19% of
YLLs as a result of ischaemic heart disease, 86% of YLLs as
a result of tracheal, bronchus, and lung cancer, 17% of
YLLs as a result of cerebrovascular disease, and 81% of
YLLs as a result of chronic obstructive pulmonary disease,
have previously been attributed to tobacco smoke.?” Other
risk factors, such as poor diet, high blood pressure, high
body-mass index, high fasting plasma glucose, high
cholesterol, low physical activity, and drug and alcohol use,
have similarly been linked to causes of death responsible
for significant disease burden and geographical inequality
in King County” Addressing these risk factors is an
important step towards improving health and reducing
inequalities in King County. Future research should focus
on describing temporal and spatial patterns in these risk
factors at a local level within King County to further inform
these efforts. Finally, differences in access to or quality of
health care might also have a role in explaining differences
in health outcomes in King County. Previous research has
identified various health conditions (eg, colon and rectum
cancer, diabetes mellitus, and maternal disorders) that are
highly amenable to treatment and have been proposed
(because of their high mortality) as markers of inadequate
access to or poor quality of health care.® We found
substantial variation in mortality from these causes among
tracts in King County, suggesting that access to and
utilisation of high-quality care is not uniform across all
neighbourhoods. This, too, is an important area for further
research and attention when considering how to improve
health and reduce inequalities in King County.

The results of this analysis also have broader implications.
To our knowledge, this study is the first to simultaneously
consider such a local level of analysis as well as a detailed
and comprehensive set of causes. The significant small-
scale geographical variation across multiple health
outcomes described in this analysis for King County is
likely to be the rule rather than an exception. An efficient

and effective policy and public health response requires
information about this small-scale variation to appropriately
design and target intervention strategies. In particular, this
type of information can be used to design strategies that
not only improve health overall but also specifically address
persistent inequalities. The methodology described here
could be replicated in other settings where similar death
registration data are available. Moreover, it could be adapted
for use with other data sources to describe spatial and
temporal trends in key risk factors and the morbidity (not
just mortality) caused by various health conditions. At the
same time, when producing and using these data it will be
important to take care to not further stigmatise already
vulnerable populations.”

This analysis is subject to various limitations. First, all
the data sources used are subject to error: for the death
registration data, any of the variables used (eg, age,
residence, cause of death) could be subject to
misreporting; the population counts and covariates used
are themselves estimates and are associated with some
uncertainty. Second, the garbage code redistribution
algorithms have not been validated against a gold
standard such as autopsy because of the absence of such
data. Moreover, the garbage code redistribution process is
inherently uncertain, but it is not currently possible to
quantify this uncertainty and it has consequently not
been accounted for in the uncertainty intervals reported
in this analysis. Consequently, these uncertainty intervals
are likely to be too small for cause-specific quantities.
Third, the small area models borrow strength by
smoothing over space, time, and age groups, which
allows for more precise predictions of the mortality rate
but might, in some cases, attenuate unusually low or high
mortality rates, causing us to underestimate true
variation. Fourth, we report various measures of
geographical inequality (ie, ranges, IQRs, and SDs) based
on point estimates at the census tract level. This analysis
is done for ease of interpretation, but it does not account
for the uncertainty in those underlying point estimates.
Fifth, we present results in the form of maps, but it is
difficult to display uncertainty in this format. Additionally,
presenting the data in this way can unintentionally give
the impression that rates are constant within areas, when
there is almost certainly substantial variation among
individuals even within these relatively small populations.
Sixth, our estimates for each year represent the population
living in a given census tract in that particular year, but
these populations might not be stable over time because
of migration. We were not able to analyse the effect of
migration on changes in life expectancy or cause-specific
mortality over time; previous research in other settings
has found that this effect can be substantial.***

In conclusion, the results of this analysis highlight the
need to examine neighbourhoods within large counties
to assess health needs at a highly local level. Indeed, as
the national average masks disparities among states, and
state averages mask disparities among counties, our
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study shows that county averages can mask considerable
disparities at a more local level. Public health is local, and
similarly local information is required to increase
awareness among residents and policy makers alike of
the unique challenges facing communities. We hope that
these findings will support action to reduce disparities
and improve health.
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