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a b s t r a c t

Purpose: The purpose of the study was to evaluate overdose death rates in relation to socioeconomic
characteristics and measures of socioeconomic residential segregation at substate geography.
Methods: County overdose deaths were linked to socioeconomic characteristics that are related to social
vulnerability. Dissimilarity and isolation segregation (comparing individual counties to the adjacent
counties and state) and diversity were calculated for race, Hispanic ethnicity, poverty, and unemploy-
ment. Negative binomial regression was used to compare county characteristics to death rates.
Results: Percent civilian disabled was positively associated with mortality across race and Hispanic
ethnicity groups. Some discordant associations included racial and unemployment diversity (null for
White, inverse for Hispanic and Black), percent unemployment (positive for White, inverse for Hispanic),
percent crowded housing (positive for Black), uninsured (null for White, inverse for Black and Hispanic),
and per capita income (positive for Black, inverse for Hispanic). Several residential segregation measures
were also significantly associated with overdose death rates, and different magnitudes and directions of
associations were observed by race and Hispanic ethnicity.
Conclusions: These results provide future directions, including roles of civilian disability, diversity, and
evaluating differential impacts of segregation across racial and ethnic groups. Individual-level data, drug
overdose incidence, or larger studies to evaluate interactions may help to elucidate mechanisms.

© 2019 Elsevier Inc. All rights reserved.
Introduction

The United States has seen an increase of drug overdose deaths
from 1999 to 2014, with an estimated 16.3 per 100,000 overdose
deaths occurring in 2014 [1], and overdose deaths have tracked
along an exponential growth curve since at least the 1970s [2].
There are considerable state-by-state differences in death rates,
with highest rates observed in West Virginia, New Hampshire,
Kentucky, Ohio, and Rhode Island and lowest rates in Iowa, Texas,
North Dakota, South Dakota, and Nebraska [1]. Notable county-
level mortality variation exists within some states, such as ranges
of too few to quantitate up to 81 per 100,000 in West Virginia, 79
per 100,000 in Kentucky, 23 per 100,000 in NewHampshire, and 28
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per 100,000 in Texas [3]. Geography at different levels is an
important factor associated with mortality in the United States for
many cause-specific mortality outcomes [4e12], and these obser-
vations indicate a need to evaluate lower than state-level factors
associated with drug overdose deaths.

Where people live influences health outcomes, including drug
use and abuse [13e17]. Van Handel et al. observed notable
geographic variation at the county level in acute Hepatitis C
infection (a proxy for injection drug use), and infection rates were
associated with social factors, including per capita income and
White, non-Hispanic raceeethnicity [17]. There are many factors
that comprise environment, including physical conditions and so-
cial structure [18,19]. Social structure takes on different forms,
including absolute conditions (e.g., the proportion of people in
poverty) and relative conditions (e.g., how the proportion of people
in poverty in the near environment differ from the larger envi-
ronment). Residential segregation reflects relative conditions.
There is evidence to support that residential segregation may in-
fluence health outcomes differentially across social groups [20]. For
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example, opposing directions of association across Black and His-
panic groups have been observed for cardiovascular disease [21]
and birth outcomes [22], but little is known about residential
segregation and drug abuse and associated conditions. These ob-
servations support the importance of evaluating absolute and
relative conditions and considering different types of relative
conditions for health outcomes across different socioeconomic
groups.

Most overdose deaths occur in individuals who have some sort
of drug dependence disorder [23,24]. Risk factors for drug addiction
or dependence include family history, being male, coexisting
mental health condition, peer pressure, lack of family involvement,
and anxiety, depression, or loneliness [25e27]. Several of these
factors are known to be associatedwith social support [28e34]. The
underlying hypothesis that is driving the analysis is that residential
segregation may serve as a proxy for social support [35e37], and
the objective of this analysis was to evaluate overdose death rates
in relation to county-level social, economic, and household char-
acteristics and measures of residential segregation for race, His-
panic ethnicity, poverty, and unemployment. Counties are a good
level of geography to study overdose deaths as they capture many
aspects of geographically similar conditions that may contribute to
mitigate overdose mortality.

Materials and methods

County-level overdose deaths were obtained from the Centers
for Disease Control and Prevention (CDC Wonder) Underlying
Cause of Death, 1999e2015 dataset (https://wonder.cdc.gov). Data
for the years 2010e2015 for total deaths, deaths by race, and deaths
by Hispanic ethnicity were abstracted for deaths with underlying
ICD-10 codes: X40-44, X60-64, X85, Y10-14. Other racial groups
were not included in the analysis due to insufficient number of
counties with high enough death counts and population for anal-
ysis. This article does not contain any studies with human partici-
pants performed by any of the authors and is considered not human
subjects research.

There are no agreed on covariates for geographic deprivation or
social characteristics in the literature, and we used the Social
Vulnerability Index as a guide. The Agency for Toxic Substances and
Disease Registry Social Vulnerability Index is a tool created to
Table 1
Social vulnerability characteristics by categories of total overdose death rates and incide

County characteristics* Counties with >10 total deaths
(n ¼ 2067)

With
Hispa

Mean (minimum
to maximum)

IRR (95% CI)y Mean
to m

Less than poverty (%) 16.5 (3.7e42.5) 0.958 (0.925, 0.992) 16.4
Unemployed (%) 7.5 (0.3e21.8) 1.138 (1.079, 1.201) 7.1
Mean per capita income ($) 2.5 (1.1e6.7) 1.048 (0.982, 1.118) 2.5
No high school diploma (%) 14 (2.1e41.5) 1.037 (1.002, 1.073) 14.2
Age �65 y (%) 16.6 (7e53.1) 0.941 (0.903, 0.981) 17.6
Age �17 y (%) 22.6 (7.5e36.1) 0.911 (0.857, 0.968) 22.6
Civilian disabled (%) 15.7 (4.7e36.9) 1.250 (1.199, 1.303) 15.8
Single-parent household (%) 8.9 (2.3e20) 1.057 (0.990, 1.128) 8.5
Racial/ethnicity minority (%) 22.9 (0.4e97.2) 0.979 (0.971, 0.988) 22.9
Speak English less than well (%) 1.8 (0e27) 1.008 (0.941, 1.081) 1.8
Multiunit structures (%) 5.7 (0e89.6) 0.991 (0.965, 1.017) 4.6
Mobile homes (%) 12.4 (0e53.9) 0.968 (0.952, 0.984) 13
Crowding (%) 2.4 (0e14.5) 0.848 (0.775, 0.929) 2.4
No vehicle available (%) 6.7 (0.5e77.3) 1.067 (1.030, 1.106) 6.5
Group quarters (%) 3.2 (0e35.6) 0.900 (0.868, 0.933) 3.5
Uninsured (%) 11.8 (2.1e40.7) 0.970 (0.938, 0.999) 12.3

CI ¼ confidence intervals.
* Characteristics are included in negative binomial regression models in 5-unit increm
y Characteristics in the table are mutually (multivariable) adjusted for the other chara
identify and map communities that will most likely need support
before, during, and after a hazardous event [38]. Data obtained
from the American Community Survey (2010e2014), 5-year data,
for the social characteristics are listed in Table 1.

Residential segregation is a multifaceted concept, and isolation
and dissimilarity were evaluated because of the availability of cal-
culations that allow for an estimate of the segregation of that county
compared with a larger geographic area [39]. Adjacent counties
(touching by land border) and state were considered the larger
geographic areas for each county. Five-year data from the American
Community Survey (2010e2014)were used to calculatemeasures of
racial, ethnic, unemployment, and poverty segregation for dissimi-
larity, isolation, and diversity, using the method by Oka and Wong
2014 [39]. Dissimilarity, as a measure of evenness, was calculated as
the absolute value of the difference between (1) the composite
population one group in the county divided by the composite pop-
ulation of that county plus the adjacent counties (or state) and (2)
the composite population another group (e.g., Black) in the county
divided by the composite population of that county plus the adja-
cent counties (or state). Isolationwas calculated as oneminus (1) the
difference in total population minus a group (e.g., Black) at the
county level divided by (2) the difference in total population minus
the group population for the countyand adjacent counties (or state).
There is a limited literature to guide our analyses, and the compar-
isonof adjacent counties and stateanalyses canhelp to inform future
analyses. Albeit limited particular by differences in sizes of counties,
county-to-adjacent county may provide a more neighborhood
perspective of comparisons, and county-to-state comparisons may
provide some perspective about differences in state-level policies
versus county policies or programs.

Diversity was calculated as the negative of the summation of the
percentage of mutually exclusive groups multiplied by its natural
logarithm [39]. Racial diversity and Hispanic diversity estimates
were calculated and used in the analysis. The mutually exclusive
groups for racial diversity wereWhite, Black, Asian, and others. The
mutually exclusive groups for Hispanic diversity were Hispanic,
non-Hispanic White, and other non-Hispanic race. Mutually
exclusive groups for poverty were based on categories of poverty-
to-income ratio: 0e0.49, 0.50e0.99, 1.00e1.24, 1.25e1.49,
1.50e1.84, 1.85e1.99, and, 2.00 or greater. Mutually exclusive
groups for unemployment were unemployed and employed.
nce rate ratios (IRRs) with overdose death rates

>10 deaths in White, Black, and
nic subgroup (n ¼ 164)

Imputed total deaths (n ¼ 3142)

(minimum
aximum)

IRR (95% CI) Mean (minimum
to maximum)

IRR (95% CI)

(1.8e48.7) 0.999 (0.956, 1.043) 14.2 (4.6e30.5) 0.957 (0.869, 1.054)
(0e29.9) 1.031 (0.965, 1.101) 7.7 (4.4e15.7) 1.140 (0.958, 1.357)
(1e6.7) 1.171 (1.071, 1.280) 3.2 (1.9e6.7) 1.011 (0.892, 1.147)
(1.3e51.5) 0.972 (0.931, 1.014) 12.2 (4.7e31.4) 1.208 (1.063, 1.373)
(3.9e53.1) 0.968 (0.915, 1.024) 14.2 (8.2e34) 1.006 (0.901, 1.122)
(1.1e40.3) 0.943 (0.868, 1.025) 23 (13.5e30.1) 0.717 (0.607, 0.847)
(4.7e36.9) 1.226 (1.164, 1.292) 11.8 (6.7e18.1) 1.226 (1.000, 1.504)
(0e25.5) 0.928 (0.853, 1.010) 9.6 (3.7e20) 1.259 (1.005, 1.578)
(0e99.2) 0.980 (0.969, 0.992) 41.1 (13.9e90.4) 0.964 (0.941, 0.987)
(0e32.7) 1.077 (0.990, 1.173) 4.8 (0.4e21.7) 0.750 (0.649, 0.867)
(0e89.6) 0.951 (0.916, 0.987) 15.2 (1.9e89.6) 0.985 (0.941, 1.031)
(0e63.1) 0.977 (0.956, 0.998) 3.2 (0e21.7) 0.847 (0.783, 0.916)
(0e37.9) 0.872 (0.791, 0.961) 3.2 (0.7e12.8) 0.964 (0.780, 1.191)
(0e77.3) 1.100 (1.051, 1.151) 9.7 (2.7e77.3) 1.009 (0.964, 1.055)
(0e59.3) 0.930 (0.890, 0.971) 2.4 (0.4e8.5) 0.908 (0.744, 1.109)
(2.1e52) 1.060 (1.016, 1.106) 10.7 (2.1e23.8) 1.000 (0.907, 1.095)

ents, except for per capita income, which is included as $10,000 unit.
cteristics in this table in negative binomial regression models.

https://wonder.cdc.gov
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Our goal was to look at a more neighborhood level of geography,
but the evaluation of overdose deaths at lower levels of geography
is challenged by suppressed death counts (n < 11), and county is the
smallest geographic unit with a reasonable number of unsup-
pressed counts for analysis. A two-prong approach was taken to
evaluate residential segregation and total overdose deaths: (1)
evaluation in counties withmore than 10 deaths (n¼ 2067), and (2)
evaluation in all counties with deaths imputed for counties with
less than 11 deaths (n¼ 3142). Amultiple imputation approachwas
taken by 100 iterations of randomly selected a number between
0 and 10 for the counties with less than 11 deaths and maintaining
the actual number for counties with 11 deaths or more, and sum-
mary statistics and regression models were run on the 100 imputed
values with coefficients and standard errors adjusted for variability
between imputations according to combination rules in Rubin [40].
Imputed for White, Black, and Hispanic deaths provided unlikely
rate estimates, and imputed analyses were not further analyzed for
these subgroups.

Negative binomial regression with death counts as the outcome
variable and population count as the exposure were fit to calculate
relative risks (incidence rate ratios) for residential segregation and
county characteristics. Estimates of percent of population age
65 years or greater and less than 18 years were included in the
model to adjust for county-level age distribution. To evaluate
whether residential effects on race and ethnic subgroups were
different in the presence of sufficient deaths across all subgroups,
an additional analysis was conducted to evaluate residential
segregation and overdose deaths in counties that had 11 deaths or
more for White, Black, and Hispanic population (n ¼ 164). Separate
multivariable models were fit to each type of segregation: race,
Hispanic ethnicity, poverty, and unemployment for dissimilarity
and diversity. Black, Hispanic, poverty, and unemployment segre-
gation were highly correlated (Supplemental Table 1, Pearson
r > 0.95), and results for poverty isolation are presented as an
overall representation of residential social isolation. Analyses were
conducted using Stata 15.0 (StataCorp).

Results

There were 2067 counties with more than 10 overdose deaths in
total (66% of total counties), and themean crude death ratewas 16.1
Fig. 1. Geographic distribution of county-level total overdose death rate. White borders ind
per 100,000. Most counties (n ¼ 2029 [65%]) had at least 10 White
overdose deaths (mean rate ¼ 20.4 per 100,000). Smaller numbers
of counties had at least 10 Black overdose deaths (n ¼ 355 [11%],
mean rate ¼ 16.9 per 100,000) or at least 10 Hispanic overdose
deaths (n ¼ 286 [9%], mean rate ¼ 12.9 per 100,000). Similar mean
death rates were observed in the counties with that had at least 10
deaths for White, Black, and Hispanic populations (at least 10 in
each group), with rates of 20.1 per 100,000 for total, 22.6 per
100,000 for White, 16.2 per 100,000 for Black, and 11.7 per 100,000
for Hispanic. In counties with at least 10 overdose deaths, total
overdose death rate ranged from 2.9 to 86.9 per 100,000. Highest
values were clustered in the West, West South Central, and Appa-
lachia parts of the United States (Fig. 1).

There were some strong correlations between segregation fac-
tors, more for isolation than other characteristics, and analyses
were limited to one measure of isolation (Supplemental Table 1).
For other most segregation and socioeconomic factors were not
strongly correlated (>0.8 or less than �0.8) with each other; with
exceptions for Black isolation (county-to-adjacent county) and
unemployedeother dissimilarity (county-to-adjacent county;
r ¼ �0.80); Hispanic isolation (county-to-adjacent county) and
povertyenonpoverty dissimilarity (county-to-adjacent county;
r ¼ �0.81); Hispanic isolation (county-to-adjacent county) and
unemployed isolation (county-to-state; r ¼ �0.82); percent
poverty with poverty diversity (r ¼ 0.97); and percent unemploy-
ment diversity (r ¼ 0.94).

We ran our models with only counties with greater than 10
deaths and also using imputation counties with less than 10 deaths
and show them both in Table 2. Counties with more than 10 deaths
for White, Black, and Hispanic populations had lower percentages
of civilian disabled and mobile home housing, and higher per-
centages of single-parent households, racialeethnicity minority
individuals, individuals that speak English than well, multiunit
housing, and homes with no vehicle available (Table 1). In counties
with more than 10 total deaths, overdose death rate was signifi-
cantly, positively associated with county-level percent unemploy-
ment, percent without high school diploma, percent civilian
disabled, and percent without a vehicle in home, with adjustment
for the other county-level social characteristics. Significant inverse
associations were observed for percent: poverty, age 65 years and
older, age 17 years and younger, racialeethnicity minority, housing
icate counties with actual data, and gray border indicates counties with imputed data.



Table 2
County residential segregation by categories of total overdose death rates and adjusted incidence rate ratios (IRRs) for segregation with overdose death rates

Characteristic* Counties with >10 total deaths
(n ¼ 2029)

With >10 deaths in White, Black, and
Hispanic subgroup (n ¼ 193)

Imputed total deaths (n ¼ 3142)

Mean (minimum
to maximum)

IRR (95% CI)* Mean (Minimum
to maximum)

IRR (95% CI) Mean (minimum
to maximum)

IRR (95% CI)

County-to-adjacent county
WhiteeBlack dissimilarity 8.1 (0, 56.5) 1.020 (1.008, 1.032) 14.4 (0, 48) 1.024 (1.003, 1.046) 7.3 (0, 71.0) 1.024 (1.008, 1.040)
HispaniceNHW dissimilarity 5.6 (0, 50.8) 0.999 (0.982, 1.016) 10.0 (0, 46.6) 1.024 (0.995, 1.054) 5.1 (0, 52.7) 0.987 (0.965, 1.009)
Povertyenonpoverty dissimilarity 5.5 (0, 52.5) 1.011 (0.997, 1.026) 12.5 (0, 47.3) 1.027 (1.002, 1.052) 4.4 (0, 52.5) 1.019 (0.999, 1.040)
Unemployedeothers dissimilarity 4.4 (0, 50.9) 0.994 (0.978, 1.010) 9.6 (0.05, 40.1) 1.025 (0.996, 1.054) 3.8 (0, 50.9) 1.009 (0.987, 1.032)
Poverty isolation 87.3 (52.6, 99.8) 1.008 (0.995, 1.021) 79.7 (59.6, 95.0) 0.984 (0.956, 1.013) 89.3 (52.6, 100) 1.019 (1.001, 1.037)

County-to-state
WhiteeBlack dissimilarity 1.6 (0, 57.4) 1.064 (1.040, 1.090) 6.7 (0, 57.4) 1.031 (1.009, 1.054) 1.2 (0, 57.4) 1.086 (1.050, 1.124)
HispaniceNHW dissimilarity 1.2 (0, 38.1) 1.091 (1.050, 1.133) 5.1 (0, 38.1) 1.029 (0.993, 1.065) 0.9 (0, 38.1) 1.117 (1.058, 1.180)
Povertyenonpoverty dissimilarity 0.6 (0, 16.7) 1.158 (1.073, 1.251) 2.2 (0, 16.7) 1.088 (1.008, 1.175) 0.4 (0, 16.7) 1.216 (1.089, 1.357)
Unemployedeothers dissimilarity 0.4 (0, 8.5) 1.345 (1.178, 1.536) 1.3 (0, 8.5) 1.190 (1.043, 1.357) 0.3 (0, 8.5) 1.470 (1.216, 1.778)
Poverty isolation 97.7 (0, 100) 0.949 (0.931, 0.968) 90.5 (0, 99.3) 0.974 (0.958, 0.989) 98.4 (0, 100) 0.938 (0.911, 0.965)

Diversity
Race diversity 49.3 (0.5, 100) 0.995 (0.987, 1.002) 80.6 (38.5, 100) 0.991 (0.972, 1.011) 45.3 (0, 100) 0.990 (0.981, 1.000)
Hispanic diversity 55.8 (2.4, 100) 0.999 (0.991, 1.006) 84.7 (50.9, 100) 0.988 (0.967, 1.010) 53.0 (0, 100) 0.993 (0.983, 1.003)
Unemployed diversity 42.7 (15.9, 67.4) 1.014 (0.897, 1.145) 39.4 (18.4, 60.9) 1.404 (0.885, 2.226) 42.2 (9.1, 69.1) 0.839 (0.715, 0.984)
Poverty diversity 14.9 (0.7, 30.8) 1.108 (1.041, 1.179) 16.4 (11.4, 25.0) 0.993 (0.830, 1.187) 13.9 (0, 38.4) 1.007 (0.927, 1.093)

CI ¼ confidence intervals; NHW ¼ non-Hispanic White.
* Characteristics are included in negative binomial regression models in 5-unit increments, and multivariable adjusted for the characteristics in Table 2.
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that was mobile homes, housing that was group quarters, crowded
housing, and uninsured. Similar results, in terms of directions of
association, were observed with the imputed deaths, but statistical
significance differed from analysis with counties that had more
than 10 overdose deaths. When stratified by race and ethnicity,
there were some notable similar and dissimilar associations with
county-level socioeconomic characteristics (Fig. 2).

Residential segregation measures were significantly associated
with total overdose death rates (Table 2), adjusted for other county-
level socioeconomic factors. The strongest association was
observed for unemployment dissimilarity, with a 5-unit increase
being associated with 35% higher death rate (incidence rate ratio ¼
1.345 [1.178, 1.536]). Results were similar, magnitude and statistical
significance, for imputed data.When stratified by race and Hispanic
ethnicity, there were some notable similar and dissimilar associa-
tions with county-level residential segregation for county-to-
adjacent county comparisons in counties with more than 10
White deaths, adjusted for other county-level socioeconomic fac-
tors (Table 3).

Discussion

This analysis focused on evaluating the smallest geographic
area possible with accessible and relatively stable data. Dissimi-
larity represents the difference in the proportion of Black or His-
panic in the county relative to the larger area from the proportion
of White in the county relative to the larger area. Lower values
indicate a more even distribution, and higher values indicate a less
even distribution across race or ethnic groups. The isolation
measure used in this analysis provides an estimate of how many
people are not in that group (Black or Hispanic) in the county
compared with how many people are not that group in the larger
area, where larger values indicate that there is a lower concen-
tration of individuals in that group in the county. Isolation was
strongly correlated across all these characteristics within
geographic comparisons (county-to-adjacent county vs. county-
to-state). This observation suggests that isolation may not have
good discriminatory power to distinguish between isolation based
on different socioeconomic characteristics. Additional work with
lower levels of geography may reveal different types and magni-
tudes of associations.
Massey and Denton proposed that lower levels of comparisons
(e.g., tracts) may provide information about the level of segregation
experienced for a neighborhood, and higher levels provide infor-
mation about comparisons to potential laws or policies [41]. For
some of the associations, themagnitude of associationwas stronger
for the county-to-state segregation measure than the county-to-
adjacent county segregation measure. County-to-adjacent county
may cross state lines, and it is possible that the state-level policies
or laws have are more influential on county-level segregation
measures. This difference between county-to-adjacent county and
county-to-state may also reflect, in part, differences in overall
ranges in values of residential segregation and diversity measures
across the two larger geographic comparison areas. Differences that
were observed were between significant and nonsignificant in the
same direction, suggesting that both geographic levels support
similar theoretical effects of county residential segregation
influence.

Racial dissimilarity has been associated with other adverse
health outcomes, including higher lung cancer mortality [42],
poorer survival for hemodialysis patients [43], and higher overall
mortality rates [44] in Blacks in more dissimilar areas. However, in
this analysis, there were few associations with Black death rates;
only county-to-state WhiteeBlack dissimilarity was significantly
associated, independent of other socioeconomic characteristics of
the counties. This may support that structural racism specific to
Black individuals is more important to Blacks than individual so-
cioeconomic characteristics. In general, dissimilarity and isolation
associations were more similar across White and Black death rates
than Hispanic death rates; whereas, measures of diversity asso-
ciations were more similar across Black and Hispanic death rates
than White death rates. For Hispanic death rates, few associations
were statistically significant, but this may represent lack of sta-
tistical power for the smaller number of counties that had useable
data. An interesting observation is that where there were signifi-
cant associations, the associations were inverse for isolation and
diversity. There is limited work related to overdose deaths or drug
use, but some studies have evaluated mental health outcomes and
residential segregation in Hispanic groups. In recent work by
Nobles et al., isolation and dissimilarity were both inversely
associated with mental distress [45]. However, findings are mixed,
with other studies of mental health in Hispanic populations



Fig. 2. Incidence rate ratios, with 95% confidence interval bars, for associations of social vulnerability characteristics and overdose death rates in White, Black, and Hispanic
populations in counties with at least 10 deaths for the race or Hispanic population and with at least 10 for all race and Hispanic populations.
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observing similar protective associations [46,47] and others
observing no or adverse associations [48,49]. One possible
mechanism for differences across these studies is possible differ-
ences by Hispanic ethnicity subgroups (e.g., Cuban, Puerto Rican,
Mexican). However, caution should be exercised in comparing
White, Black, and Hispanic death rate results to the total results
because suppressed counties were excluded from the race and
Hispanic analyses.

Some socioeconomic drivers of drug overdose deaths were
consistent across race and Hispanic groups, and other factors
differed across the groups. Consistent positive associations
included percent civilian disabled, and consistent inverse



Table 3
Country residential segregation incidence rate ratios (IRRs) for overdose death rates by race and Hispanic death rates

Characteristic* White Black Hispanic

>10 White deaths
(n ¼ 1973)

With >10 White,
Black, and Hispanic
deaths (n ¼ 193)

>10 Black deaths
(n ¼ 355)

With >10 White,
Black, and Hispanic
deaths (n ¼ 193)

>10 Hispanic
deaths (n ¼ 286)

With >10 Hispanic,
Black, and Hispanic
deaths (n ¼ 193)

County-to-adjacent county
WhiteeBlack dissimilarity 1.019 (1.007, 1.031) 1.029 (1.006, 1.053) 1.009 (0.986, 1.033) 1.020 (0.992, 1.049) 0.991 (0.960, 1.023) 0.992 (0.961, 1.024)
HispaniceNHW dissimilarity 1.001 (0.985, 1.018) 1.038 (1.006, 1.071) 0.977 (0.942, 1.014) 0.970 (0.933, 1.009) 0.995 (0.954, 1.038) 0.988 (0.947, 1.031)
Povertyenonpoverty
dissimilarity

1.006 (0.991, 1.020) 1.021 (0.995, 1.049) 1.030 (1.002, 1.06) 1.046 (1.012, 1.080) 0.985 (0.953, 1.018) 1.006 (0.970, 1.043)

Unemployedeothers
dissimilarity

0.989 (0.973, 1.004) 1.019 (0.988, 1.051) 1.024 (0.991, 1.057) 1.048 (1.011, 1.087) 0.967 (0.933, 1.003) 1.009 (0.969, 1.050)

Poverty isolation 1.008 (0.995, 1.021) 0.982 (0.952, 1.013) 1.006 (0.975, 1.039) 0.979 (0.942, 1.017) 1.015 (0.978, 1.053) 0.977 (0.938, 1.018)
County-to-state
WhiteeBlack dissimilarity 1.061 (1.037, 1.086) 1.037 (1.012, 1.062) 1.049 (1.018, 1.082) 1.026 (0.997, 1.056) 1.025 (0.989, 1.062) 1.026 (0.994, 1.059)
HispaniceNHW dissimilarity 1.090 (1.050, 1.131) 1.034 (0.995, 1.074) 1.044 (0.993, 1.098) 1.013 (0.967, 1.060) 1.022 (0.969, 1.078) 0.999 (0.951, 1.049)
Povertyenonpoverty
dissimilarity

1.148 (1.065, 1.239) 1.109 (1.018, 1.207) 1.115 (1.001, 1.241) 1.018 (0.919, 1.126) 1.078 (0.951, 1.223) 1.104 (0.985, 1.238)

Unemployedeothers
dissimilarity

1.299 (1.139, 1.481) 1.197 (1.034, 1.386) 1.548 (1.296, 1.848) 1.286 (1.085, 1.526) 1.101 (0.896, 1.354) 1.210 (1.003, 1.460)

Poverty isolation 0.956 (0.937, 0.974) 0.987 (0.969, 1.005) 0.961 (0.940, 0.983) 0.972 (0.952, 0.992) 0.978 (0.952, 1.006) 0.979 (0.957, 1.003)
Diversity
Race diversity 1.003 (0.996, 1.010) 1.008 (0.986, 1.030) 0.952 (0.931, 0.973) 0.968 (0.943, 0.995) 0.955 (0.935, 0.974) 0.962 (0.935, 0.990)
Hispanic diversity 1.000 (0.993, 1.008) 0.998 (0.975, 1.022) 0.954 (0.932, 0.975) 0.958 (0.929, 0.987) 0.955 (0.935, 0.976) 0.985 (0.953, 1.017)
Unemployed diversity 0.965 (0.853, 1.091) 1.139 (0.688, 1.887) 1.085 (0.706, 1.667) 2.166 (1.145, 4.097) 1.792 (1.063, 3.021) 1.487 (0.746, 2.963)
Poverty diversity 1.062 (0.997, 1.131) 0.899 (0.740, 1.092) 1.204 (0.995, 1.456) 1.305 (1.030, 1.652) 0.834 (0.685, 1.014) 1.034 (0.794, 1.348)

NHW ¼ non-Hispanic White.
* Characteristics are included in negative binomial regression models in 5-unit increments, and adjusted for characteristics in Table 1.
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associations included percentages age 17 years and younger. In-
verse associations with higher proportions of younger groups may
reflect that these groups are less likely to be drug users, as drug use
is highest in late teens and early 20s [27]. Disability is associated
with higher alcohol abuse and drug abuse in cross-sectional studies
[50,51], but the directionality of the relationship is unclear, and
more longitudinal studies are needed. Our results suggest addi-
tional work evaluating the broader geographic issues around
disability, and drug use may also be an important avenue of
exploration. Some interesting associations that were discordant
across the groups included percent poverty, per capita income,
percent single-parent households, percent racialeethnicity mi-
nority, mobile homes, and percent uninsured. Although work in
drug use deaths is limited, research for other health conditions
indicate that the sociogeographic environment may have different
influences on race or ethnic subgroups. Opposing directions of as-
sociation across Black and Hispanic groups have been observed for
cardiovascular disease [21] and birth outcomes [22] in relation to
percent density of the group, with higher risk observed for Blacks
and lower risks observed for Hispanics. The subsample analysis
indicated that these relationships are unlikely to be entirely
explained by the differences in which counties have sufficient data
for White, Black, or Hispanic overdose deaths, but the difference in
health outcome and individual level versus ecological level analysis
may be a driving factor.

There is a somewhat limited base of evidence about the effects
of sociogeographic factors and residential segregation within or to
population groups, particularly as it may influence drug overdose
deaths to provide explanations for the associations observed. We
cautiously offer some hypotheses for some observations that could
be evaluated more thoroughly with other study designs or types of
data. We observed an inverse association between poverty and
overdose death rates. We hypothesize that these areas may include
individuals that are more regular drug users and may have fewer
deaths from first-time drug users that overdose due to inexperi-
ence. These may also be areas that have more urgent care or
emergency centers equipped to respond to drug overdoses,
resulting in fewer deaths. Sources of data on drug overdoses that do
not lead to deaths, such as hospital admissions, may provide a
means to evaluate these hypotheses. We also observed differences
in the direction of associations with unemployment across mea-
sures and across population groups. Percentage unemployment
was positively associated with death rates in Whites and inversely
associated for Hispanics. We hypothesize that areas with high un-
employment may have more of a mental health toll on Whites,
whereas Hispanic populations may form supportive enclaves. It
may be possible to evaluate joint effects of types of segregation and
individual-level unemployment in other sources of data to evaluate
this hypothesis. Similar mechanisms or hypotheses may underline
other associations observed.

It was clear that areas that have at least 10 deaths in White,
Black, and Hispanic populations are different from the larger group
of more than 10 total deaths. These areas are more populated and
diverse, as indicated by higher percent racialeethnicity minority,
percent individuals that speak English less than well, racial and
ethnic dissimilarity, and race and Hispanic diversity. These areas
may be more urban, given the housing structure, but, on average,
are not different in poverty, education, or unemployment. In these
higher population and diversity areas, associations were generally
similar to the associations in counties with more than 10 total
deaths. This may suggest county-level social factors and residential
segregation exert similar influence on overdose death rates across
counties, regardless of size and racial or Hispanic diversity.

Some limitations of the study should be considered in the inter-
pretation. (1) Associations observed at an ecological level may not
translate to the individual level. However, this work provides a novel
insight into group-level characteristics that are worth further
consideration in future individual-level studies, including positive
associations civilian disability, unemployment, and measures of
isolation and diversity. (2) The unit of analysis was at the county as
publicly available data overdose deaths for lower levels of geography
arenot available.Countiesdiffernotably insizeandproximity toother
counties, and the influence of segregation based on those relation-
shipsmaybemorediluted orexaggerated thanwhatmight be seen at
lower levels of geography. However, there are no nationally repre-
sentative studies for lower levels of geography, and this analysis
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provides hypotheses about factors thatmay be important to evaluate
in future studies. (3) Even using the county as the unit of analysis,
there were counties with suppressed (<11 deaths, as defined by the
CDC) or unreliable (11e20 deaths, as defined by the CDC) overdose
death rates. To still capture informationon the characteristics of those
counties, we chose to evaluate crude death rates and include two
variable indicators for age distribution in the analysis. We observed
similar results across the imputed and complete data analyses, sug-
gesting that there may be some ability to generalize. However,
generalizability for Black andHispanicmay not bewarranted as some
parts of the United States have low minority (not non-Hispanic
White) populations, and application to areas with higher minority
populationsmaybemore relianton the completedataanalyses. Some
residual confoundingbyagemaybepresent.Weobservedresults that
were similar across counties with more than 10 total deaths and
imputed data, suggesting that there is little bias in estimates by
evaluating only counties with more than 10 total deaths. (4) A com-
bined overdose death rate was used and did not look specifically at
specifics of the overdosedeath, such as specific drugor intentionality.
Similarly, deaths thatoccuramong individualswhoaredrug-addicted
may not be attributed to the drug use, even if there is a connection,
and we have missed some drug-related deaths. However, the ICD
codes used in this analysis capture anydeathswhere overdosewas an
underlying cause and are consistent with other studies, providing
comparability toother research. Thisnonspecificitymayhavemasked
stronger associations that might be observed for specific character-
istics. Although not a limitation, it is important to acknowledge
overlap in individuals exists for Hispanic and race groups because
Hispanic individuals will have also identified as a particular racial
group. It is then interesting to observe that there are thesedifferences
that are associated with Hispanic death rates, and these might be
more magnified a combined race, and Hispanic death rate (e.g., non-
Hispanic Black vs. Hispanic Black) was evaluated.

Conclusion

These results suggest residential segregation may exert inde-
pendent effects on drug overdose mortality beyond county socio-
economic characteristics, and effects differ across race and ethnic
groups. Opportunities and resources are unevenly spatially distrib-
uted, and residential segregation may offer insight into the socio-
economicwell-being of a group.We hypothesize several underlying
mechanisms in response to the results of this analysis. Associations
may be a result of factors such as access to health care, either posi-
tively or negatively, as overdose deaths related to prescription
medicationsare increasing [27].Other factors thatmaybe influential
include access to drug addiction resources or normalized beliefs
about drug use in spatially similar populations. Alternatively, cul-
tural or social characteristics of a group may strength in isolated
communities and provide a foundation for social support. There is
little publishedworkon the topicof overdosedeaths in a community
context, and these results provide directions for future studies,
including the roles of civilian disability, diversity, and evaluating
differential impacts of segregation across racial and ethnic groups.
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