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Prescription opioid poisoning across urban and rural
areas: identifying vulnerable groups and geographic areas

Q1 Magdalena Cerdá1, Andrew Gaidus2, Katherine M. Keyes3, William Ponicki2, Silvia Martins3,
Sandro Galea4 & Paul Gruenewald2

Department of Emergency Medicine, University of California, Davis, Sacramento, CA, USA,1 Prevention Research Center, Pacific Institute for Research and Evaluation,
Oakland, CA, US,2 Department of Epidemiology, Mailman School of Public Health, Columbia University, New York, NY, USA3 and School of Public Health, Boston
University, Boston, MA, USA4

ABSTRACT

Aims To determine (1) whether prescription opioid poisoning (PO) hospital discharges spread across space over time, (2)
the locations of ‘hot-spots’ of PO-related hospital discharges, (3) how features of the local environment contribute to the
growth in PO-related hospital discharges and (4) where each environmental feature makes the strongest contribution.

Design Hierarchical Bayesian Poisson space–time analysis to relate annual discharges from community hospitals to
postal code characteristics over 10 years. Setting California, USA. Participants Residents of 18517 postal codes in
California, 2001–11.Measurements Annual postal code-level counts of hospital discharges due to PO poisoning were
related to postal code pharmacy density, measures ofmedical need for POs (i.e. rates of cancer and arthritis-related hospital
discharges), economic stressors (i.e. median household income, percentage of families in poverty and the unemployment
rate) and concentration of manual labor industries. Findings PO-related hospital discharges spread from rural and
suburban/exurban ‘hot-spots’ to urban areas. They increased more in postal codes with greater pharmacy density [rate
ratio (RR) = 1.03; 95% credible interval (CI) = 1.01, 1.05], more arthritis-related hospital discharges (RR = 1.08; 95%
CI = 1.06, 1.11), lower income (RR = 0.85; 95% CI = 0.83, 0.87) and more manual labor industries (RR = 1.15; 95%
CI = 1.10, 1.19 for construction; RR = 1.12; 95% CI = 1.04, 1.20 for manufacturing industries). Changes in pharmacy
density primarily affected PO-related discharges in urban areas, while changes in income and manual labor industries es-
pecially affected PO-related discharges in suburban/exurban and rural areas. Conclusions Hospital discharge rates for
prescription opioid (PO) poisoning spread from rural and suburban/exurban hot-spots to urban areas, suggesting spatial
contagion. The distribution of age-related and work-place-related sources of medical need for POs in rural areas and, to
a lesser extent, the availability of POs through pharmacies in urban areas, partly explain the growth of PO poisoning across
California, USA.
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INTRODUCTION

Opioid abuse is an important global problem with far-
reaching implications for the health, social and economic
wellbeing of all populations—32.4 million people abuse
opioids across the world [1]. The health consequences of
this abuse are severe and on the rise. For example, in the
United States, prescription opioid (PO) poisoning deaths
have increased more than 400% between 1999 and
2014, and account for more deaths than heroin, cocaine
and stimulant poisoning combined [2]. Opioid overuse-

related hospital stays more than doubled between 1993
and 2012, and continue to grow at a rate of 5% per year
[3].

Rates of PO poisoning are concentrated in ‘hot-spots’,
usually in rural areas, as well as in small towns and subur-
ban areas [4]. The ways in which such hot-spots develop
and spread across space over time, as well as the factors
that explain why PO poisoning increases in rural and sub-
urban areas, are not well understood [5,6].

Three factors may drive PO poisoning in local areas: (1)
PO availability; (2) medical need for POs; and (3) economic
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stressors (4). First, growth in the rate of PO poisoning is
correlated strongly with an increase in PO supply at na-
tional [7] and local levels [8]. Pharmacies could thus pro-
vide a local source of access to POs, as they constitute the
main dispensation site for the drugs. Secondly, medical
need for POs in the local community, resulting from a high
density of patients affected by leading causes of pain such
as arthritis and cancer pain [9,10], or from a high concen-
tration of residents with work-place-related physical inju-
ries [4], may increase the community supply of POs and
the risk of poisoning. Thirdly, communities with more eco-
nomic stressors such as unemployment, low median in-
come and poverty may be particularly vulnerable to PO
abuse, among other reasons, as a way to manage chronic
stress and resulting anxious and mood disorders [11,12].

While prior studies point to systematic spatial patterns
in PO poisoning, no study has yet examined whether PO
poisoning is subject to a process of spatial contagion, as
has been shown for other types of drugs. Further, we do
not understand what factors may explain the concentra-
tion of PO poisoning in certain hot-spots, or understand
whether different types of community-level factors matter
in rural and suburban versus urban areas. To address these
gaps, we focused upon PO poisoning in California—the
most populous and ethnically diverse US state. We asked
the following four questions: (1) do hospital discharges
due to PO poisoning spread across space over time; (2) in
what types of geographic regions can we find hot-spots of
PO-related hospital discharges; (3) what contribution do
three ecological factors (i.e. formal access to POs through
higher density of pharmacies, medical need for POs due
to chronic disease or work-place injury and economic
stressors) make to the growth in PO-related hospital dis-
charges; and (4) in what types of geographic areas is the
contribution of each ecological factor the strongest?

METHODS

The study related PO poisoning hospitalizations in Califor-
nia postal (zip) codes from 2001 to 2011 (n = 18517
space × time units) to population and environmental
characteristics.

Data sources and variables

Outcome measure

We obtained annual zip code-level counts of hospital dis-
charges related to PO poisoning from the California Office
of Statewide Health Planning and Development. These re-
cords identify all hospital discharges from community hos-
pitals that result in at least one overnight stay [13].

PO-related hospital discharge rates were measured by
the annual counts of hospital discharges with Principal or

Additional E-codes indicating poisoning by methadone or
other opiates and narcotics (E850.1, E850.2, E935.1 and
E935.2), located by the patient residence zip code. This ex-
cluded poisoning by heroin and non-narcotic analgesics.
Reporting of E-codes is mandatory in California.

Ecologic measures

Availability of POs: pharmacy density. Densities of pharma-
cies and overall retail per square mile were derived from
Zip Code Business Patterns [14] data by using North
American Industry Classification System (NAICS) codes
to aggregate industry counts to the zip code. Overall retail
clutter including ‘retail trade’ (sectors 44, 45) and ‘accom-
modations and food service’ (sector 72) was included to
isolate the pharmacy density effect from that of general re-
tail concentration.

Medical need for POs: manual labor industries. The concen-
tration of manual labor industries in the zip code was used
as a proxy for medical need for POs due to work-place-
related physical injury, as areas with a higher proportion
of individuals involved in manual labor have higher rates
of self-reported injury and chronic pain [15]. Zip Code Busi-
ness Patterns data provided counts of business locations in
six industries that involve manual labor: agriculture, for-
estry, fishing and hunting (sector 11); mining, quarrying,
and oil and gas extraction (sector 21); construction (sector
23); manufacturing (sectors 31–33); wholesale trade
(sector 42); and transportation, warehousing and utilities
(sectors 22, 48–49) [16]. Densities for these six variables
were calculated as number of locations per 1000 people.

Age-related medical need for POs: rates of cancer and arthri-

tis. Rates of cancer and arthritis-related hospital dis-
charges were used as proxies for an age-related source of
medical need for POs, as cancer and arthritis are leading
age-related sources of chronic pain [10]. Opioids are the
mainstay of treatment for cancer patients [17], and the
three-step World Health Organization (WHO) analgesic
ladder (non-opioids, weak opioids, strong opioids), is also
now used for the treatment of arthritis [18]. Rates of can-
cer and arthritis were obtained from the hospital discharge
data. Cancer cases were identified as all discharges classi-
fied with ICD-9 diagnostic codes for malignant neoplasms
(140–165, 170–176, 179–196, 199–208 and supple-
mentary classification V10). Arthritis cases were identified
as all discharges classified as osteoarthrosis and allied disor-
ders (E715). Counts of cases were aggregated by residential
zip code and rates were calculated as a percentage of hospi-
tal discharges.

Economic stressors. Three indicators of local economic
stressors were measured: median household income, per-
centage of families in poverty and the unemployment rate.
These block group-level estimates were based on between-
census projections supplied by GeoLytics [19]. Economic
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variables were aggregated from the census block group
level up to the zip code boundaries specific to each year. Be-
cause block groups are not nested within zip codes, eco-
nomic variables had to be allocated for block groups that
cross zip code boundaries. The block group demographic
variables were converted to the zip code-level by assigning
block group economic values to all Census blocks nested
within each zip code, and then aggregating these to zip
codes using appropriate block weights.

Control variables. Estimated annual zip code-level demo-
graphic data included racial distribution (percentage of
non-Hispanic white, black and Hispanic); age distribution
(percentage age 0–19, 20–24, 25–44 and 45–64 years);
population density; and percentage male. The overall hos-
pitalization rate, calculated as the number of discharges
per capita, was also included as a covariate to control for
differences in access to in-patient care.

Zip code definitions. Zip codes were chosen as the unit of
analysis because they were the most resolved geographic
unit at which California hospital discharges were identified.
An important drawback of using zip codes for statistical
analysis is that they are defined for efficiency of mail deliv-
ery and were thus altered periodically at the discretion of
postal authorities. Spatial polygons encompassing these
routes were available across all years [20]. To ensure com-
plete geographical coverage of the state, uninhabited zip
codes were assigned state-wide average values for rate var-
iables (e.g. proportion Hispanic) and were assigned a popu-
lationvalue of 1 to allow for non-zero population risks in all
areas.

Unit misalignment. The statistical models outlined below
allow for unexplained spatial variation in underlying PO-
related risk even in the presence of geographic units that
change over time. An independent variable measuring
the geographic instability of each zip code was computed
to test whether alteration of its boundaries was directly re-
lated to PO risks. This was calculated as the percentage of
year-2000 Census block populations within a given year’s
zip code definition that would not have fallen within the
boundaries of the best-matched zip code in the prior year
(range: 0–59%). This instability measure tested the as-
sumption that zip code boundary shifts did not bias other
effects estimates substantively.

Data analysis

We used a hierarchical Bayesian hierarchical space–time
misalignment Poisson model [21] to analyze statistically
counts of hospital discharges related to prescription opioids.
The model assumes that counts are log-linear functions of
exogenous measures and correlated across adjacent zip
code areas (i.e. conditionally autoregressive). Observed
counts are not statistically independent, nor are they glob-
ally correlated, but rather they are correlated with counts

observed among nearest neighbors (here defined as zip
codes with shared boundaries); covariances among units
have local spatial structure. Neglect of this particular fea-
ture of spatial data leads to Type I errors in analysis, misin-
terpretation of nominally significant or well-supported
effects and miscalculation of relative rates of disease out-
comes in disease mapping models [22,23] Observed
changes in disease rates may be a function of time and
the creation or rearrangement of zip code units over time;
thus the analyses require characterizing spatial relation-
ships between units at each time step and measures of
changes in population coverage induced by the addition
or rearrangement of zip code areas (misalignment). While
maximum likelihood solutions are available for statistical
analyses of Poisson distributed data, no such general ap-
proach exists for spatial Poisson models and, as there are
no conjugate priors for Bayesian Poisson models, empirical
Bayesian analyses are required [24]; low-precision uninfor-
mative prior estimates of expected effects and their error
variances are input to iterative computational procedures
that converge on best posterior estimates (see Supporting
information, S1). Added benefits of the approach are (1)
it provides an evaluation of the spatial gradient of risk
across California, allowing some areas of the state to have
higher or lower problem rates across years despite zip code
misalignments, (2) it addresses small area problems by
allowing poorly estimated risks in sparsely populated areas
to ‘borrow strength’ from rates observed rates in nearby
communities [25] and (3) it allows for over-dispersion
about as effectively as do zero-inflated models [26] (techni-
cal details regarding the Bayesian Misalignment Poisson
model are described in Supporting information, Appendix).

Twomainmodels were estimated: model 1 included ba-
sic zip code population demographics (age distribution, ra-
cial distribution and percentage male), as well as zip code
characteristics (retail density, population density, hospitali-
zation rate and rates of cancer and arthritis-related dis-
charges). Model 2 incorporated covariates to test our
hypotheses that increased rates of PO-related hospital dis-
charges will be found in areas that are poor (proportion
of families in poverty, median household income and un-
employment rate); have large numbers of manual labor in-
dustries (density of six industry classes); and have high
pharmacy density (pharmacies per square mile).

Posteriors estimates (model-based predicted values)
were joined to annual zip code units and mapped using
the Aeronautical Reconnaissance Coverage Geographic In-
formation System (ArcGIS). This allowed us to examine the
changing distributions of PO-related hospital discharges
over space and time due to the effects of individual covari-
ates as well as of groupings of covariates. We were particu-
larly interested in examining the changing distribution of
PO-related hospital discharges across rural areas [small
town and rural zip codes (i.e. up to 64 housing units per
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square mile and a low degree of commuting to a metropol-
itan core area)], suburban and exurban areas (i.e. zip codes
with 16–64 housing units per square mile with a high de-
gree of commuting; 65–640 housing units per squaremile;
or 641–1600 housing units per square mile) and urban
areas (i.e. zip codes with more than 1600 housing units
per square mile) [27].

RESULTS

Descriptive results

The rates of PO-related hospital discharges per capita
increased during the study period from 2.4 cases per
10000 people in 2001 to 4.5 cases per 10000 people in
2011 (Fig.F1 1). There was an average of 7.6 PO-related
hospital discharges per zip code during this time-period
(0.3% of all hospital discharges), ranging from 0 to 101
discharges across zip codes (TableT1 1).

Associations between zip code-level characteristics and the
rate of PO poisoning discharges

TableT2 2 presents posterior estimates of the association of a
1-unit shift in each fixed-effect variable with the rate of
PO-related hospital discharges. To allow readers to com-
pare the magnitude of the relationship between each expo-
sure and PO-related hospital discharges in a common
metric, in the text below we present results associated with
a standard deviation shift in zip code-level characteristics.
A greater rate of PO-related hospital discharges was found
in zip codes with a higher concentration of arthritis-related
hospital discharges, with an 8% increase in the rate of PO-
related discharges predicted by a standard deviation in-
crease in the arthritis discharge rate [rate ratio (RR)=1.08;
95% confidence interval (CI) = 1.06, 1.11]. Zip codes with
greater pharmacy density had higher rates of PO-related
hospital discharges with a 3% increase in discharges pre-
dicted from a standard deviation increase in pharmacy

density (RR = 1.03; 95% CI = 1.01, 1.05). Zip codes with
more manual labor industries also had higher rates of PO-
related hospital discharges: in particular, construction
(RR = 1.15; 95% CI = 1.10, 1.19) and manufacturing
(RR = 1.12; 95% CI = 1.04, 1.20) each predicted a 15
and 12% increase, respectively, in PO-related hospital dis-
charge rates from a standard deviation increase in industry
density. Higher median income was associated with lower
PO-related hospital discharge rates, with a 15% decrease
in PO-related hospital discharge rates predicted from a
standard deviation increase in income (RR = 0.85; 95%
CI = 0.83, 0.87).

Growth of PO-related hospital discharges across space and
time

The time trend effect suggests that, even after accounting
for the covariates considered above, state-wide PO-related
hospital discharge rates grew by an average of 5.6% per
year (95% CI = 4.95, 6.51) (see model 1). Growth was
not consistent across the state. Figure F22 combines this
state-wide time trend, with the county-level random time
effect to map spatial variation in risk of growth beyond that
explained by the demographic characteristics considered in
model 1, and presents the distribution of the state popula-
tion in urban and rural zip codes. Figure F33 presents pre-
dicted relative incidence rates of PO-related hospital
discharges estimated frommodel 1 for 3 years at the begin-
ning, middle and end of the study period: 2001, 2006 and
2011. Growth in use appears most substantial in the cen-
tral and northern parts of the state, including urban and
suburban/exurban areas in the San Francisco peninsula
and rural areas in the central valley and north of the state.

We were interested in investigating the specific contri-
bution that our leading predictors identified in model 2
made to the incidence rate of PO-related hospital dis-
charges in different types of geographic areas. Figure F44 rep-
resents the zip code-specific relative rate of PO-related
hospital discharges associated with four types of character-
istics: (a) age-related medical need for POs, including the
concentration of residents aged 65+ and the concentration
of hospital discharges due to arthritis in the zip code; (b)
median income; (c) work-relatedmedical need (i.e. concen-
tration of construction and manufacturing industries in
the zip code); and (d) pharmacy density in each zip code.
The figure also presents a magnified picture of zip code-
specific rate ratios for each type of characteristic in the
San Francisco Bay area. A qualitative review of the figure
suggests that these demographic and economic character-
istics were associated with different patterns of risk across
the state. The risk of PO-related hospital discharges associ-
ated with work-place-related medical need was strongest
in suburban/exurban and rural areas along the coast and
in the Sierra foothills. The contribution of household

Figure 1 Prescription opioid hospital discharges per 10 000 people in
California zip codes, 2001–11
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income to PO-related hospital discharges was strongest
outside the coastal urban areas. In contrast, the relative
rate of PO-related hospital discharges predicted by phar-
macy density was highest in urban areas.

DISCUSSION

This study has three major findings. First, akin to other
types of drugs, the spatially correlated growth in PO-
related hospital discharge rates across a large, geographi-
cally diverse US state suggests spatial contagion, where
poisoning spreads from rural and suburban/exurban
hot-spots to urban areas. These patterns are consistent
with findings in other regions of the United States,
Canada and Australia, which showed a concentration of
PO poisoning in rural areas [28–33]. Secondly, pharmacy
density, and community-level concentrations of age- and
work-related sources of medical need for POs were associ-
ated with higher rates of PO-related hospital discharges
across the state. Thirdly, the effects of these community-
level factors were heterogeneous across urban and rural
areas of the state—a finding that was revealed only by

focusing on a state that exhibits the entire continuum
across the rural–urban divide.

Sources of PO dispensation were associated modestly
with PO-related hospital discharge rates: in particular, zip
codes with greater pharmacy density had higher rates of
PO-related hospital discharges. This finding is consistent
with a prior study of county-level variation in PO abuse,
which found that the rate of PO abuse was associated with
the rate of PO dispensations and the density of pharmacies
at the local level [8]. Prior studies have also found that use
of multiple prescribers and multiple pharmacies in Califor-
nia were associated with the number of licensed physicians
and surgeons in a county [34]. The modest average associ-
ation between pharmacy density and PO-related hospital
discharges across the state conceals great heterogeneity
in the effect: while we saw no effect of pharmacy density
on PO-related hospital discharges in rural areas, urban
areas exhibited up to a 65% increase in PO-related hospital
discharges from a standard deviation increase in pharmacy
density. This finding suggests that interventions regulating
formal sources of PO supply such as pharmacies may
achieve the largest effect in urban contexts.

Table 1 Zip code level characteristics, California, 2001–2011.

Variable description Mean SD

Population 21573.1 21846.3
Zip code area (square miles) 93.5 248.2
Count of prescription opioid hospital discharges 7.6 8.9
Pharmacy density (per square mile) 0.5 1.6
Age-related medical need for prescription opioids

Proportion of hospital discharges with arthritis diagnosis 0.1 0.04
Proportion of hospital discharges with cancer diagnosis 0.1 0.1
Work-related medical need for prescription opioids

Agriculture and forestry industry density (per 1000 people) 0.8 19.9
Construction industry density (per 1000 people) 7.02 94.0
Manufacturing industry density (per 1000 people) 3.2 46.3
Mining industry density (per 1000 people) 0.3 7.5
Transportation, warehousing and utility industry density (per 1000 people) 4.3 86.1
Wholesale trade industry density (per 1000 people) 8.9 197.8

Median household real income (US$100000 2009) 0.5 0.2
Proportion of families in poverty 0.1 0.1
Unemployment rate 0.1 0.1
Overall hospitalization rate (discharges per capita) 0.2 2.4
Proportion age 0–19 0.3 0.1
Proportion age 20–24 0.1 0.03
Proportion age 25–44 0.3 0.1
Proportion age 45–64 0.3 0.1
Proportion white non-Hispanic 0.6 0.3
Proportion black 0.05 0.1
Proportion Hispanic 0.3 0.2
Proportion male 0.5 0.05
Population density (100000 per square mile) 0.03 0.1
Retail density (hundreds of establishments per square mile) 0.2 1.0
Zip code instability 0.01 0.03

n = 18 517 zip codes over years 2001–11; the average population density is 0.033 × 100 000 people, or 3300 per square mile. SD= standard deviation.
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Local sources of medical need for POs were also an im-
portant driver of hospitalizations: as hypothesized, zip codes
with more hospital discharges with an arthritis diagnosis
and areas with more businesses that might lead to work-
place injury (i.e. the construction and manufacturing in-
dustries) had higher rates of PO-related hospital dis-
charges. Chronic pain and injury can drive greater
medical PO use and thus increase the local supply of POs
[15,35]. A greater availability of POs can create opportuni-
ties for illegal markets to arise, as family/friends are a

primary distribution source of non-medical POs [36]. ‘Pill
brokers’, organized dealers who often source from pharma-
cies or physicians, can also divert a large proportion of POs
for non-medical use [36]. The contribution of work-place-
related sources of medical need for POs was concentrated
in rural and suburban/exurban areas: higher levels of
chronic pain associated with the predominance of manual
labor industries may, partly, explain the higher rates of
non-medical PO use in rural and suburban/exurban com-
pared to urban areas [4]. The effect of manual labor

Figure 2 Estimated growth in relative rate per year by county and the distribution of the population in rural and urban zip codes, California, 2001–
11. Note that the growth in relative rate is estimated after controlling for all of the variables in our model (model 1)

Table 2 Relative rates of prescription opioid hospital discharges associated with zip code characteristics, 2001–11 (n = 18517 zip codes).

Variable description

Model 1 Model 2

Median (95% CI) Median (95% CI)

Time trend 1.06 (1.05, 1.07) 1.05 (1.05, 1.06)
Constant 5.16 (4.01, 6.59) 4.42 (3.42, 5.38)
Pharmacy density (per square mile) 1.02 (1.01, 1.03)
Age-related medical need for prescription opioids
Proportion of hospital discharges with arthritis diagnosis 11.05 (5.87, 22.72) 6.99 (3.99, 11.86)
Proportion of hospital discharges with cancer diagnosis 0.71 (0.44, 1.17) 1.56 (1.07, 2.35)

Work-related medical need for prescription opioids
Agriculture and forestry industry density 1.000 (0.988, 1.005)
Construction industry density (per 1000 people) 1.001 (1.001, 1.002)
Manufacturing industry density (per 1000 people) 1.002 (1.001, 1.004)
Mining industry density (per 1000 people) 1.007 (0.997, 1.014)
Transportation, warehousing, utility industry density (per 1000 people) 1.001 (1.000, 1.001)
Wholesale trade industry density (per 1000 people) 0.999 (0.998, 0.999)

Median household real income (US$100 000 2009) 0.52 (0.48, 0.57)
Proportion of families in poverty 1.04 (0.82, 1.33)
Unemployment rate 0.62 (0.51, 0.75)
Random effects
County-level time trend 0.03 (0.02, 0.04) 0.03 (0.02, 0.04)
County-level random effect 0.21 (0.18, 0.26) 0.23 (0.29, 0.18)
CAR spatial random effect 0.29 (0.28, 0.32) 0.28 (0.26, 0.30)
Non-spatial random effect 0.16 (0.14, 0.18) 0.15 (0.13, 0.17)
Spatial proportion of zip code variance 0.77 (0.72, 0.81) 0.77 (0.71, 0.84)

1Bothmodels controlled for zip code hospitalization rate, age, sex and racial composition, population density, retail density and zip code instability. CAR = con-
ditional autoregressive model; CI = confidence interval.
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industries on PO poisoning also points to an opportunity
for PO abuse prevention interventions in work-place
settings.

PO poisoning discharges were concentrated in areas
with lower household income, but also lower rates of un-
employment. The negative relationship between median

Figure 4 Posterior estimated relative incidence rates of prescription opioid poisoning hospital discharges in California in 2011 contributed by four
combinations of model covariates: % 65+ and arthritis rate; median household income; construction industries per capita and manufacturing industries
per capita (blue collar); and pharmacies per square mile (model 2)

Figure 3 Posterior estimated growth of relative incidence rates of prescription opioid poisoning hospital discharges by zip code for selected years,
California (model 1). Relative rate values are symbolized by quantiles across all 11 years
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household income and PO-related hospital discharges is
consistent with findings reported in prior studies of drug
poisoning, and in particular with prior studies on PO poi-
soning [37]. At the same time, the negative association be-
tween unemployment rates and PO-related hospital
discharges highlights a key distinction between PO abuse
and other types of drug abuse. While areas with lower in-
come have higher rates of PO-related hospital discharges,
this type of substance abuse is not concentrated in themost
economically disadvantaged areas that have high rates of
unemployment. Loss of health insurance associated with
unemployment may reduce access to POs through formal
channels, while the higher street price of POs compared
to heroinmay limit abuse of POs in themost disadvantaged
areas. This finding is consistent with a prior study which
found that while PO poisoning fatalities were concentrated
in lower-income neighborhoods than non-poisoning unin-
tentional fatalities, they were concentrated in higher-
income neighborhoods than heroin poisoning fatalities
[37]. The spatial pattern of the association between income
and PO-related hospital discharges also suggests that lower
levels of income may contribute particularly to PO poison-
ing risk in exurban and rural areas.

The study findings should be considered with the fol-
lowing limitations. First, population-level analyses present
aggregate patterns of PO-related hospital discharges—
hence, we suggest inference regarding the relationships be-
tween characteristics of small areas and rates of PO-related
hospital discharges. However, inferences cannot be made
about the impact of local features of the environment on
the risk of individual-level non-medical PO use. Secondly,
it was not possible to identify themechanisms that connect
ecological features to PO-related hospital discharges rates.
Thirdly, this study used measures of hospital discharges re-
lated to PO poisoning. Hence, we could not make infer-
ences about the spread of less severe types of PO use, PO
poisoning cases that were not hospitalized or PO poisoning
fatalities over space and time. However, with these data we
could evaluate reliably the geographic distribution of seri-
ous, non-fatal manifestations of PO use. Hospitalization
data are highly accurate, have been tested rigorously and
are used widely to estimate diagnoses [38].

Public health implications

While this study focused upon one US state, it also pro-
duces new generalizable findings about the spatial spread
of PO poisoning and about the types of community-level
factors that shape poisoning in rural versus urban areas.
In particular, the concentration of work-place-related
sources of medical need for opioids and lower income
may contribute to the proliferation of PO-related hospital
discharges in rural and suburban/exurban hot-spots of
risk. These findings point to the importance of making

policies to prevent non-medical use of POs among popula-
tions with a medical need for POs a priority in the public
health response to the PO epidemic. This is consistent with
the public health response to the prescription opioid epi-
demic, which has focused efforts particularly upon users
who access opioids through the health-care system. Cur-
rent responses, including regulatory and enforcement ef-
forts to reduce over-prescribing, mandated prescriber
education programs, the release of evidence-based opioid
prescribing guidelines by the Centers for Disease Control,
expansion of prescription drugmonitoring programs, refor-
mulation of prescription opioids and expansion of naloxone
access to treat overdoses and have contributed to a decline
in over-prescribing and non-medical prescription opioid
use [39–47] Our findings also suggest that policies to ad-
dress work-place-related needs for pain management and
investment in screening and treatment programs for PO
abuse in communities with a high prevalence of manual
labor occupations might also be a promising approach to
reduce PO poisoning [48–57]. Further, increased access
to screening and treatment programs by low-income popu-
lations may reduce geographic socio-economic disparities
in PO poisoning. The impact that such strategies could
have on PO poisoning deserves investigation. At the same
time, an important fraction of the spatial spread of poison-
ing rates remains unexplained, suggesting that important
drivers of this problem are still to be discovered.
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4. When your proof review is complete and you are 
ready to send corrections to the publisher click the 
‘Complete Proof Review’ button that appears above 
the proof in your web browser window.  Do not click 
the ‘Complete Proof Review’ button without replying 
to any author queries found on the last page of your 
proof.  Incomplete proof reviews will cause a delay in 
publication. Note: Once you click ‘Complete Proof 
Review’ you will not be able to mark any further 
comments or corrections.  

 

Firefox, Chrome, Safari Users 
If your PDF article proof opens in any PDF viewer other than Adobe Reader or Adobe Acrobat, you will not be able to 
mark corrections and query responses, nor save them.  To mark and save corrections, please follow these instructions 
to disable the built-in browser PDF viewers in Firefox, Chrome, and Safari so the PDF article proof opens in Adobe within 
a Firefox, Chrome, or Safari browser window.  
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