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Abstract

Background—Drug poisoning mortality has increased substantially in the U.S. over the past 3
decades. Previous studies have described state-level variation and urban—rural differences in drug-
poisoning deaths, but variation at the county level has largely not been explored in part because
crude county-level death rates are often highly unstable.

Purpose—The goal of the study was to use small-area estimation techniques to produce stable
county-level estimates of age-adjusted death rates (AADR) associated with drug poisoning for the
U.S., 1999-2009, in order to examine geographic and temporal variation.

Methods—~Population-based observational study using data on 304,087 drug-poisoning deaths in
the U.S. from the 1999-2009 National Vital Statistics Multiple Cause of Death Files (analyzed in
2012). Because of the zero-inflated and right-skewed distribution of drug-poisoning death rates, a
two-stage modeling procedure was used in which the first stage modeled the probability of
observing a death for a given county and year, and the second stage modeled the log-transformed
drug-poisoning death rate given that a death occurred. Empirical Bayes estimates of county-level
drug-poisoning death rates were mapped to explore temporal and geographic variation.

Results—Only 3% of counties had drug-poisoning AADRs greater than ten per 100,000 per year
in 1999-2000, compared to 54% in 2008-2009. Drug-poisoning AADRs grew by 394% in rural
areas compared to 279% for large central metropolitan counties, but the highest drug-poisoning
AADRs were observed in central metropolitan areas from 1999 to 2009.

Conclusions—There was substantial geographic variation in drug-poisoning mortality across
the U.S.

Introduction

The death rate associated with drug poisoning has increased by roughly 300% over the past
3 decades and is now the leading cause of injury death in the U.S.1 Approximately 90% of
poisoning deaths are attributable to illicit or licit drugs,! and prescription drugs account for
the majority of drug overdose deaths.? The increase in deaths associated with drug poisoning
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over the past few decades parallels an increase in the use of prescription drugs, most notably
opioid analgesics.2 Reports from the National Survey of Drug Use and Health indicate that
approximately 2.1% of the U.S. population aged Z12 years has used prescription pain
relievers nonmedically (without a prescription) in the past month, representing more than 5
million Americans.3

Previous studies have described state-level variation in age-adjusted poisoning death rates,
ranging from 7.6 to 30.8 per 100,000 population.14 Moreover, anecdotal reports have
suggested that the increase in the death rate associated with drug poisoning has been greater
for nonmetropolitan or rural areas of the U.S., as compared to metropolitan areas.>8
However, few empirical studies have confirmed this pattern,® and geographic patterns in
death rates associated with drug poisoning have largely been unexplored.

Mapping death rates associated with drug poisoning at the county level may help elucidate
geographic patterns, highlight areas where drug-related poisoning deaths are higher than
expected, and inform policies and programs designed to address the increase in drug-
poisoning mortality and morbidity. Small-area estimation techniques can be used to produce
stable local estimates that may inform surveillance efforts. Several local or state
interventions to address the problem of drug-poisoning mortality have been described in the
literature, such as prescription drug—monitoring programs, substance abuse treatment
programs, policies targeting drug diversion, and local overdose prevention training
programs.210-12 Estimates of the burden of drug-poisoning mortality at the county level
may help inform these initiatives.

Examining geographic variation in drug-poisoning deaths by county poses a number of
challenges. Since drug-poisoning deaths are a rare event, calculating county-level drug-
poisoning death rates based on crude rates will produce highly unstable estimates. The
objectives of this analysis were to use small-area estimation techniques to produce stable
county-level estimates of age-adjusted death rates (AADRS) associated with drug poisoning
for the U.S.,1999-2009, in order to examine geographic and temporal variation in drug-
poisoning deaths.

Data on 304,087 drug-poisoning deaths were obtained from the 1999-2009 National Vital
Statistics Multiple Cause of Death Files.13-12 Deaths were classified using the ICD-10.
Drug-poisoning deaths, which represent a subset of all poisoning deaths, were extracted
based on the following underlying cause of death codes (UCOD): X40-X44 (unintentional);
X60-X64 (suicide); X85 (homicide); Y10-Y14 (undetermined intent). Age-adjusted death
rates due to drug poisoning were calculated by county and year using the direct method and
the 2000 standard population.13-20 Data were analyzed in 2012.

County-level sociodemographic (e.g., racial and ethnic population distribution, age
distribution, population size); socioeconomic (e.g., % poverty, median income, % with less
than high school education); crime (e.g., number of arrests for drug-related crimes); and
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health-related data (e.g., number of hospitals, number of physicians) were drawn from the
Area Resource Files,2! U.S. Federal Bureau of Investigation Uniform Crime Reporting
Program,22 and the decennial U.S. Census?3 for the year 2000. A comprehensive list of
these variables can be seen in Appendix A, available online at www.ajpmonline.org.

Estimated proportions of the population reporting nonmedical use of prescription medication
as assessed by the National Survey on Drug Use and Health were obtained from SAMSHA
for 340-344 substate regions for 2002—2008.2 Counties whose centroid fell within each
substate region were assigned that substate estimated value for nonmedical prescription drug
use. The urban-rural designation of each county as indicated by the National Center for
Health Statistics Urban Rural Classification scheme?4 was also included in all models;
metropolitan counties were classified to one of four levels based on the population size and
proximity to urban centers: large core and large fringe (population Z1 million); medium
(population 250,000-999,999); and small (population 0250,000). Nonmetropolitan counties
were classified as micro-politan or noncore (i.e., rural). Finally, the percentage of deaths for
which the cause of death was pending (at the state level) was included in models because
poisonings account for a large proportion of pending deaths.2>

Data Analysis

Because of the collinearity of the predictor variables, a principal components analysis was
done to create orthogonal component scores that could be included in the models of drug-
poisoning AADRs and to achieve greater parsimony.2% There were eight components with
eigenvalues >1, accounting for approximately 73% of the variance (Appendix A, available
online at www.ajpmonline.org). The predicted scores for the eight components were
included in models as county-level fixed effects. Urban—rural classification, census division,
percentage pending deaths, and percentage of population reporting nonmedical prescription
drug use were not included in the principal components and modeled as separate covariates
in order to examine differences in drug-poisoning mortality by these variables.

Because of the highly non-normal distribution of AADRSs due to poisoning by county, which
is highly zero-inflated and right-skewed, a two-stage modeling procedure was used. Zero
deaths were reported for approximately 31% of county-year observations, and annual county
AADRs ranged from 0 to 222 per 100,000 (SD=10.0). Two-stage models (i.e., hurdle or
mixture models) have been used in many other applications such as pharmacoepidemiology,
economics, and behavioral and nutrition sciences to examine phenomenon characterized by
a zero-inflated and right-skewed distribution.2’-38 The first stage models the probability of
an outcome occurring (e.g., death), and the second stage models the intensity of the outcome
(e.g., AADR) given that it occurred. It is assumed that even though a given county may have
recorded zero deaths in a given year, all counties have an underlying risk of recording a
death due to drug poisoning, even if that risk is small.

County-level random intercepts and fixed effects were included in both steps of the model
using the GLLAMM procedures in Stata 12.1 SE. Mixed-effect models are often used in
small-area estimation, as they can be used to predict empirical Bayes estimates, which
borrow strength across clusters in order to produce more-stable estimates (i.e., shrink
extreme or unstable estimates toward the mean).3940 Logistic regression procedures in
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GLLAMM were used to model the probability of observing no drug-poisoning deaths for a
given county and year. The AADRs due to drug poisoning were log-transformed and then
modeled using the linear regression procedures in GLLAMM (more-detailed descriptions of
the models and sensitivity analyses can be seen in Appendix A, available online at
www.ajpmonline.org).

For each county and year, the predicted posterior probabilities of having a death obtained
from the first step was multiplied by the posterior mean drug-related AADR obtained from
the second step to generate a predicted drug-poisoning AADR for each county and year.
These predictions incorporate both an empirical Bayes estimate for each county, plus the
linear (or log-linear) prediction from the fixed-effects portion of the models.#%41 The
estimated annual predicted AADRSs were then merged with U.S. Census Tiger/Line files and
mapped using ArcGIS2 to explore geographic variation in drug-poisoning deaths and
changes over time. To limit the number of maps when examining time trends, adjacent 2-
year estimates were combined: 1999-2000, 2004-2005, and 2008-2009; however, maps for
each year during 1999-2009 can be seen in Appendix B, available online at
www.ajpmonline.org.

An interaction term between year and the NCHS urban-rural classification scheme was
included to explore differential rates of increase over time by level of urbanization.
Estimated annual predicted AADRs were examined by NCHS urban-rural classification as
well as census division, to determine if there were different time trends by urbanization or
region of the country. Year was modeled linearly. Sensitivity analyses did not indicate any
obvious nonlinear time trends.

Intraclass correlation coefficients (ICCs), proportion change in variance (PCV), and fit
statistics (e.g., Akaike’s information criterion [AIC] and the Bayesian information criterion
[BIC]) were calculated based on null (i.e., no covariates) and fully adjusted (i.e., including
all county fixed effects) models. The ICC is indicative of the between-county heterogeneity
in outcomes (i.e., probability of observing no deaths and the log-transformed AADR). The
PCV describes the proportion of county variation in outcomes that is attributable to the
various covariates included in each of the models. Post hoc pairwise tests were implemented
to compare the annual change in drug-poisoning AADR across urban/rural categories,
corrected for multiple comparisons using Scheffe’s test.43

The mean number of deaths per county ranged from a low of 5.4 in 1999 to a high of 11.8 in
2009. In 1999, the average drug-poisoning AADR across all counties was 3.9 per 100,000
which increased to 12.0 per 100,000 in 2009. The estimated AADRs produced by the two-
stage modeling procedure ranged from a low of 3.6 per 100,000 in 1999 to a high of 12.1 in
2009, and the differences between the estimated AADRs and the raw rates were small;
however, the estimated AADRSs were much less variable, ranging from 0.3 to 53.7 (SD 5.2)
compared to 0 to 222 for the raw rates.
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There were significant differences in the magnitude of the changes in drug-poisoning
AADRs over the past decade by level of urbanization, as indicated by the interaction term
between year and rural-urban category and post hoc comparison tests (Figure 1). Large
central metropolitan areas had the highest AADRs across all time periods (Figure 2). Rural
counties had the lowest AADRs in 1999, but increased more rapidly than the small metro-
and micro-politan counties so that similar drug-poisoning AADRs were observed for all
these categories in 2009. However, AADRs among central and medium metropolitan areas
also increased fairly rapidly, and remained substantially higher than rates observed for
fringe, small metropolitan, micropolitan, and rural counties in 2009. Large central
metropolitan areas demonstrated the largest annual increase in drug-poisoning AADRs, and
these changes were significantly higher than those seen for large fringe, small, and
micropolitan counties. Annual increases were also more rapid for medium metropolitan and
rural areas as compared to small or micropolitan counties (Figure 1).

Similar time trends by region of the country can be seen in Figure 3. Estimated drug-
poisoning AADRs were roughly similar in 1999 across most regions of the country (with the
exception of the West North Central, which had very low drug-poisoning AADRs
throughout the study period). Over time, estimated rates diverged, with the highest AADRs
in 2009 observed for the Pacific, Mountain, and East South Central regions and the lowest
observed for the West North Central.

Figure 4 illustrates the geographic patterns in drug-poisoning mortality over time (annual
estimates for 1999-2009 can be seen in Appendix B, available online at
www.ajpmonline.org). In 1999-2000, the vast majority of counties (72%) had estimated
drug-poisoning AADRs of less than five per 100,000 per year. Only 3% had estimated
AADRs of ten or more per 100,000 per year. By 2008-2009, only 10% of counties had
estimated drug-poisoning AADRSs less than five per 100,000 per year, and 54% of counties
had estimated AADRSs of ten or more per 100,000 per year.

Model Fit and Evaluation

Table 1 describes the results of the two-stage models. Overall, the fully adjusted models
explained approximately 75% of the county-level variance in probability of observing zero
deaths, and the ICC was reduced from 0.7 to 0.3. In Stage-2 models, approximately 49% of
the between-county variance in AADR was explained by the covariates included, and the
ICC decreased from 0.4 to 0.3. Approximately 26% of the within-county variance in log-
AADR was explained by the included covariates.

Although the residuals from each individual stage of the models did not display any obvious
violations of assumptions, the overall “quasi-residual” differences between actual AADR
and predicted AADR were correlated highly with actual AADR (r2 =0.74). In other words,
the final estimated AADR produced by the two-stage modeling procedure resulted in
underestimates of AADRs in areas where actual AADRSs were very high. One consequence
of this is that the overall quasi-residuals were much larger and more variable for rural
counties (Appendix C, available online at www.ajpmon line.org).

Am J Prev Med. Author manuscript; available in PMC 2015 November 25.



1duosnue Joyiny 1duosnue Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Rossen et al.

Page 6

Rural counties, on average, had very low probabilities of observing a death but some of the
highest death rates due to drug poisoning. When looking only at counties that recorded a
death for a given year (i.e., Stage 2 of the modeling procedure), the drug-poisoning AADRs
were higher for rural areas compared to all other categories of urbanization, although rates
increased at a similar pace from 1999-2009 for both rural areas and central cities (Figure 5).

Discussion

Drug-poisoning fatalities have increased by more than 300% across the U.S. over the past 10
years. Although only 3% of counties had drug-poisoning AADRs of more than ten per
100,000 per year in 1999-2000, 54% had annual AADRs of more than ten per 100,000 in
2008-2009. There was substantial geographic variation in drug-poisoning mortality and
increases over time. For example, drug-poisoning AADRs were lowest in the West North
Central area of the U.S. throughout the study period. Although the Pacific, Mountain, and
East South Central areas of the U.S. had drug-poisoning AADRSs that were similar to those
in other areas of the country in 1999, poisoning mortality increased rapidly in these regions
over time; the highest AADRs were observed in these areas in 2009. Maps of drug-
poisoning mortality over time illustrated that AADRs greater than 29 per 100,000 per year
were largely concentrated to Appalachian counties in 1999-2000; by 2008-2009, counties
across the entire U.S. displayed AADRs of more than 29 per 100,000 per year. These high
rates could be seen in Alaska, Hawaii, the entire Pacific region, New Mexico, Oklahoma,
Appalachia, the southern coasts of Louisiana and Mississippi, Florida, and New England.

Increases in drug-poisoning AADRs were larger in rural areas, where drug-poisoning death
rates grew by 394% as compared to 279% for large central metropolitan counties. These
findings are consistent with previous research looking at poisoning mortality due to
narcotics from 1999 to 2004° and suggest that this pattern has continued through 2009.
Although the urbanization by time interaction was significant and results suggest that
AADRs increased to a larger degree in rural areas, drug-poisoning mortality was higher for
central urban areas compared to rural areas across the study period. The interaction suggests
that both central metropolitan and rural areas experienced similar absolute rates of increase
(i.e., slopes) in drug-poisoning AADRs from 1999 to 2009; and that these rates of increase
were more rapid than those seen in fringe or small metropolitan or micropolitan areas.
However, because the AADRSs in rural areas were substantially lower in 1999 as compared
to central cities, the percentage increase was larger for rural areas over time (394%)
compared to urban (279%).

A few, but not all, studies have reported similar patterns. For example, one study** of West
Virginia reported more rapid increases in drug-poisoning fatalities in rural areas compared
to metropolitan areas, whereas another study° reported no differences in mortality by
population density. Another study in Oklahoma also reported larger increases in overdose
death rates from 1997 to 2006 in rural areas as compared to urban areas.*6 Other larger
studies utilizing national vital statistics have reported similar findings to those presented
here, whereby larger increases in drug-poisoning mortality were evidenced by rural areas as
compared to larger metropolitan cities.®
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There are several factors that could contribute to inconsistent findings with respect to urban—
rural differences in drug-poisoning mortality. First, urban—rural classification could be
serving as a proxy for geographic variation, particularly in studies that examine limited
geographic areas. As the maps show, there is a large concentration of extremely high drug-
poisoning fatalities in Appalachia, which encompasses rural areas across several states,
whereas rural areas in other states such as North and South Dakota or New York have very
low rates. Second, previous studies have not used small-area estimation techniques to
examine drug-poisoning mortality by county or two-stage modeling procedures to account
for the zero-inflated and right-skewed distribution of AADRs. Therefore, it is unclear
whether previous findings may have been a consequence of unstable rate estimation in areas
with small populations or the result of an underlying pattern where rural areas exhibit higher
drug-poisoning mortality and more rapid increases over time (or both).

Given that a death occurred, the AADRSs in rural areas were higher than those observed for
more metropolitan areas. However, most rural counties in the U.S. had very low predicted
probabilities of having a death; 88% of the zero deaths observed for a given county in a
given year occurred in rural counties. Subsequently, the two-stage modeling procedure that
combined the probability of observing a death with the estimated death rate reduced extreme
AADRs in areas with low probabilities (i.e., rural counties). This is exactly the purpose of
using small-area estimation techniques, as these procedures generate stable rates by
borrowing information across counties and shrinking extreme values; but there is a tradeoff
between improving the stability of rates and accurately capturing extreme values.

The small-area estimation technique utilized did not account for spatial dependence in
generating county-level estimates. In other words, the modeling approach utilized
information from counties with similar characteristics to shrink extreme values toward the
mean. However, information about the proximity of counties was not used to inform these
estimates. Alternative strategies that account for potential spatial dependencies by shrinking
estimates toward local means,*”:48 or hierarchical Bayes,*9-52 could be explored in future
studies in this area. However, Datta and Ghosh®3 have noted that small-area estimates are
typically robust to the frequentist or Bayesian method of estimation.

There are a few additional limitations of this analysis worth noting. Poisoning deaths, which
often require lengthy investigations, are typically among the causes that remain pending at
the close of the file. Although the percentage of pending cases at the state level was included
as a covariate, it is possible that drug-poisoning deaths were underestimated, and it is
unknown whether these underestimates may vary by county and year in a systematic way.>*
Additionally, examination of the quasi-residuals—the difference between actual AADRS
and the predicted—highlighted that predicted AADRSs underestimated drug-poisoning
AADRs in areas where rates were extremely high. Future research is needed to determine
whether this underestimation is a result of the two-stage modeling and small-area estimation
methods, residual spatial variation, or omitted variables such as physician prescribing
patterns of narcotics by county or prevalence of doctor-shopping and drug-diversion.*
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Figure 1.
Annual change in age-adjusted death rate due to drug poisoning by urban/rural status

*Significant differences between groups, adjusted for multiple comparisons using Scheffe’s
test
AADR, age-adjusted death rate
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Figure 2.
Age-adjusted death rates due to drug poisoning in the U.S. by level of urbanization, 1999—

2009
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Figure 3.
Age-adjusted death rates due to drug poisoning in the U.S. by region of the country, 1999-

2009
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Page 14

Maps of predicted age-adjusted death rates due to drug poisoning (per 100,000), 1999-2000,

2004-2005, 2008-2009
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Figure5.
Age-adjusted death rates due to drug poisoning, given that a death was observed, by level of

urbanization, 1999-2009
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Table 1

Variance and model diagnostics from Stage 1 and 2 null and adjusted models

Stage 1: probability of zerodeaths  Stage 2: log-transformed AADR

Model diagnostics Null Adjusted Adjusted Adjusted
Random effects?

Level-1 variance - - 0.3 0.3

Level-2 variance 6.2 0.3 0.2 0.1
Fit statistics

-2 log-likelihood 31394.2 26623.4 47276.2 39288.9

AIC 31398.2 26665.4 47282.2 39344.9

BIC 31415.1 26842.9 47306.4 39571.1

ICC 0.7 0.3 0.4 0.3

PCV Level 1 - - - 26%

PCV Level 2 - 75% - 49%

a . - . . - - . .

Level-1 variance refers to the within-county variance in log-AADR (due to within-county variation over time); Level-2 variance refers to the
between-county variance in probability of observing no deaths or the log-AADR. GLLAMM does not calculate within-county variance for logistic
models.

AADR, age-adjusted death rate; AIC, Akaike’s information criterion; BIC, Bayesian information criterion; ICC, intraclass correlation coefficient;
PCV, proportion change in variance
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