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Abstract

Background: Prescription opioid overdose (POD) and heroin overdose (HOD) rates have
quadrupled since 1999. Community-level socioeconomic characteristics are associated with opioid
overdoses, but whether this varies by urbanicity is unknown.

Methods: In this serial cross-sectional study of zip codes in 17 states, 2002-2014 (n = 145,241
space-time units), we used hierarchical Bayesian Poisson space-time models to analyze the
association between zip code-level socioeconomic features (poverty, unemployment, educational
attainment, and income) and counts of POD or HOD hospital discharges. We tested multiplicative
interactions between each socioeconomic feature and zip code urbanicity measured with Rural-
Urban Commuting Area codes.
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Results: Percent in poverty and of adults with < high school education were associated with
higher POD rates (Rate Ratio [RR], 5% poverty: 1.07 [95% credible interval: 1.06-1.07]; 5% low
education: 1.02 [1.02-1.03]), while median household income was associated with lower rates
(RR, $10,000: 0.88 [0.87-0.89]). Urbanicity modified the association between socioeconomic
features and HOD. Poverty and unemployment were associated with increased HOD in
metropolitan areas (RR, 5% poverty: 1.12 [1.11-1.13]; 5% unemployment: 1.04 [1.02-1.05]), and
median household income was associated with decreased HOD (RR, $10000: 0.88 [0.87-0.90]). In
rural areas, low educational attainment alone was associated with HOD (RR, 5%: 1.09 [1.02-
1.16]).

Conclusions: Regardless of urbanicity, elevated rates of POD were found in more economically
disadvantaged zip codes. Economic disadvantage played a larger role in HOD in urban than rural
areas, suggesting rural HOD rates may have alternative drivers. Identifying social determinants of
opioid overdoses is particularly important for creating effective population-level interventions.
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Introduction

North America is in the midst of an opioid abuse epidemic. Rates of opioid overdose deaths
in the United States (US) increased more than 400% since 1999, resulting in over 42,000
deaths in 2016 alone (Centers for Disease Control and Prevention, 2018). Nonfatal
overdoses are even more common (Darke et al., 2003; Paulozzi et al., 2012).

There is substantial variation in rates of prescription opioid overdose (POD) and heroin
overdose (HOD) between and within states over time as well as spatial clustering of
particularly high rates in the Rust Belt and Industrial North (Paulozzi, 2011; Ruhm, 2017).
Rates of fatal POD grew much faster in rural than urban areas at the start of the epidemic
(Paulozzi and Xi, 2008), and largely rural states, such as West Virginia and Ohio, have some
of the highest rates of POD mortality in the country (Rudd et al., 2016). Studies in Australia
and Canada have also found POD to be more concentrated in rural areas, suggesting that at
least some of the rural-urban differences in risk cut across national boundaries (Rintoul et
al., 2011; Pulver et al., 2014). In contrast to POD, heroin has been thought of as an urban
problem that has only affected rural and suburban areas more recently (Cicero et al., 2014;
Quinones, 2015). The spatial patterns of nonfatal opioid overdoses remain less clear.

Low-income communities with multiple macroeconomic stressors (e.g., high
unemployment, poverty, and low education) have been disproportionately affected by drug
use over time, yet we know little about the relationship between macroeconomic conditions
and opioid overdose. Descriptive data indicate that lower income groups, such as those
enrolled in Medicaid, show higher rates of opioid overdose (Coolen et al., 2009; Compton et
al., 2016), and ample evidence exists about the role played by features of the spatial context
such as unemployment, poverty, and median household income in shaping other types of
drug use (Boardman et al., 2001; Galea et al., 2003). There are multiple mechanisms through
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which community-level economic stressors could influence opioid overdose rates, including
lack of access to health care, low informal social control and social cohesion among
neighbors, and availability of isolated spaces where people can use drugs and overdose
without being identified by anyone who could get help (Galea et al., 2003, 2004, 2005). Also
consistent with a self-medication hypothesis, communities with a greater concentration of
economic stressors such as poverty, unemployment, and low educational attainment may
exhibit higher rates of opioid overdose as residents misuse opioids to manage chronic stress
stemming from direct (personal) or indirect (community) exposure to economic hardship
and the ensuing symptoms of depression and anxiety (Boardman et al., 2001).

Moreover, the impact of community macroeconomic conditions on POD and HOD may vary
between rural and urban areas. The consequences of exposure to economic stressors, such as
mental health complications or substance abuse, could be exacerbated in rural areas where
at-risk residents lack accessible medical and social services, evidence-based treatment
programs, and public transportation options that are widely available in urban areas (Laditka
et al., 2009; Pullen and Oser, 2014; Schroeder, 2017). Therefore, residents in economically
disadvantaged rural areas may be less able to access treatment than their urban counterparts,
potentially increasing the risk of opioid use and overdose associated with these local
economic stressors.

Only one previous study, to our knowledge, has evaluated the association between the
economic characteristics of local communities and opioid overdose across multiple states
and years (Hollingsworth et al., 2017); however, this study did not account for spatial
autocorrelation among neighboring communities nor did it compare these relationships
between urban and rural areas. Not adjusting for spatial autocorrelation can result in
artificially narrow confidence intervals, increasing Type 1 errors. Further, if economic
characteristics have a different effect on POD and HOD in rural and urban areas, pooled
results will “average out” such variation and ignore risks that are specific to one of these two
contexts, thus missing potential areas for intervention. The current study aims to fill these
gaps. We intend to advance the understanding of the social drivers of POD and HOD across
the US by examining the distribution of inpatient hospital discharges related to POD and
HOD across zip codes in 17 geographically and culturally diverse states from 2002-2014.
Specifically, our study aims to answer the questions: 1) Are zip code-level economic
characteristics associated with zip code-level hospital discharges for POD and HOD? and 2)
Do these relationships vary by level of urbanicity?

Methods

This ecological time-series study evaluated the association between zip code-level economic
characteristics and zip code-level hospitalizations for POD and HOD from 2002 to 2014
across 17 states for which we had spatially identified hospitalization data across the study
period: Arizona, Arkansas, California, Colorado, Florida, lowa, Kentucky, Michigan, North
Carolina, Nebraska, New Jersey, New York, Oklahoma, Oregon, South Carolina, Vermont,
and Washington (n = 145,241 space-time units). These states represent all Census Bureau
designated geographic divisions of the United States (United States Cansus Bureau, 2018)
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and have diverse populations and varying rates of POD and HOD. The study period
adequately captures the precipitous rise of both POD and HOD in the country.

2.1 Data sources and variables

2.1.1 Outcome measures.—Annual 5-digit zip code-level counts of community
hospital discharges related to POD and HOD for patients aged 12 years and older were
obtained through the Healthcare Cost and Utilization Project’s State Inpatient Databases for
all states other than Arkansas, California, Oklahoma, and South Carolina; data for the latter
states were obtained through separate requests to the state governments. Community
hospitals include all short-term, non-Federal hospitals and exclude hospital units within
other institutions (e.g., prisons) (Agency for Healthcare Research and Quality, 2018).
Roughly 2% of POD-related discharges and 4% of HOD-related discharges were fatal.

POD-related discharges were identified with the International Classification of Diseases,
Ninth Revision, Clinical Modification (ICD-9-CM) diagnostic codes for opium poisoning
(965.00), methadone poisoning (965.02), and poisoning by other opioids (965.09), and with
external cause of injury codes for accidental poisoning by methadone (E850.1) and
accidental poisoning by other opiates (E850.2). These codes do not distinguish between licit
and illicit drug use. HOD-related discharges were identified with the ICD-9-CM diagnostic
code for heroin poisoning (965.01) and the external cause of injury code for accidental
poisoning by heroin (E850.0). We searched all primary and secondary diagnoses, as well as
external cause of injury codes, over the study period to identify the number of opioid
overdoses per zip code-year. Location was based on patients’ residential zip code at the time
of hospitalization.

2.1.2 Exposure measures.—We measured four indicators of zip code-level economic
characteristics: percent of families in poverty (“poverty”), percent of unemployed adults
(“unemployment”), percent of residents aged 25 and older with a high school education or
less (“low education”), and median household income (“income”). Annual estimates on
poverty, unemployment, education, and income were obtained from GeoLytics, Inc.
(GeolLytics, 2016).

Zip code urbanicity was measured with a modified version of the United States Department
of Agriculture’s (USDA) 2010 Rural-Urban Commuting Area codes, which are based on
data from the 2010 Census and 2006—-2010 American Community Survey. These codes are
updated every 10 years but are not directly comparable over time due to reconfiguration of
census tracts and changes in census methodologies. To ensure an adequate number of zip
codes in each strata, we collapsed the 10 USDA categories into the following 4 categories: in
metropolitan zip codes, 10% or more of the commuting flow was into an urbanized area of
at least 50,000 residents; in micropolitan zip codes, 10% of more of the commuting flow
was into a large urban center of 10,000-49,999 residents; in small town zip codes, 10% or
more of the commuting flow was into a small urban center of 2,500 to 9,999 residents; and
in rural zip codes, the primary commuting flow was to areas outside of urbanized areas or
urban centers having fewer than 2,500 residents (USDA Economic Research Service, 2016).
Zip codes with no population were coded as rural.
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2.1.3 Covariate measures.—Additional zip code-level features were included as
covariates if they were theorized to confound the association of interest. We controlled for
differences in demographic features, namely: percentages of resident who were non-
Hispanic white, male, and aged 20-24, 25-44, 45-64, and 65+. Annual demographic and
economic estimates were obtained from GeoLytics, Inc. at the block group level. Variables
were aggregated up to the zip code by assigning block group values to all Census blocks
nested within each zip code and then aggregating these to zip codes using appropriate block
weights. To account for varying access to inpatient medical care, we also used the
aforementioned hospital discharge data to control for differences in baseline hospital use
measured by the total number of hospital discharges per capita.

2.2 Data analysis

Because zip code boundaries are frequently redefined by postal authorities, we used a
Bayesian space-time misalignment Poisson model (Zhu et al., 2013) to analyze the
association between economic characteristics and counts of hospital discharges related to
POD or HOD across levels of urbanicity. These models use conditional autoregressive
(CAR) random effects to control for spatial autocorrelation of outcome rates between
adjacent zip codes within each year. The CAR approach helps to avoid Type 1 errors that can
arise from a lack of independence between neighboring zip codes, helps to avoid small-area
biases by letting estimates in low-population zip codes “borrow strength” from nearby zip
codes (Waller and Gotway, 2004), and accounts for excess zero counts as well as negative
binomial specifications (Lord et al., 2005; Aguero-Valverde and Jovanis, 2006).

Our analysis included four main models: two examining POD and the other two examining
HOD. For each outcome, the base model did not include any interactions, and the full model
included multiplicative interactions between each economic characteristic and the 4-level zip
code urbanicity variable. Models 1 and 2, the POD and HOD base models, included the
following annual zip code covariates: urbanicity, poverty, unemployment, low education,
income, race, gender, age, baseline hospital use, year, state, CAR-spatial and non-spatial
random intercepts, and county random effects. Models 3 and 4, the full POD and HOD
models, included everything in the base models as well as multiplicative interactions
between urbanicity and poverty, urbanicity and unemployment, urbanicity and low
education, and urbanicity and income. The time trend was modeled as a linear function in all
models. Alternative specifications of the time trend were tested, but none improved model
fit. State fixed effects were included to adjust for all time-invariant sources of differences
across areas. Likelihood ratio tests were used to determine whether the interaction terms
improved model fit. To get estimated associations for a given level of urbanicity, we
calculated a linear combination of the estimate for the reference group (metropolitan) and
the interaction term. A rate ratio (RR) was determined to be statistically significant when its
associated 95% credible interval (ClI) did not include the null (1.00).

Rate differences were approximated by multiplying the mean population weighted rate of
POD or HOD by the rate ratio for a given determinant, estimating the counterfactual rate for
the population if all zip codes were to have a unit increase in that determinant (e.g., to
estimate the population POD rate if every zip code’s income were to increase by $10,000,
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we multiplied the mean rate of POD by the RR for income). Finally, we subtracted the
counterfactual rate by the observed mean rate to approximate the rate difference.

Analyses were performed with WinBUGS version 1.4.3 software (Lunn et al., 2000).
Models were allowed to burn-in for 10,000 to 500,000 Markov Chain Monte Carlo (MCMC)
iterations, which were sufficient for all parameter estimates to stabilize and converge
between two chains with different initial values. Posterior estimates were then sampled for
an additional 50,000 iterations.

This study was approved by the Institutional Review Board at the University of California,
Davis.

3. Results

Table 1 presents descriptive zip code-level characteristics stratified by zip code urbanicity.
POD and HOD were concentrated in different areas of the country. The population-weighted
average annual crude rate of hospital discharges related to POD ranged from 24.3 cases per
100,000 residents in micropolitan zip codes to 18.8 cases per 100,000 residents in
metropolitan zip codes. Average annual rates of hospital discharges related to HOD were
highest in metropolitan zip codes (2.6 per 100,000) and lowest in rural zip codes (0.6 per
100,000). Indicators of economic stressors tended to decrease with zip code urbanicity, with
small town zip codes often faring the worst, on average. Figure 1 presents maps of the
smoothed crude rates of POD at the beginning, middle, and end of our study (i.e., 2002,
2008, and 2014). This is repeated for HOD in Figure 2. A map of the urban-rural distribution
of zip codes included in our study is included as Supplemental Figure 11,

Table 2 presents the overall association between the four economic characteristics and each
of our opioid outcomes as computed by the base models without interaction terms. Across
all zip codes, each 5% increase in families in poverty was associated with a 7% increase in
POD (95% CI: 1.06-1.07) and a 12% increase in HOD (95% ClI: 1.10-1.13). A 5% increase
in unemployment was not significantly associated with POD (RR: 1.01, 95% CI: 1.00-1.02)
but was associated with a 3% increase in HOD (95% CI: 1.02, 1.05), while a 5% increase in
residents aged 25 and older with a high school education or less was associated with a 2%
increase in POD (95% Cl: 1.02-1.03) and a (not significant) 1% increase in HOD (95% CI:
1.00-1.02). Higher median household income was associated with decreased overdose rates:
each $10,000 increase in median household income was associated with a 12% decline in
both POD (95% CI: 0.87-0.88) and HOD (95% CI: 0.87-0.90).

The full POD model did not improve the model fit over the base model (likelihood ratio test
p-value = 1.00), suggesting that the association between the four economic characteristics
and POD did not vary significantly by urbanicity.

Role of the Funding Source
The funding sources played no role in the study design, the collection, analysis, or interpretation of data, the writing of the manuscript,
or the decision to submit the manuscript for publication.
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In contrast, relationships between economic stressors and HOD varied substantially across
levels of urbanicity (likelihood ratio test p-value: 0.01). Detailed results of the full HOD
model with interactions are presented in Table 3. In metropolitan areas, all stressors except
education were significantly associated with HOD. Poverty and unemployment were
associated with more HOD (RR, 5% increase in poverty: 1.12 [1.11-1.13]; RR, 5% increase
in unemployment: 1.04 [1.02-1.05]), and income was associated with less HOD (RR per
$10,000: 0.88, 95% CI: 0.87-0.90). In micropolitan zip codes, increased poverty was
associated with increased HOD rates (RR, poverty: 1.08 [1.01-1.16]), but the associations
with unemployment, education, and income did not reach significance. None of the
economic stressors were significantly associated with HOD in small town zip codes.
However, in rural areas, low education was a significant risk factor for HOD (RR, per 5%
increase in low education: 1.09 [1.02-1.16]). Our data also suggest that higher income may
be associated with increased HOD, though the credible interval for this estimate contained
the null (RR, per $10,000: 1.16, 95% CI: 0.99-1.34). The associations with poverty and
unemployment were not significant in rural zip codes.

These rate ratios reflect fairly modest changes in the absolute rates of POD and HOD.
Income was associated with the largest approximated rate differences for both types of
overdose. On average across all zip codes, an increase of $10,000 in median household
income would be associated with a decrease in POD of 2.56 cases per 100,000 (95% ClI:
-2.77, —2.56). In metropolitan zip codes, an increase of $10,000 in median household
income would be associated with a decrease the average annual HOD rate by 0.31 cases per
100,000 (95% CI: —0.33, —0.26).

4. Discussion

Our study shows that across 17 states in 2002—-2014, opioid overdoses were concentrated in
more economically disadvantaged zip codes, indicated by higher rates of poverty and
unemployment as well as lower education and median household income. Furthermore, the
associations between economic stressors and HOD varied substantially by zip code
urbanicity. In the most urban areas, HOD was concentrated in communities marked by
poverty, unemployment, and/or low median household income, while in the most rural areas,
only limited educational attainment was associated with increased HOD.

The finding that communities with greater economic stress tend to have higher rates of
opioid overdose can be understood by tracing opioid abuse to upstream causes, including
restricted economic opportunities, limited access to health care, and social disadvantages
(Dasgupta et al., 2018). Community poverty, unemployment, and low educational attainment
can create an environment of entrenched stress and despair that fosters drug use among
residents, including abuse of opioids (Galea et al., 2003). Moreover, once drug use has been
initiated, individuals in economically disadvantaged neighborhoods have a harder time
quitting, possibly due to the presence of established drug-use networks in these areas (Nandi
et al., 2010), high exposure to daily life stressors such as insecure employment that make it
difficult to attend and adhere to substance abuse treatment regimens (McLellan et al., 2000),
and lack of access to social networks to support treatment adherence (Panebianco et al.,
2016). There are, additionally, environmental barriers to accessing substance abuse treatment
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in economically disadvantaged areas, such as neighborhood violence (Tung et al., 2018), as
well as financial barriers that prevent residents from accessing high-quality, private drug
treatment programs (Abraham et al., 2013). Higher income, on the other hand, is indicative
of access to a larger number of health resources and social capital (Altschuler et al., 2004),
both of which work to prevent the occurrence of opioid overdoses.

Our findings from the base models are also largely supported by the extant literature. Studies
of Wisconsin, West Virginia, and San Francisco found community-level poverty to be a risk
factor for opioid overdoses (Hall et al., 2008; Meiman et al., 2015; Visconti et al., 2015).
County unemployment was found to be a risk factor for fatal HOD nationwide and nonfatal
HOD in 5 states (Hollingsworth et al., 2017). Single state individual- and county-level
studies have shown low education to be associated with increased POD (Hall et al., 2008;
Han et al., 2012) and with drug overdose mortality overall (Zoorob and Salemi, 2017).
Previous studies have also found low household income to be associated with nonmedical
use of prescription opioids among adolescents (Sung et al., 2005), with POD at the zip code
level in California (Cerda et al., 2016), and with heroin use nationwide (Jones et al., 2015).
It is important to note that results from individual- and community-level studies should not
be conflated. For example, our findings of risks associated with zip code-level economic
stressors means that the economic characteristics of one’s zip code (e.g., percent
unemployed) confer risks and benefits to individuals within that zip code irrespective of
whether or not those individuals have the corresponding individual-level economic risk
factor (e.g., personal unemployment). By evaluating economic features of zip codes over
multiple states and years, we were able to answer questions not previously addressed by
individual-level studies or by studies with limited geographic coverage.

The relationships between community economic features and opioid overdose varied by area
urbanicity for HOD but not for POD. This may be understood, in part, as stemming from the
differences in availability of POs and heroin. The availability-proneness theory of drug use
posits that drug use occurs when individuals who are prone to using are exposed to high
availability (Smart, 1980). It is possible that the most salient feature of urbanicity for opioid
use is drug availability. If this is true, it would make sense that we would not see
modification by urbanicity for POD because POs are widely available in both urban and
rural areas. Heroin, on the other hand, is much more available in urban rather that rural
areas.

In metropolitan areas, increased poverty and unemployment were associated with higher
rates of HOD, and increased income was associated with lower rates of HOD. This is
consistent with the availability-proneness theory, which would predict areas with both high
availability (metropolitan areas) and proneness (areas with socioeconomic stressors) would
have the highest rates. In rural areas, however, higher rates of HOD were only found in zip
codes with higher percent of adults with a high school education or less. In areas with low
availability, heroin users are likely to have comparatively high proneness than users in areas
with high availability. It is possible that this is harder to capture with area-level measures,
which would explain why most socioeconomic stressors were not associated with HOD in
rural areas. It is also possible that some socioeconomic indicators matter more for HOD in
rural than in urban areas for contextual reasons (e.g., cultural norms about drug use, services
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available, etc.). To ascertain the role that drug availability has on HOD, future studies should
examine whether distance to urban centers modifies the impact that economic features in
rural communities have on HOD.

This study’s findings should be considered in light of several strengths and limitations. We
were able to add substantially to the literature, as this is the first study to our knowledge to
examine the role that economic stressors in small areas play in shaping POD and HOD
across 17 states from all regions of the country and across different levels of urbanicity.
Previous community-level studies have had limited generalizability due to geographically
restricted samples, and most were analyzed at larger levels of resolution, such as the county.
Our focus on zip codes allowed us to examine the impact of economic features at a spatial
dimension where they are likely to affect individual behaviors—that is, in local
neighborhoods. In addition, we used statistical methods that allowed us to account for the
substantial spatial autocorrelation in overdoses across zip codes. This improves the accuracy
of standard errors by adjusting for failure of independence between spatial units. Finally, we
were able to compare the impact of community economic characteristics on prescription
opioid and heroin nonfatal overdoses, whereas previous studies have tended to focus on fatal
overdoses cause by either POs or heroin but not both.

Limitations of this study include potential time-dependent confounding; for example, areas
with lower education are likely to also have lower median income, and people living in areas
with lower income are, in turn, less able to afford higher education. However, insofar as we
are controlling for mediation, the estimates for variables with time-dependent confounding
should be conservative. Also, our data are limited to community hospital discharges from 17
states, so we were unable to capture overdose cases that presented at the emergency room,
federal hospitals, long-term acute care facilities, or in states outside of our study area. In
addition, there may be some uncertainty regarding the accuracy of hospital discharge data,
which rely on the transcription of doctors’ notes by medical coders; however, ICD-9-CM
diagnostic codes have previously been found to have a high positive predictive value for
identifying opioid overdose (Reardon et al., 2016). Finally, it is possible that zip codes do
not represent meaningful community boundaries, although it is a better approximation that
the county, which has been used in previous studies.

5. Conclusions

This ecological multi-state study suggests that community-level opioid overdose may be
partly driven by community-level macroeconomic conditions. Across 17 states, higher rates
of prescription opioid and heroin overdose were found in areas characterized by
socioeconomic deprivation. While economic stressors were associated with POD across
rural and urban areas, they seemed to play a particularly important role in HOD in urban
areas. This suggests that the social determinants of heroin overdose may differ across rural
and urban areas. While the magnitudes of our findings were relatively small, this study adds
to the limited body of research on contextual factors related to POD and HOD. As the
United States searches for population-level solutions to the opioid crisis, identifying the
social drivers of this problem is a particular priority.
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Highlights
. Prescription opioid overdose is concentrated in economically disadvantaged
areas.
. Economic stress plays a larger role in heroin overdoses in urban than rural
areas.
. Alternative contextual factors may be driving heroin overdoses in rural areas.
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Figure 1.
Quintiles of zip code rates of hospital discharges for POD in select years.
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Figure 2.
Quintiles of zip code rates of hospital discharges for HOD in select years.
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Table 1.
A .. . . ..a
Descriptive statistics by zip code urbanicity.

Characteristic Metropolitan Micropolitan Small town Rural
Zip code-year units 96,234 22,449 16,732 34,017
POD rate per 1000007 18.84 (20.56) 24.33 (27.66) 22.00 (37.31) 20.21 (196.37)
HOD rate per 1000007 2.58 (8.61) 1.07 (4.21) 0.62 (3.99) 0.61 (7.87)
Poverty (%) 9.29 (8.21) 12.04 (7.00) 14.21 (8.78) 12.59 (7.90)
Unemployment (%) 7.44 (7.40) 8.07 (6.65) 8.75 (7.25) 8.09 (8.02)
< HS education (%) 46.99 (16.84) 57.97 (12.73) 60.82 (12.65) 57.34 (12.63)
Income ($) 60,618 (24,541) | 43,926 (10,463) | 40,533 (10,043) | 41,693 (11,085)
White (%) 69.87 (25.42) 80.59 (19.59) 79.05 (21.27) 82.64 (21.42)
Male (%) 49.56 (3.90) 50.01 (3.51) 49.84 (3.27) 49.59 (7.19)
Age 65+ (%) 14.80 (7.00) 15.95 (5.13) 16.47 (5.31) 18.35 (6.35)

b | 9.79 (3.64) 10.85 (3.87) 11.14 (4.97) 10.70 (6.52)

Hospital discharges per 100 people
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a. All characteristics are described with mean (SD), except for zip code-time units, which are described by the total N per level of urbanicity.

b . .
. Population-weighted average annual rates
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Table 2.

Adjusted rate ratios for zip code-level POD and HOD.

POD HOD
RR 95% ClI RR 95% ClI
Urbanicity
Metropolitan 1.00 | (Ref) 1.00 | (Ref)
Micropolitan 0.97 | (0.94,0.99) | 0.68 | (0.63,0.75)
Small town 0.91 | (0.89,0.94) | 0.42 | (0.37,0.48)
Rural 0.77 | (0.75,0.80) | 0.34 | (0.29, 0.39)
Poverty (per 5%) 1.07 | (1.06,1.07) | 1.12 | (1.10,1.13)
Unemployment (per 5%) | 1.01 | (1.00,1.02) | 1.03 | (1.02, 1.05)
< HS education (per 5 %) | 1.02 | (1.02,1.03) | 1.01 | (1.00, 1.02)
Income (per $10,000) 0.88 | (0.87,0.88) | 0.88 | (0.87,0.90)
White (per 5%) 1.05 | (1.05,1.05) | 1.02 | (1.01,1.02)
Male (%) 0.98 | (0.98,0.98) | 1.01 | (1.01, 1.02)
Age 20-24 (%) 0.95 | (0.95,0.96) | 0.97 | (0.95,0.98)
Age 25-44 (%) 0.99 | (0.99,1.00) | 1.01 | (1.00,1.01)
Age 45-64 (%) 1.02 | (1.02,1.02) | 1.03 | (1.03,1.04)
Age 65+ (%) 0.99 | (0.99,1.00) | 1.00 | (1.00,1.01)
Discharges per capita 1.02 | (1.01,1.02) | 1.02 | (1.01,1.02)
Year 1.07 | (1.07,1.07) | 1.09 | (1.08,1.10)

Bold indicates 95% CI does not include the null.
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Table 3.
Adjusted rate ratios for HOD by urbanicity.
HOD
RR 95% ClI
White (per 5%) 1.02 (1.01, 1.02)
Male (%) 1.01 (1.01,1.02)
Age 20-24 (%) 0.97 (0.95,0.99)
Age 25-44 (%) 1.01 (1.00, 1.02)
Age 45-64 (%) 1.03 (1.03, 1.04)
Age 65+ (%) 1.00 (1.00, 1.01)
Discharges per capita 1.02 (1.01, 1.02)
Year 1.09 (1.08, 1.10)
Metropolitan Micropolitan Small town Rural
Poverty (per 5%) 1.12(1.11,1.13) | 1.08 (1.01, 1.16) 1.04 (0.93, 1.15) | 1.05 (0.95, 1.15)
Unemployment (per 5%) | 1.04 (1.02,1.05) | 0.98*(0.94, 1.03) | 0-99 (0.91, 1.06) | 1.06 (0.99, 1.12)
<HS education (per 5%) | 1.01(1.00,1.02) [ 1.00(0.97,1.04) | 0.97(0.91,1.03) | 1097 (1.02, 1.16)
Income (per $10,000) 0.88 (0.87,0.90) | 0.95(0.88,1.04) | 0.90(0.78,1.07) | 116 (0,99, 1.34)

*
Significantly different than estimate for metropolitan areas.

Additional adjustments include state fixed effects, county random effects, and CAR random effects. Bold indicates 95% CI does not include the
null.
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