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Purpose: Opioid misuse is a national epidemic, and Ohio is one of the states most impacted by this crisis.
Ohio collects county-level counts of opioid-associated deaths and treatment admissions. We jointly
model these two outcomes and assess the association of each rate with social and structural factors.
Methods: We use a joint spatial rates model of death and treatment counts using a generalized common
spatial factor model. In addition to covariate effects, we estimate a spatial factor for each county that
characterizes structural factors not accounted for by other covariates in the model that are associated
with both outcomes.

Results: We observed an association of health professional shortage area with death rates and the rate of
people 18—64 on disability with treatment rates. The proportion of single female households was
associated with both outcomes. We estimated the presence of unmeasured risk factors in the south-
western part of the state and unmeasured protective factors in the eastern region.

Conclusions: We described associations of social and structural covariates with the death and treatment
rates. We also characterized counties with latent risk that can provide a launching point for future in-
vestigations to determine potential sources of that risk.

© 2019 Elsevier Inc. All rights reserved.

Introduction

The United States is currently in the midst of an opioid epidemic.
Approximately four million persons report nonmedical use of
prescription opioids in the past month, and 400,000 persons report
heroin use in the United States [1-3].

Opioid misuse increases the risk of early death, legal problems,
and infectious diseases such as hepatitis C and human immuno-
deficiency virus. Accidental overdose, trauma, and suicide all
contribute to premature death in this population [4—9]|. Drug
overdose is now the leading cause of injury-related death in the
United States [10]. Nationally, the rate of opioid overdose deaths
has increased 200% from 2000 to 2014 [11].
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Drug overdose rates in Ohio exceed the national average. In
2016, Ohio ranked second for highest overdose death rate [12].
Recently, there has been an unprecedented loss of life in the state
because of the influx of illicitly manufactured fentanyl [13]. The
number of individuals enrolled in opioid treatment programs in
Ohio is also increasing. From 2011 to 2015, the number receiving
methadone in a treatment program increased from 4568 to 6147
and the number receiving buprenorphine rose from 1497 to 7347
[14]. However, national statistics find that approximately 11% of
people aged 12 years or older who need specialty substance use
treatment actually receive it [15].

Two county-level outcomes related to opioid misuse collected
by the state of Ohio are opioid-associated deaths and treatment
admissions. Both outcomes can be considered proxies for
measuring the impact of the opioid misuse in a county. Because
both deaths and treatment admissions are consequences of the
same underlying problem, they are correlated. Thus, rather than
exploring a conditional relationship between treatment admissions
and deaths, we instead jointly model both as markers of opioid
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misuse to explore common spatial patterns. Each outcome provides
information about the underlying epidemic but from slightly
different perspectives. Rather than focus on a single outcome, we
have chosen to model them jointly, which allows us to leverage
associations between the outcomes for a given county to make joint
inferences across outcomes [16]. In addition, we can learn about
latent characteristics of a county that reflect spatial variation
common to both outcomes through a spatial factor model [17].

Through this framework, we can assess the association of social
and structural factors on the rates of death and treatment admis-
sion [18,19]. It is important to understand the relationship between
social and structural factors and opioid-related outcomes to help
inform policy and interventions [19] to promote structural change
[18]. However, not all social and structural factors are easily
measured. An advantage to the spatial factor model approach is
that we are able to estimate unmeasured latent risk, which is
shared by both outcomes and not explained by other covariates. By
identifying areas with higher or lower estimated latent risk, we can
direct future research toward trying to determine and measure
what those factors might be to better explain the epidemic and
characterize differences across counties.

Materials and methods
Data

In an effort to more adequately assess county-level heterogeneity
of the opioid epidemic in Ohio, we jointly model opioid-associated
deaths and treatment admissions for each of Ohio's 88 counties.
We examine aggregate counts from the three most recent available
years, 2013—2015. Death counts were obtained from the Ohio Public
Health Data Warehouse Ohio Resident Mortality Data. These counts
are publicly available from the Ohio Department of Health
website (http://publicapps.odh.ohio.gov/EDW/DataCatalog). The
death counts include all resident deaths where poisoning from any
opioid is mentioned on the death certificate. A resident death is
defined as when the decedent resided in Ohio regardless of place of
death. Deaths are counted for the county where the decedent
resided at the time of death. Poisoning from any opioid is deter-
mined by the presence of ICD-10 multiple cause codes T40.0-T40.4
and T40.6 on the death certificate. Observed county opioid-
associated death rates are shown in Supplemental Figure 1, A.

Treatment admission counts by patient county of residence were
obtained from the Ohio Department of Mental Health and Drug
Addiction Services through a data use agreement. Treatment ad-
missions included any residential, intensive outpatient, or outpatient
treatment for opioid misuse as identified by the diagnostic codes
listed in Supplemental Table 1. Counts do not include patients who
present to hospitals to receive treatment for overdose or to any other
medical facility to receive treatment for complications from opioid
misuse. If a patient had multiple admissions, they are only counted
once. Counts were provided separately for those under and over age
21 years; however, we only consider total admissions in this analysis.
As per state policy, county-level treatment counts under 10 were
masked or censored. Observed county treatment rates are shown in
Supplemental Figure 1, B where bold outlines denote counties with
censored counts for under age 21 years treatment admissions. In
these instances, the over age 21 years count is displayed on the map.
Because of data quality issue, Van Wert County was missing treat-
ment counts and appears gray on the map.

Covariates

We acquired covariate information to account for social and
structural characteristics of each county. Covariates were selected

to reflect themes identified previously in literature [19, 20]. We
obtained county population and demographic characteristics from
the 2015 5-year estimates of the American Community Survey from
the United States Census Bureau. Sociodemographic covariates
were standardized before modeling by subtracting the mean and
dividing by the standard deviation. In addition to Census infor-
mation, we collected indicators of whether each county was clas-
sified as a Health Professional Shortage Area (HPSA) for mental
health professionals by the Health Resources and Services Admin-
istration. This variable is publicly available from United States
government sources. A list and description of all variables consid-
ered in this analysis is in Supplemental Table 2.

Statistical considerations

In our study of Ohio counties, we have 88 bivariate observations
of counts of opioid-associated deaths and treatment admissions
from 2013 to 2015. We will take a Bayesian approach to conduct a
bivariate areal data analysis at the county level. There are several
complexities associated with modeling these data, which we
address briefly in this section and fully in the Supplement.

The foundation of our model is a generalized common spatial
factor model [17]. That is, we assume there is a common spatial
factor or latent variable that captures characteristics about a county
that are not accounted for in the mean structure and accounts for
spatial dependence with the factors of its neighbors. The spatial
factor for a county is then shared across the models for each
outcome as in a shared latent variable model [21]. This is a sensible
assumption when we believe there are common underlying con-
ditions in a location that are associated with multiple outcomes. In
our application, we interpret the spatial factor as latent risk for a
county related to both rates of death and treatment that is unex-
plained by the mean structures of the outcome models.

To formulate our model, we use the generalized common spatial
factor model [17] for bivariate Poisson outcomes with spatially
varying loadings for death [22]. For both outcomes, we adopt the
spatial rates parameterization [23, 24| such that we can estimate
the relative rates of death and treatment for each county compared
to the statewide average. An intrinsic CAR model for areal data is
used to describe the spatial structure in the latent factor and
loadings [25, 26]. We also include independent latent factors in
each outcome model to capture uncorrelated heterogeneity.

As was mentioned previously, treatment admission counts that
were less than 10 for either adolescents or adults were suppressed.
In our data set, we have four counties with adolescent counts less
than 10 but adult counts greater than 10. This presents a situation
analogous to interval censoring and can be incorporated into the
likelihood. Here we adapt a censored generalized Poisson regres-
sion model [27] to the more general case of interval censoring. The
treatment count for Van Wert County was imputed within the
Bayesian framework of the analysis.

Full model details are presented in the Supplement. We also
provide details in the Supplement regarding prior distributions,
identifiability, and computational considerations. The MCMC al-
gorithm was implemented in MATLAB version 2015a and run using
a single core of a 128 GB node on the Wake Forest High Perfor-
mance Computing Deac Cluster. The algorithm took approximately
8 hours to complete, and the code is included in the Supplement.

Results

In this section, we present a summary of sociodemographic
characteristics of Ohio counties and the estimates from our joint
model. Summary statistics of the sociodemographic characteristics
of Ohio counties are presented in Table 1. In addition, there are 55
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Table 1
Summary of sociodemographic characteristics of Ohio counties
Variable Mean Standard deviation 1%t quartile 3™ quartile
Population 131,545 214,379 37,221 123,955
Disability rate 18—64 (%) 12.97 3.59 10.57 14.72
Unemployment rate (%) 7.96 2.09 6.88 9.20
Percent white (%) 92.18 6.90 90.50 96.53
Median age (y) 40.54 3.06 39.27 41.80
Proportion with Bachelors Degree (%) 18.85 8.12 13.50 22.35
Proportion of single female households (%) 6.34 137 5.50 7.12

counties designated as HPSAs, representing 62% of the state's
counties.

We assessed the fit of the model using posterior predictive
model checks [28, 29] using a XZ discrepancy function. For treat-
ment, we omitted the five counties with censored or missing data
when computing the posterior predictive p-value. We computed
posterior predictive p-values of 0.41 for the death rate model and
0.50 for the treatment rate model. Neither value provides strong
evidence of lack of fit so we assume that our model is reasonable.
Estimates from the model are presented below with additional
results included in the Supplement.

Associations with death rates

Figure 1, A maps the posterior mean estimates of the log stan-
dardized mortality ratio for each county. We see higher relative
death rates estimated across the southwestern portion of the state
and rates close to the state average in the northeast and southern
regions. We also notice sections of eastern and northwestern Ohio
that have lower than average death rates. However, we note that
standardized mortality ratios are relative to the state average,
which is 57 deaths per 100,000 residents over this 3-year period.

(a) Log Standardized Mortality Ratio
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Posterior p-values for the log standardized mortality ratio are in
Supplemental Figure 2, A. Posterior p-Values close to one provide
evidence that the parameter is greater than zero, whereas p-values
close to zero provide evidence that the parameter is less than zero.

Posterior mean rate ratios for a one unit change and 95% credible
intervals for covariates included in the model are shown in Table 2.
Units for continuous covariates are standard deviations, as shown in
Table 1. Each 1.37% increase in the proportion of single female
households is associated with a 25% increased rate of death. Some-
what counter intuitively, being a county in a Health Professional
Shortage Area is associated with a 24% decreased rate of death. For
this model, we believe this is likely to be an urban/rural proxy
reflecting that death rates appear to be higher in urban areas than
rural areas rather than indicating a relationship with access to care.

Associations with treatment rates

In Figure 1, B, we map the posterior mean estimates of the log
standardized treatment rate ratio for each county. In general, we
observe the highest treatment rates relative to the state average in
southern Ohio. This is consistent with the initial state focus on
expanding treatment in the region [30]. As with death rates, the

(d) Spatial Loadings

Fig. 1. Posterior mean estimates of the (A) log standardized mortality ratio, (B) log standardized treatment rate ratio, (C) spatial factors, and (D) spatial loadings for each county.
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Table 2
Posterior mean rate ratios for death rates and 95% credible intervals

Variable Rate ratio 95% credible interval
Health professional shortage area 0.76 (0.60, 0.97)
Disability rate 18—64 1.09 (0.90, 1.29)
Unemployment rate 1.08 (0.91, 1.29)
Percent white 1.07 (0.94, 1.23)
Median age 1.08 (0.97,1.22)
Proportion with Bachelors Degree 1.04 (0.88,1.21)
Proportion of single female households 1.25 (1.07, 1.47)

ratios reflect comparison to the state average treatment rate, which
is 563 admissions per 100,000 residents over this 3-year period.
Posterior p-values for the log standardized treatment rate ratio are
in Supplemental Figure 2, B.

In Table 3, we show posterior mean rate ratios for a one unit
change and 95% credible intervals for covariates included in the
model. The units for continuous covariates are standard deviations
as shown in Table 1. We see an increase of 51% in the treatment rate
for every 3.59% increase in the proportion of residents aged 18—64
years on disability. We also observe an increase of 19% in the
treatment rate for every 1.37% increase in the proportion of single
female households and an increase of 14% for every 6.9% increase in
the proportion of white residents.

Spatial factors

The posterior mean estimates of the spatial factors are shown in
Figure 1, C for each county. The spatial factor captures the joint
association between treatment and death rates as well as spatial
dependence between neighboring counties after accounting for the
outcome-specific mean trends. For identifiability, we have con-
strained the sign of the spatial factor such that it is positively
associated with the treatment rate. Thus, larger values of the factor
represent increased risk. We can think of the estimated spatial
factor as a way to quantify unmeasured characteristics about a
county that are related to death and treatment associated with
opioid misuse. That is, the latent factor is an estimate of the in-
tensity of the true underlying unobserved process that is associated
with both death and treatment rates. As scale of a latent factor is
arbitrary, we can only examine estimates relative to other counties.
In general, we see higher values of the spatial factor in southern and
southwestern Ohio. This suggests the presence of risk factors in
those geographical regions beyond those which we were able to
measure and include in the model. We see relatively lower values in
the northwestern and eastern parts of the state, which indicates
unmeasured protective factors. Posterior p-values for the spatial
factors are in Supplemental Figure 2, C.

The posterior mean estimates of the spatial loadings for death
are shown in Figure 1, D. These have been rescaled and centered for
ease of interpretation. From a technical perspective, spatial load-
ings allow the covariance between death and treatment rates
within a county to vary across space. However, interpreting the
loadings can also provide epidemiological insight. An estimated

Table 3
Posterior mean rate ratios for treatment rate and 95% credible intervals

Variable Rate ratio 95% credible interval
Health Professional Shortage Area 0.90 (0.74, 1.15)
Disability rate 18—64 1.51 (1.27, 1.80)
Unemployment rate 1.01 (0.87,1.17)
Percent white 1.14 (1.01, 1.33)
Median age 0.96 (0.88, 1.05)
Proportion with Bachelors Degree 1.10 (0.96, 1.27)
Proportion of single female households 1.19 (1.03, 1.36)

loading close to O indicates that the death and treatment rates
similarly influence the factor. A positive value suggests that the
death rate has a disproportionate effect on the factor, and a nega-
tive value suggests that the treatment rate has a disproportionate
effect on the factor. This also serves to highlight areas with a more
extreme death rate than we would expect given the treatment rate
in that particular county, or vice versa, areas with a more extreme
treatment rate than we would expect given the death rate. Posterior
p-values for the loadings are in Supplemental Figure 2, D.

Thus if we consider spatial factors and loadings together, we see
positive loadings and positive factors in southwestern Ohio. This
implies that the death rate is high compared to the treatment rate
in that area and that this area has unmeasured risk factors. Like-
wise, we see negative loadings with positive factors in southern
Ohio where the treatment rate is high compared to the death rate
and unmeasured risk factors also exist. However, in eastern Ohio,
we observe positive loadings and negative factors, which reflect
lower rates of death relative to treatment and unmeasured pro-
tective factors in this area.

Discussion

In this study, we jointly modeled opioid-associated deaths and
treatment admissions for Ohio counties that occurred during
2013—2015. To do so, we built a joint spatial rates model linked by a
common spatial factor that used a CAR structure to capture spatial
dependence. To overcome issues associated with censoring due to
small counts of treatment admissions, we implemented an interval
censored Poisson model to incorporate as much information as
possible. Using Markov chain Monte Carlo, we estimated posterior
distributions for the parameters of interest.

We identified several social and structural covariates that are
associated with death and treatment rates. We found an association
between death rates and counties with Health Professional
Shortage Area status, which is in many ways indicative of the ur-
ban/rural divide. We found associations of the proportion of single
female households with both death and treatment rates. We hy-
pothesize that, as single female household is an indicator of higher
risk of poverty, the stress associated with economic distress in-
crease ones chance of drug use and overdose while also increasing
likelihood of qualifying for federal and state assistance, thus
improving access to treatment [31]. We also found associations of
the treatment rate with the rate of those 18—64 years old on
disability and the proportion of white residents. These findings
likely reflect the initial response of increasing treatment availability
to areas particularly impacted by prescription opioid misuse [30],
which tended to be more rural and have higher rates of chronic
health issues [20]. In addition to measurable covariates, we were
able to estimate the contribution of unmeasured characteristics to
the death and treatment rates. We can visualize the spatial factor
on a map to help to identify areas where future research can be
directed to identify additional factors to better explain heteroge-
neity in rates across space. The estimated loadings also point us
toward counties where future public health interventions should
be targeted to try to mitigate higher than expected death rates. We
were able to illuminate all these findings through joint modeling
and use of a spatial factor model.

Our analysis relied on state surveillance data on opioid-
associated deaths and treatment admissions. Death counts are
derived from information recorded on the death certificate, which
is generally considered imperfect [32]. We have assumed for this
analysis that the observed counts are correct and do not account for
any misclassification related to information on or omitted from the
death certificate. We are also limited by the aggregate and areal
nature of the analysis. We were only able to obtain treatment
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counts that were aggregated across time and thus could not
examine any trends over time. The entire analysis is areal and thus
conclusions are limited to the county level and cannot be directly
applied to the person level so as to avoid the ecological fallacy [33].

Conclusion

In this study, we have shown associations between county-level
characteristics and rates of death and treatment due to opioid
misuse. We have also identified unmeasured spatial characteristics
that are associated with both outcomes and could be used as a
launching point for future investigations to find additional char-
acteristics that might help to better explain the epidemic. In addi-
tion, we were able to highlight areas where the relative death or
treatment rates were higher or lower than expected given the other
rate. Taken together, these findings form another piece in the
puzzle as we try to further understand the ongoing opioid epidemic
in Ohio and effectively appropriate resources to high risk areas.
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