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1 Statistical Models

For reference and completeness, the Bayesian hierarchical models are detailed
here. These models were fit independently for each of the four drug categories
present in the analysis using state-level and county-level overdose death count
data obtained from the Ohio Public Health Information Warehouse. In the fol-
lowing exposition let s indicate county (s = 1,...,88), t year (¢ = 2010, ..., 2020)

and r race (r = 0 is White and r = 1 is Black).



1.1 Time-series model

A multivariate Poisson linear mixed effects model was used to perform the time-
series analysis of the state-level overdose death count data. Assume that

Yir [ At ind Poisson(E¢r-Ayr) (1)

where Y}, is number of overdose deaths in Ohio for year ¢ and race r and Ey,
is the corresponding expected number of overdose deaths in Ohio for year ¢
and race r based upon the age-specific overdose death rate in the 2010 Ohio
population. In other words, Fy, is the number of age-adjusted overdose deaths
in Ohio for year t and race r obtained via indirect-standardization with the 2010
Ohio population serving as the reference population. This formulation assumes
the expected overdose rates between racial groups are homogeneous.

E,, is defined as follows. First, denote the 2010 state-level overdose death
rate for age group 7 as p; where i € {< 1, 1-4, 5-14, 15-24,..., 75-84, 85+}. Let
Pstr; be the resident population indexed by county, year, race and age group.
The corresponding expected number of overdose deaths for county s, year t,
race r and age group ¢ is

Egiri = piPstri- (2)

Therefore the total expected number of overdose deaths Fy,. for year t and race
r, based upon the age-specific overdose death rate in the 2010 Ohio population,
is

Etr = Z Estri~ (3)

It follows that A;. represents the state-level relative risk of overdose death for
race 7 in year t compared to the corresponding risk for race r in year ¢t expected
from the age-specific overdose death rate in the 2010 Ohio population, commonly
referred to as the standardized mortality ratio (SMR). Using the log link, we
model the SMR as

1Og(>‘tr) = Xt/IBT + €r (4)

where (3, is a vector of race-specific fixed effects corresponding to the vector
of covariates X; containing an intercept, years since 2010 (i.e. ¢ — 2010), an
indicator of race (with White as the reference level) and the interaction of years
since 2010 and race. We also include a term for the remaining race-specific
heterogeneity €;,- to capture variation not accounted for by the fixed effects. We
assume an auto-regression of order 1 structure to account for temporal auto-
correlation. Thus, we assume

{etr 2 N(0,02) for ¢ = 2010 -

ind 2
€trleg—1yr ~ N (c{)re(t,l)r,ar) for t > 2010
where ¢, is a race-specific auto-regressive parameter and o2 is a variance.

The fixed effects are assigned independent flat priors. Auto-regressive pa-
rameters ¢, are assumed to be uniformly distributed over (0,1). All variance



parameters are assigned independent inverse gamma distributions with shape
and scale parameters both equal to 0.5. The models were fit using Markov
chain Monte Carlo implemented in NIMBLE [1] in R. The algorithm was run
for 1,000,000 iterations, discarding the first 500,000 as burn-in, and then thinned
by keeping every 100" iteration. We assessed convergence visually using trace
plots.

1.2 Spatio-temporal model

For a detailed examination of the county-level overdose death count data, we
modify the multivariate Poisson linear mixed effects model introduced by Kline,
Pan, and Hepler (2021) [2] to fit our current problem setting. This model com-
plements the state-level analysis by providing insights into county-level overdose
death patterns. It assumes that

Yotr| Astr l Poisson(Esi-Astr) (6)

where Yy, is number of overdose deaths for county s, year ¢t and race r and
FEg is the corresponding expected number of overdose deaths for county s,
year t and race r based upon the age-specific overdose death rate in the 2010
Ohio population. As in the time-series analysis, this formulation assumes the
expected overdose rates between racial groups are homogeneous.

FEgt, is defined in an analogous manner to Ej,. in the time-series model, but
for the county-level. Follow the procedure detailed in the time series model and
obtain Fg,.; by summing over the age groups:

Egr = Z Esiri- (7)

It follows that Mg, represents the relative risk of overdose death for race r in
county s and year t compared to the corresponding risk for race r in county s and
year t expected from the age-specific death rate in the 2010 Ohio population.
Using the log link, we model the SMR as

log(Astr) = Wiyr + 0t + €str (8)

where ~,. is a vector of race-specific fixed effects corresponding to the vector of
covariates Wy, containing an intercept and years since 2010. We also include a
spatio-temporal shared component vy with race-specific loading 4, and a term
for the remaining race-specific heterogeneity €,-. For identification, we assume
the loading for White Ohioans is equal to 1 (i.e. 9 = 1).

Since racial groups within a county share a common environment, we include
a shared component vg; in the model to reflect this. We also use this term to
account for spatial structure with an intrinsic conditional auto-regressive model
and shared temporal auto-correlation using an auto-regression of order 1. That



is, we assume the following conditional distributions:

2
Vst|V_st ~ N (ﬁ Ze WseVit, wTT) for t = 2010
2
Vst|V—st, Vs(t—1) ~ N (nl/s(t_1) + ﬁ D oo wse(Ver — MVee—1y), Jﬁ) for t > 2010

(9)
where 7 is a temporal auto-regressive parameter, wg, is an indicator of whether
counties s and ¢ are neighbors as defined by adjacency, wsy is the number of
neighbors of county s, and 72 is a variance parameter. We constrain ) vg = 0
for every year ¢ which allows us to use equation (9) as a valid process model [3].

Acknowledging that racial groups may experience the same environment
differently, we include a race-specific loading §,. to allow for differing effects of
the shared component by race. We also model race-specific variation eg;- to
capture variation not accounted for by the shared component or fixed effects.
We assume an auto-regression of order 1 structure to account for temporal auto-
correlation within a county. Thus, we assume

€otr NN (0,w2) for ¢ = 2010 (10)
Estr|65(t,1)r 1251 N (Gres(t,l)r,wf) for ¢ > 2010

where 0,. is a race-specific auto-regressive parameter and w? is a variance.

The fixed effects and ¢, are assigned independent flat priors. Auto-regressive
parameters 1 and 6, are assumed to be uniformly distributed over (0,1). All
variance parameters are assigned independent inverse gamma distributions with
shape and scale parameters both equal to 0.5. The models were fit using Markov
chain Monte Carlo implemented in NIMBLE in R. For the spatio-temporal
model the algorithm was run for 1,000,000 iterations, discarding the first 500,000
as burn-in, and then thinned by keeping every 100*" iteration. We assessed
convergence visually using trace plots.
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