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Abstract

The soaring drug overdose crisis in the United States has
claimed more than half a million lives in the past decade
and remains a major public health threat. The ability to pre-
dict drug overdose deaths at the county level can help local
communities develop action plans in response to emerging
changes. Applying off-the-shelf machine learning algorithms
for prediction can be challenging due to the heterogeneous
risk profiles of the counties and suppressed data in com-
mon publicly available data sources. To fill these gaps, we
develop a cluster-aware supervised learning (CASL) frame-
work to enhance the prediction of county-level drug over-
dose deaths. This CASL model simultaneously clusters coun-
ties into groups based on geographical and socioeconomic
characteristics and minimizes the loss function that accounts
for suppressed values and cluster-specific regularization. Our
computational study uses real-world data from 2010 to 2021,
focusing on the ten states most severely impacted by the drug
overdose crisis. The results demonstrate that our proposed
CASL framework significantly outperforms state-of-the-art
methods by achieving a superior balance in prediction ac-
curacy for both unsuppressed and suppressed observations.
The proposed model also identifies different clusters of coun-
ties, capturing heterogeneous patterns of overdose mortality
among counties of diverse characteristics.

Code and technical appendix —
https://github.com/zixuan-feng/CASL-
DrugOverdoseDeathsPrediction-2024

Introduction

The drug overdose crisis continues to be a critical public
health issue in the United States (US) (Duff et al. 2022;
Centers for Disease Control and Prevention 2024b). More
than 100,000 Americans died from drug overdoses in 2021,
a 30% increase from the previous year (Centers for Dis-
ease Control and Prevention 2024b). This crisis has evolved
through multiple waves, initially driven by prescription opi-
oids, followed by heroin, then synthetic opioids such as fen-
tanyl (Ciccarone 2019), and now a fourth wave character-
ized by polysubstance use involving opioids and stimulants
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such as methamphetamine and cocaine (Ciccarone 2021).
Beyond the devastating mortality burden on society, the drug
overdose crisis has also notoriously impacted healthcare,
criminal justice, and productivity (Florence, Luo, and Rice
2021). A congressional report estimated that the total eco-
nomic toll of addiction and drug overdose crisis reached
nearly $1.5 trillion in 2020 alone and is expected to increase
(Aboulenein 2022).

The ability to predict drug overdose deaths can inform
public health policymakers and communities of emerging
threats as early warning signals to help prepare for response
strategies (Blanco et al. 2020; Jalali et al. 2020b). By track-
ing the historical trend and predicting overdose deaths in the
near future, policymakers can make data-driven decisions to
adjust existing intervention strategies or reallocate resources
to priority areas to more effectively mitigate the harms of the
overdose crisis. In the public health domain, predictive ana-
Iytics has been widely used to support responses to emerg-
ing epidemics. For example, previous research has used pre-
diction models to predict the trend and understand the pe-
riodicity of the COVID-19 pandemic (Wang et al. 2022;
Aslam and Biswas 2023). Santangelo et al. (2023) provides
a systematic review of machine learning prediction models
for a wide range of infectious diseases (e.g. influenza and
malaria).

Previous studies on predicting drug overdose deaths have
utilized various analytical approaches. Simple regression-
based methods, including generalized linear models (e.g.,
logistic or negative binomial regression) (Cuomo et al. 2023;
Marks et al. 2021) and lasso regression (Sumner et al.
2022), have been widely employed to predict the number
of overdose deaths based on demographic and socioeco-
nomic covariates at county or state levels. Recent studies
have utilized more advanced machine learning models such
as random forest (Schell et al. 2022) and extreme gradi-
ent boosting (Tatar et al. 2023) for drug overdose death
predictions to capture complex, nonlinear interactions be-
tween county or neighborhood features. Several studies have
applied machine learning models to internet search trend
data (e.g., Google Trends) of drug-related search terms for
spatio-temporal mapping of drug overdose deaths, near real-
time prediction, and timely detection of emerging hotspots
(Campo et al. 2020; Ghosh et al. 2022; Mukherjee et al.
2020). In addition to the population-level prediction, there



is a stream of research on predicting overdose mortality out-
comes at the individual level using clinical and administra-
tive data (Bharat et al. 2021; Lo-Ciganic et al. 2019; Saloner
et al. 2020).

However, there are several unique challenges in predict-
ing drug overdose deaths that have not been adequately ad-
dressed by previous studies. First and foremost, it is crucial
to recognize the substantial heterogeneity in the overdose
outcomes between geographical areas (e.g., counties) driven
by diverse local contexts. This makes conventional predic-
tion models—that typically treat the training data as being
drawn from a homogeneous population—potentially inade-
quate and unreliable (Jalali et al. 2020a). Moreover, the data
are not necessarily independent between geographical areas.
They can be geographically correlated due to spatial proxim-
ity and shared resources, or socially correlated due to simi-
lar demographic and socioeconomic characteristics. In other
words, the underlying structure among the data points can
potentially contribute to additional insights for prediction,
which remains underexplored and thus warrants novel meth-
ods to directly capture such correlations.

Another challenge lies in the use of publicly available
data. Despite their desirability due to greater accessibility
by communities and greater transparency for sharing analy-
sis results, publicly available data related to drug overdoses,
such as overdose deaths, may suffer from data suppression,
which means that any value below a certain threshold is
“masked” to ensure non-identifiability of the data. Data sup-
pression is not uncommon, especially when the outcome
of interest has low counts in small geographic areas. The
annual number of drug overdose deaths obtained from the
CDC’s Wide-ranging ONline Data for Epidemiologic Re-
search (WONDER) database, is suppressed in more than
half of US counties. Simply excluding suppressed data or
treating them as missing values with imputation as a data
preprocessing step will not be an effective approach. Re-
stricted datasets can provide full details, but for practition-
ers from local communities, acquiring access to such data
is not straightforward. Integrating multiple siloed datasets
across agencies, even within the same state, can be chal-
lenging (Chen et al. 2024). The practical barriers to more
detailed data with restricted access underscore the need for
methods that can more effectively handle suppressed data to
make better use of publicly available sources.

To tackle these challenges, we develop an interpretable
cluster-aware supervised learning (CASL) framework to
predict annual drug overdose deaths at the county level.
By simultaneously clustering data into subgroups and mak-
ing predictions, the CASL framework balances both predic-
tion errors and clustering quality to capture underlying het-
erogeneity in the data, which is more desirable than other
strategies of combining regression and clustering either as
two separate steps sequentially (Wang, Ning, and Kong
2019; Tran et al. 2018) or as one integrated step but focus-
ing on minimizing the regression error only (Zhu, Li, and
Kong 2012; Devijver 2017). Our CASL framework extends
the previous work of Chen and Xie (2022) for only cross-
sectional data to handle time-series data while maintaining
time consistency of clusters and to consider suppressed val-
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ues in the data. In this study, we apply the CASL model to
real-world data for 2010-2021 collected from 10 states that
are most impacted by the overdose crisis in the US and show
that it outperforms the random forest and lasso regression,
the commonly used models for similar public health appli-
cation settings.

Model Formulation

In this section, we introduce the time series model for the
overdose death prediction problem, define the loss func-
tion that accounts for suppressed observations in the data,
and describe the proposed cluster-aware supervised learn-
ing (CASL) model that simultaneously divides counties into
groups and takes advantage of the cluster structures of coun-
ties to predict overdose deaths.

Autoregressive Model for Time Series Overdose
Death Data

We use an autoregressive model as the statistical model to
predict drug overdose deaths at the county level. Consider a
set of I counties indexed by i € [I]. We denote [n] as the set
{1,2,--- ,n} for any given integer n € N. Let y; ; represent
the total number of drug overdose deaths in county ¢ at time
period ¢ as the primary outcome variable for prediction. In
our application setting, we consider one year as one time pe-
riod given that most of the data we collect are available at the
annual level; the time period can be changed to shorter in-
tervals if more frequent data were available. In addition, we
define u; ; as a vector of time-varying predictors for county
¢ at time ¢ (such as the number of drug-related crime inci-
dents, interaction terms involving at least one time-varying
predictor) and z; as a vector of time-invariant predictors for
county 7 (such as a county’s socioeconomic factors that typ-
ically remain stable over time). To predict the number of
overdose deaths of the next time period ¢ 4+ 1, we assume
the following autoregressive model with lagged terms of at
most L — 1 time periods:

Yit+1l =7+ Z (Oézyi7t—e+1 + aeTui,t—eH)-f—nTZH—Q,u
Le(L]
(D

where the residual term ¢;; captures the random error
in each observation. In model (1), the coefficients 3 =
(v; ;6015 ;01;m) are the model parameters that cap-
ture the predictive relationships between predictors and out-
comes and to be learned from the data. Specifically, the
intercept ~ represents the baseline level of predicted over-
dose deaths, vector o represents the effect of historical
overdose deaths in the current and past L — 1 periods to
capture the autocorrelations for predicting future values,
vectors {6} (] represent the effects of additional drug-
related factors other than the overdose death outcomes in
the current and past L — 1 periods, and vector 77 represents
the influence associated with the time-invariant character-
istics of the counties. For notational convenience, we let
Xit = (LY t:(t—L+1); Wies -+ ;Wie—L41; 2;) be all pre-
dictor variables for predicting the overdose death in county
¢ at period ¢t + 1. Then the autoregressive model (1) can be



represented in the following compact form:

Yitrr =B Xiy +eir. )

Loss Function Considering Data Suppression

Data suppression is common in public health data reporting
for protecting privacy and preventing data identifiability in
publicly available data sources. Typically, a count below a
certain threshold is marked as suppressed, and this thresh-
old is known in advance. For example, for all queries of
the number of overdose deaths from the Centers for Disease
Control and Prevention (CDC) Wide-ranging ONline Data
for Epidemiologic Research (WONDER) database (Centers
for Disease Control and Prevention 2024a), any cell value
<9 is marked as suppressed. Such data suppression poses
challenges to applying off-shelf machine learning models
for predictions because the exact true values that are needed
for training the model are unknown. In fact, data suppression
is not a trivial issue and cannot be overlooked in the context
of predicting drug overdose deaths, as we have observed that
more than half of the US counties have suppressed values in
the data. Moreover, treating suppressed data as missing val-
ues may not be effective because data suppression is more
informative than completely missing the data in the way that
it provides an upper bound for the actual value and is spatial-
temporal correlated.

To capture this, we define a new loss function to account
for both unsuppressed and suppressed observations. In par-
ticular, we let constant ¢ denote the prespecified threshold
for data suppression and S (or S) represent the suppressed
(or unsuppressed) dataset, i.e., the set of (i,t) pairs with
yit < c being suppressed (or with y; ; > c being unsup-
pressed). Then we define the loss function for predicting
Yi,t+1 With given parameters 3 of model (2) as follows:

L(B; (Yit+1, Xit))
_ {é i — BT Xiy|, i (iyt) €S,

ﬁ . (,BTXM — c)+, if (i,t) € S.

The loss function L(3; (y;,¢+1, X)) has two components:
a mean absolute error for unsuppressed data (S) and a hinge
loss function (i.e., (-)+ = max(-, 0)) for suppressed data (S)
scaled by parameter k. We choose to use the more outlier-
robust mean absolute error, instead of squared error, for un-
suppressed data to maintain consistency with the piecewise
linearity of the hinge loss function for suppressed data and
avoid overpenalizing outliers. This way, our loss function
penalizes both errors of overpredicting the actual suppressed
data to be above the suppression threshold c and the distance
between the predicted value and the ground truth for unsup-
pressed data. We assume all counties follow the same sup-
pression rule with a single threshold ¢, since our data for
{"yi}ien used in this study are from the same source. If the
data are collected from multiple sources with different sup-
pression rules across states or counties, it is straightforward
to modify the above loss function by specifying the suppres-
sion threshold as county-specific values of ¢;.

K -
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Cluster-aware Supervised Learning (CASL)
Framework

One unique challenge for our overdose death prediction
problem is the heterogeneity and correlation of observations
at the county level. These counties have very diverse charac-
teristics in terms of demographic, social, and economic fac-
tors (Langabeer et al. 2022). Therefore, the dataset used for
model training should not simply be viewed as identically
distributed observations from a homogeneous “population.”
On the other hand, the observations from the various coun-
ties are not completely independent and can be intercorre-
lated. For example, counties may share similar risks or bur-
dens from the opioid crisis due to geographical proximity,
similar characteristics of social and economic determinants,
or shared healthcare and public health infrastructures.

The complex interplay of heterogeneity and correlations
in the observations from the counties limits the direct ap-
plicability of most existing machine learning models, call-
ing for a new approach to explicitly capture the underlying
structures in the observed data. One learning strategy is to
identify the underlying subgroups of counties that exhibit
similar patterns of overdose mortality and associated driv-
ing factors, while simultaneously providing predictions. The
work (Chen and Xie 2022) presents a learning framework
that integrates clustering with supervised learning, which
offers promises for our overdose prediction problem. How-
ever, their model is developed for static prediction problems
without explicitly considering temporal dynamics and time
series data, which, in contrast, are critical to our problem
setting. This can complicate the prediction solution, as the
level of clustering may not align with the granularity of the
data.

To address this gap, we extend the framework in Chen
and Xie (2022) to time series data at the county-year level
and formulate the clustering at the county level to maintain
the time consistency of the clusters. For time series data, the
layout of the training data is illustrated in Figure 1.

Time period t (year)
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Figure 1: Schematics of the data layout for training data that
consist of B batches.



As shown in Figure 1, the training dataset will in-
clude B batches of data, namely, (XLL,yi,LH)iE[[], e
(Xi,04+B—1,Yi,1+B)ic[1]> among which each batch includes
predictors based on the data in the current period and also
the historical data with lags up to (L — 1) periods. With such
a data layout, one county can have B observations in the
training data.

We consider county-level clusters of the data points for
ease of interpretation; in contrast, a county-year-level cluster
may consist of counties from different years, making such
clusters difficult to interpret for their policy implications.
In other words, all observations of different years from the
same county are more meaningful if they belong to the same
cluster. This model setup assumes that the variations within
a county over multiple years are less significant than those
between counties. Our numerical experiments validate this
assumption.

Next, we formulate the cluster-aware supervised learning
(CASL) model as the following optimization problem. Con-
sider K clusters in total, where K can be tuned through
cross-validation. We define the clustering decision vari-
able 0, ; € {0,1}, representing whether the data points
(yi.t, Xi,¢) of county ¢ for all different time ¢ belong to the
cluster k. We extend the autoregressive model (2) by having
cluster-specific model parameters 3y, for k € [K]. We use
my, to denote the centroid of the cluster k (defined in the
space of all predictors). Then, the CASL model is given as:

Juin. R(B,0,m) :=

S DD D 0kiL(Brs Xipvo-1) + il Brlln

ke[K] \be[B]i€[l]

+p > DY Gkl (Mg Xingo), (32)
ke[K] be[B]i€[I]

st Y Gki=1, Viell, (3b)
ke[K]
> ki = pl, ke K], (3c)
ie[I]
dki €{0,1}, Vie [,k € [K]. (3d)

In this optimization model formulation, the objective func-
tion (3a) is to minimize both the total losses with regular-
ization penalties from all clusters for the supervised learn-
ing and the total dissimilarity between the data points of se-
lected counties and the “virtual” centroid of the cluster for
the clustering, modulated by a nonnegative weight p for the
clustering performance metric. The dissimilarity function
D(my; X, ) is defined by the squared Euclidean distance
between the data point X, ; and the cluster centroid my.
That is, we assume that the same set of factors X; ; for pre-
dicting overdose deaths are also used for measuring county
similarity and developing the clusters. Constraint (3b) en-
sures that each county ¢ is assigned to exactly one of the K
clusters. The restriction (3c) ensures that each group con-
tains at least a certain percentage, o € (0,1/K], of the total
number of counties, thus preventing the formation of groups
that are too small or too large.
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To solve the non-convex optimization problem of CASL,
we employ the regularized alternating minimization (RAM)
algorithm, which has been proven to converge to a station-
ary point within a finite number of iterations (Chen and Xie
2022). The RAM algorithm works as an iterative process be-
tween learning the cluster-specific parameter 3% in the pre-
diction model (i.e., the parameter update step) and improv-
ing the assignment of counties to clusters (i.e., the cluster
reassignment step). Specifically, initialized with any given
cluster assignment 6° and iteration 7 = 1, the RAM algo-
rithm begins iterating through the following steps:

o Step 1 (Parameter update): At iteration 7, with the
given cluster assignment & = 671, update the centroid
m], and optimize the model parameter 3], for each clus-
ter k. This step is supervised learning within each cluster
k € [K] to optimize Bj by minimizing the regularized
loss function.

Step 2 (Cluster reassignment): With the given cluster-
specific model parameters 3, = (B} and current clus-
ter centroids M, mj, this step reoptimizes cluster
assignment decisions 7. To reallocate data points from
each county to K clusters, we minimize R(3,d,m) +
ol|6 — 87|11 subject to constraints (3b)-(3d). The
regularization term, o||d — 871|141, is added to the
objective function to ensure a smoother transition from
the previous iteration and prevent drastic changes in the
clustering structure. Moreover, this regularization term
can be reformulated into an affine function of & as
0D kelK] 2uicll] (677" + (1 —268]")8k,:] to further fa-
cilitate the computation (Chen and Xie 2022).

Step 3 (Stopping criteria): If there is no change in
the clustering decisions from the previous iteration, i.e.,
0T =671, stop the algorithm and return (37, m"); oth-
erwise, set 7 <— 7 + 1 and return to Step 1.

Model Selection and Cross-validation

The proposed CASL model has several hyperparameters that
must be pre-specified prior to model training, including the
scaling parameter x, the number of clusters K, the cluster-
specific regularization A, and the weight p for the cluster-
ing performance metric in the optimization objective func-
tion. To select these model hyperparameters, we conduct
cross-validations to compare the prediction performance un-
der different hyperparameter settings. To define the perfor-
mance metric, we combine the prediction performance for
unsuppressed and suppressed data. For unsuppressed data,
we calculate the mean absolute error (MAE); for suppressed
data, we calculate the false positive rate (FPR), the per-
centage of overpredicting a suppressed observation as un-
suppressed, i.e., above the suppression threshold. That is,
FPR = ﬁ >ines HOZ, 8ixBr) T Xit > c}. To com-
bine these two metrics, we define a mixed-error score (aver-
aged by county),

1
[S]+1S]
where the mixing parameter w moderates the relative
importance between accurately predicting high overdose

Mixed-error score = (IS|- MAE +w - |S| - FPR)



deaths (typically in large counties) versus correctly identify-
ing counties with limited overdose deaths (typically in small
counties), which can be determined by decision-makers. Our
Computational Study Section will present the results for a
range of mixing parameter values.

For cross-validation, we create a k split of the time series
data to train and validate the model in rolling time windows.
For example, the first split takes batches 1 through B for
training and batch B+1 for validation; the second split shifts
all data by one time period forward, i.e., taking Batches 2
through B+ 1 for training and the batch B 4-2 for validation,
etc., until the validation data in the k-th split reach the end
of the time series data (see the illustration later in Figure 2
with B = 2 for the computational study). The average of the
mixed-error scores across k splits is used to assess overall
model performance and guide model selection.

Computational Study

In this section, we conduct a computational study using real-
world data on drug overdose deaths in the US to demonstrate
the performance of CASL in predicting county-level drug
overdose deaths. We compare prediction performance with
off-the-shelf machine learning algorithms and draw policy
implications from analyzing the underlying structures of the
counties uncovered by the proposed CASL framework.

Data Sources and Preparation

For a broader applicability of the proposed CASL frame-
work, we focus on publicly available data sources and
include the variables that are commonly available across
states, instead of ad hoc datasets for which the availability
varies substantially by state. Considering both the high drug
overdose burden and sufficient data coverage throughout the
study period 2010-2021, our final dataset includes 414 coun-
ties from 10 states. In the following, we briefly describe the
variables included in our computational study and refer to
more details in Appendix Table Al.

Prediction outcome: The prediction outcome of interest
is the annual number of drug overdose deaths in each county.
Following the common approach in the literature to extract
overdose death estimates from the CDC WONDER database
(Nam et al. 2017; Mattson et al. 2021), we identify drug
overdose deaths by International Classification of Diseases
Codes 10th Revision (ICD-10 codes) X40-44, X60-64, X85,
and Y10-14 for the underlying cause of death and ICD-10
codes T36-50 for multiple causes of death. Any cell value
<9 is suppressed. In our dataset, 54% (=2,658/4,968) of all
annual overdose death numbers in all 414 counties and 12
years are suppressed, and the suppression rate ranges be-
tween 45%-70% in each state by each year across 2010-
2021.

Predictor variables: A broad range of county-level pre-
dictors have been considered in the literature, while many of
these factors have shown relatively mixed evidence (Cano
et al. 2023; Kariisa et al. 2022). Following a similar catego-
rization of these factors, we include the predictor variables
from the following dimensions:
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* Supply-side factors: As previous research has shown
the high correlation between drug-related crime data and
overdose outcomes (Chen et al. 2022; Cano et al. 2024),
we include the annual number of drug-related crime inci-
dences obtained from the National Incidence-Based Re-
porting System (NIBRS) as a proxy for activities in local
drug markets. We also consider the percentage of fen-
tanyl among drug seizures in each year by state based
on public reports from the National Forensic Laboratory
Information System (NFLIS) to capture the shifting pat-
terns of the opioid crisis toward synthetic opioids (Raw-
son, Erath, and Clark 2023; Ciccarone 2021).

Health factors: Among a wide range of health factors
and health outcomes that are used to assess the overall
county health performance by the County Health Rank-
ings’ model (University of Wisconsin Population Health
Institute 2024), we select several measures that are rele-
vant to our problem context, including adult smoking rate
and adult obesity rate as the indicators for the health be-
haviors, annual poor mental health days and annual poor
physical health days to measure the overall quality of life
and the health conditions of the population, and the num-
ber of primary care physicians as an important measure
for healthcare accessibility in general.

Socioeconomic factors: County population, household
median income, Gini index (for measuring the dispari-
ties of income distribution), high school graduation rate,
and Rural-Urban Commuting Area (RUCA) codes are in-
cluded to represent the counties’ baseline characteristics.

Geospatial factors: To capture spatial patterns, in ad-
dition to using longitudinal and latitudinal coordinates
(of the centroid of the county) as a common approach
for geospatial analysis (Li et al. 2011; Banerjee et al.
2022), we include indicators of whether the county is
at the state border and whether a highway crosses the
county, as previous studies have shown that proximity to
state borders and the presence of highways are associ-
ated with increased drug trafficking and distribution (Lin
et al. 2023; Thurston and Freisthler 2020), which there-
fore can potentially influence drug overdose death rates
(Srinivasan et al. 2024). We also include state indicators
as fixed effects to capture the cross-state variations for
prediction.

In addition, we create several derived features to fur-
ther enrich the dataset for prediction. First, we add the log-
transformed overdose death numbers (assumed to be O if
suppressed) to account for the skewed distribution of the
overdose deaths and also to capture the non-linear predictive
relationship between past and future overdose deaths. Sec-
ond, we include the “crime gravity” measure (Marks et al.
2021), which calculates the total drug-related crime rates in
all counties within a radius of 50 miles of the given county,
weighted by the inverse of the squared driving distance from
these counties, i.e., the gravity for county ¢ is calculated as
log(>> jeo (drug-related crime rates of county ¢)/(driving
distance between ¢ and j )2), where set J represents all
counties within 50 miles of county ¢. Driving distances be-
tween counties are extracted via Google Map distance ma-



trix API (Google 2024). Lastly, we added time-varying inter-
action terms for overdose deaths (including the original and
logarithmic transformation values) by the same-year drug-
related crime rates and fentanyl percentages, providing the
model (2) of a linear structure by design with more flexibil-
ity to capture complex dynamics.

All predictor variables, except for {yiii1-¢}eeir),
{log(yi,t+1-¢) }eejr)> longitudinal and latitudinal coordi-
nates, RUCA code, and binary indicators, are first win-
sorized at the 5™ and 95™ percentiles to bound outliers and
then normalized to the range of [0, 1].

Experiment Settings

With our raw data collected between 2010 and 2021, we
configure our autoregressive model with L = 3 and the
training data with the batch B = 2. We hold out the data
of the two most recent years (2020 and 2021) as our pre-
diction years for the final evaluation of the CASL model’s
performance and train the model for each prediction year
separately. That is, for the prediction year 2020 (2021),
we first use the data of the years 2010-2019 (2011-2020)
for cross-validation and selecting hyperparameters, then re-
train the model with selected hyperparameters on 2015-2019
(2016-2020) using 2 batches of data, and finally evaluate
the performance of predicting outcomes in 2020 (2021) (see
Figure 2 for an illustration). For the CASL model, we set
¢ = 9 to be consistent with the suppression rule for the over-
dose death data queried from the CDC WONDER database
(Centers for Disease Control and Prevention 2024a), and
= 10% x % to ensure each cluster is no smaller than 10%
of the average size of the cluster if uniformly distributed. We
consider the combination of a wide range of hyperparame-
ters wg, K, A\1.x, and p (see the detailed list in Appendix
Table A2) and select the hyperparameter setting with the
highest mixed-error score under various mixing parameter
w € {0.1,1,10, 100}, respectively. We compare the per-
formance of our proposed CASL framework with random
forest regression and lasso regression. The hyperparame-
ters for these methods (e.g. maximum number and depths
of trees, L regularization terms) are selected following the
same cross-validation procedure as the CASL model.

Experimental Results

Prediction Performance of CASL We illustrate the per-
formance of the CASL model using a baseline case with
K = 4 clusters. As shown in Table 1, our CASL model
achieved good prediction accuracy while maintaining con-
sistent performance between cross-validation and testing re-
sults. For both prediction years 2020 and 2021, an increase
in the mixing parameter w leads to a higher mean absolute
error (MAE) between unsuppressed counties and a lower
false positive rate (FPR) among suppressed counties. This
behavior is in line with the design of the mixing parameter,
which is intended to emphasize the prediction accuracy in
suppressed counties in the model selection. For example, in
2021 data, as w is increased from 0.1 to 100, the testing FPR
gradually drops from 0.14 to 0.03 and MAE is raised from
11.89 to 14.60.
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Figure 2: Schematics of the data layout for model cross-
validation and testing for prediction year ¢ (=2020 or 2021)
in our computational study.

Figure 3 presents the prediction results for each county in
2020 and 2021 when w = 100. For predictions in 2020, the
predicted values for most unsuppressed counties across all
clusters are slightly lower than the observed values, reflect-
ing the model’s conservative nature, especially when prior-
itizing the prediction accuracy in suppressed counties. For
prediction in 2021, the MAE for unsuppressed counties is
lower than that in 2020. However, there are some counties
where the predicted values for the suppressed counties ex-
ceed the suppression threshold, as shown in the figure. This
leads to a slight increase in the FPR, highlighting a trade-off
between improving overall prediction accuracy and main-
taining strict control over predictions for suppressed data.

Effect of Number of Clusters Under different levels of
the mixing parameter w, the effect of the number of clus-
ters K on model performance varies. As shown in Figure 4,
when w = 0.1, the mixed-error score tends to increase as K
increases, indicating that fewer clusters generally yield bet-
ter performance. It is worth noting that setting K = 1 is an
ablated version of CASL without clustering, which has the
lowest MAE values when w is small. This may be because
the overall error is predominately driven by unsuppressed
counties, while the misclassifications of suppressed counties
become negligible. In this case, there is no incentive to have
more clusters for differentiation. However, as w increases to
10 and 100, the relationship becomes less straightforward.
For w = 10, there is a notable drop in the mixed-error score
at K = 2, suggesting a temporary improvement before the
score increases again with more clusters. For w = 100, the
trend shifts, with mixed-error scores generally decreasing as
K increases, particularly in 2021, where K = 5 achieves
the lowest score. This suggests that as the emphasis on sup-
pressed data increases, the number of clusters may also in-
crease to better capture the complex patterns in the data.



Prediction w cross-validation Testing for the prediction year Hyperparameters
year MAE | FPR Mixed-error MAE | FPR Mixed-error A o o
score score

0.1 | 12.63 | 0.11 6.07 16.12 | 0.03 9.89 [0.2,0.5,5,10] | 0.1 1

2020 1 12.63 | 0.11 6.12 16.12 | 0.03 9.90 [0.2,0.5,5,10] | O.1 |
10 | 12.63 | 0.11 6.66 16.12 | 0.03 10.01 [0.2,0.5,5,10] | 0.1 1
100 | 1391 | 0.01 7.11 18.13 | 0.00 11.12 [0.5,1,5,10] | 0.5 | 10
0.1 | 13.42 | 0.64 6.95 11.89 | 0.14 7.84 [0.1,1,5,10] | 0.5 | 0.1

2021 1 13.74 | 0.12 7.15 12.04 | 0.12 7.98 [0.1,0.5,5,10] | 0.5 1
10 | 13.99 | 0.09 7.66 13.09 | 0.12 9.04 [0.1,0.2,5,10] | 0.2 1
100 | 15.19 | 0.00 8.01 14.60 | 0.03 10.59 [0.1,0.2, 1, 5] 1 10

Table 1: Prediction performance of CASL model with four clusters (K = 4).
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Figure 3: CASL model performance: predicted vs. observed
drug overdose deaths for unsuppressed counties (top panel)
and predicted outcomes compared with the suppression
threshold for suppressed counties (bottom panel) in 2020
and 2021, respectively (K = 4,w = 100).

Comparison with Other Models We compare our CASL
model with random forest and lasso regression using MAE
as the loss function,! employing the same cross-validation
strategy and feature space as our CASL model under vari-
ous levels of w € {0.1, 1,10, 100}. For these comparisons,
the suppressed values are imputed with O for training ran-
dom forest and lasso regression. The hyperparameters tuned
for both models can be found in Appendix Table A3. The
CASL model generally outperforms or remains comparable
to the random forest and lasso regression models across dif-
ferent levels of the mixing parameter w, particularly when
focusing on the testing results. Figure 5 presents the Pareto

"'We have also tested supported vector regression, linear regres-
sion, and recurrent neural networks. Random forest and lasso re-
gression performed best according to our numerical experience.
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Figure 4: Comparison of CASL model performance from
cross-validation with different numbers of clusters X under
various values of mixing weight w.

frontier plot for MAE and FPR for the prediction years 2020
and 2021. A more detailed summary of the comparisons can
be found in Appendix Table A4. CASL models generally
occupy positions closer to the lower left of the frontier, in-
dicating a more favorable balance between MAE and FPR.
For example, in 2020 data, CASL models with K = 1 and
w = 0.1 or 1, as well as the CASL model with K = 4
and w = 100, capture 2 out of the 3 points on the fron-
tier. Besides, although the CASL model with K = 2 and
w = 10 does not appear directly on the frontier, it is com-
parable to the best-performing model (Lasso regression with
w = 100), achieving the same level of FPR at 0.0125 with
only a slightly higher MAE of 16.97 compared to 16.7.
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Figure 5: Comparison of mean absolute error (MAE) and
false positive rate (FPR) of CASL with random forest and
lasso regression under different mixing weight w.

Characteristics of Clusters One of the unique strengths
of the proposed CASL framework compared to other exist-
ing methods is to uncover the underlying cluster structures
in the data, which can also help improve the interpretability
of the prediction results. We present the four clusters identi-
fied in our base case (K = 4) in Figure 6 and examine how
these clusters are different in terms of the characteristics of
the counties within each cluster. The map in Figure 6 shows
the geographic distribution of the four clusters. The clusters
for predicting overdose deaths in the year 2020 are mostly
similar to those for 2021 except for some minor differences,
which is reasonable since the burden in a county may change
as the crisis evolves over time. However, the main structure
of the clusters remains relatively robust. Counties in Cluster
1 are primarily urban and more populated areas, and those
in Cluster 4 are rural and less populated areas.

Moreover, different clusters also exhibit distinct patterns
in various characteristics, as shown in Figure 6: Cluster 1
counties tend to show a higher burden of overdose death,
higher incidences of drug-related crimes, higher income,
more access to primary health care resources, while Clus-
ter 4 counties tend to show the characteristics in the opposite
direction. A comprehensive comparison of counties’ charac-
teristics by cluster is provided in Appendix Table AS. These
results demonstrate that our proposed CASL model can dis-
tinguish counties by subgroups of distinct characteristics in
a meaningful way to capture regional heterogeneity and tai-
lor the prediction to the specific cluster.

27985

County clusters

County population Average overdose
(1,000) deaths (past 3 years)

10,000

‘ ? 1,000 <@ ’
’ I $ |
o Clusters { { “
= - Clter 1 v |
o m—Cluster 2 V 10
~ . Cluster 3 V
. Cluster 4 |
i . i
g 1 ZCJ N 3 4 ZC\ N 3 4
g uster uster
c
.g Average drug-related crime  Number of primary Median household
% incidents (past 3 years) care physicians income ($1,000)
1]
100,001 10,000
E 140
10,000 ‘ | 100 ‘ 120
AT
1,000 & \ 100 |
[ o i 80 |
100 \/ A A
Il | 60 yo\
10 | 10 ‘\ " o (\ /\
/ 4
1 “ 1 i \/
1 2 3 4 1 2 3 4 1 2 3 4
Cluster Cluster Cluster

County clusters County population Average overdose

(1,000) deaths (past 3 years)

10,01

o
"me ’Qx

\ |
Clusters |

b | / I
- Cluster 1 \
o m—Cluster 2 \ 10 |
[ - Cluster 3 |
[ Cluster 4 ‘J\
© 1 2 3 4 12 3 s
g Cluster Cluster
s
+ Average drug-related crime  Number of primary Median household
£ incidents (past 3 years) care physicians income ($1,000)
&, 100,000 10,000 140
10,000 | | 1oo00 120,
A 100
1,000 JoY \ l
) 100 I 80 |
100 \/ Al A
\ | 60 N\
. | |
\ 40 \ /
12 3 s E O I Tz 3 4
Cluster Cluster Cluster

Figure 6: Geographic distribution and characteristics of four
clusters identified by the CASL model (K = 4,w = 100)
for the states in New England and Appalachian regions.

Ablation Study To validate the key designs of our CASL
framework, we compare its performance with alternative
strategies of handling suppressed data and cluster assign-
ment: (1) imputing suppressed data with value of 0, (2) im-
puting suppressed data with most likely values using mul-
tivariate imputation with chained equations (MICE), (3) as-
signing counties to clusters randomly. Results are summa-
rized in Appendix Table A6. We observe that imputing sup-
pressed values using either method as a data preprocessing
step results in higher mixed-error scores for predictions in
both years. The degraded performance is largely driven by
the increased FPR in suppressed counties, which dominates
the marginally improved MAE in unsuppressed counties,
highlighting the importance of tailoring the loss function to
capture the data suppression within the learning framework.
Imputation is not expected to be effective as suppressed data



are unlikely to be missing at random. Similarly, randomly
assigning counties to clusters leads to significantly higher
FPR in suppressed counties and the overall performance by
the mixed-error score, demonstrating the necessity of learn-
ing the underlying cluster structures of heterogeneous coun-
ties and customizing the prediction based on clusters.

Discussion and Conclusion

This paper presents a cluster-aware supervised learning
(CASL) framework for time series data, which is developed
to address the unique challenges in the county-level drug
overdose prediction problem. Our approach integrates super-
vised learning and clustering to uncover the underlying sub-
group structures in the data and make predictions based on
the subgroup, which is well suited to capture the heterogene-
ity and correlations of the counties. Our proposed approach
also handles suppressed data that are common in publicly
available data, making the method more broadly applicable.

Using real-world data collected from 10 states for 2010-
2021, our numerical study demonstrates that the CASL
model can accurately predict the number of overdose deaths
for unsuppressed counties and correctly identify suppressed
counties. It outperforms other commonly used methods,
such as random forest and lasso regression, in most set-
tings. More importantly, our method successfully identifies
the clusters of counties that exhibit distinct patterns in over-
dose death outcomes and demo-socioeconomic characteris-
tics, emphasizing the need for understanding the overdose
crisis in counties with different contexts.

One limitation of our study is that our current data have
limited time granularity (i.e., by year only) and have not ac-
counted for other time-varying factors related to substance
use in general, such as changes in intervention policies,
evolving drug supply environment, and implemented treat-
ment and harm reduction programs. Including more such
contextual information at the county level may potentially
help improve the prediction quality and its generalizabil-
ity considering the data shift along with the evolving opi-
oid crisis. On the other hand, it could be challenging to cu-
rate comprehensive public health surveillance data and data
for different intervention programs in communities, given
the practical administrative barriers of harmonizing siloed
datasets from various agencies and organizations. It calls for
more open data sharing to facilitate the translation of pre-
dictive modeling research to practical impact on mitigating
the opioid crisis (Bharat et al. 2021). In addition, our current
CASL framework uses the same feature space for prediction
and clustering. Future work can extend this assumption to
explore allowing different sets of factors to drive the predic-
tion for different clusters.

Another important consideration that warrants future re-
search is the evaluation of the potential bias in the predic-
tions and its societal impact. For example, the prediction per-
formance from the current model may differ across commu-
nities, such as by rural/urban status, health resource depri-
vation level, and social vulnerability. When applied in prac-
tice, the prediction outcomes generated from our model can
potentially inform policymaker’s decisions on reallocating
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resources and impact communities in different ways. There-
fore, it is critical to understand whether the proposed method
results in equitable prediction outcomes across diverse com-
munities. One potential solution to address this issue is to
incorporate fairness metrics in the machine learning frame-
work to ensure equitable outcomes and social impact across
communities with diverse socioeconomic profiles, and to
mitigate model biases that can inadvertently and adversely
affect disadvantaged communities.

To facilitate translating the current framework to practi-
cal applications for real-world decision-making, additional
efforts are needed to enhance coordinated data collection
by multiple organizations, to not only expand data with
factors that reflect major policy changes and represent the
landscape of intervention resources available at the commu-
nity level, but also to increase data update frequency and
time granularity. Beyond the mortality outcome, other drug
overdose-related outcomes can also be considered for pre-
diction, leveraging different county clustering structures. It
will also be crucial to collaborate closely with stakeholders
to refine the selection of meaningful predictors and interpret
the machine learning results to draw implications that can
drive changes in practice. One future work is to share and
communicate the prediction outcomes and their implications
with community stakeholders to assist them in developing
proactive and effective actionable plans to mitigate the drug
overdose crisis.
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