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Application of the ARIMA Model to
Forecast Future Overdose Deaths

Abstract

The data available to inform public policy for opioid epidemic affected states is often 1-2 years old

and cannot address real-time needs. This delay shows the need for a predictive model that can

accurately trend fatal drug overdoses and provide a baseline for states to implement evidence

based preventative policies for those facing opioid use disorder (OUD).

The Autoregressive Integrated Moving Average (ARIMA) model is a linear regression machine

learning model that forecasts future values based on past values of a given time series. We used

Auto-ARIMA, a variant of ARIMA designed to automatically optimize predictive model parameters,

to forecast overdose deaths in the United States, each U.S. state, and Washington D.C. Our



forecasts for the years 2021 and 2022 were based on overdose death data from the year 2015 to

2021 provided by the Vital Statistics Rapid Release (VSSR) program at the Center for Disease

Control (CDC).

The ARIMA forecasts predict increasing overdose deaths in the United States and most U.S.

States, with some states experiencing a near-doubling of overdose deaths from 2020 to 2022. This

abstract represents a preliminary yet invaluable step toward forecasting overdose deaths in real-

time on a state-by-state level to measure efficacy of evidence-based policy for addressing this

public health crisis.
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Background

Since 1999, nearly 841,000 people in the United States have succumbed to drug overdoses, with

over 70% of drug overdose deaths in 2019 involving an opioid [1]. Although the total number of

drug overdose deaths decreased by 4% from 2017 to 2018, overdose deaths related to synthetic

opioids increased by 10% and the overall number of overdose deaths was four times higher in

2018 than in 1999 [2]. These trends continued to increase through the most recent 2021 data

release. Of the estimated 2.5 million U.S. adults with opioid use disorder in 2021, only 22%

received medications for their condition, which include evidence-based opioid agonist treatments

such as buprenorphine, methadone, and naltrexone. This highlights a treatment gap in the

healthcare services provided for substance use disorders [3],[4]. Furthermore, of those needing

treatment for substance use disorder, very few can access it [5]. The opioid epidemic necessitates

evidence-based policies, including but not limited to legal consequences such as Good Samaritan

laws that protect individuals who report overdoses, as well as a variety of harm reduction initiatives

beyond needle exchange programs, such as supervised consumption services and fentanyl test

strips. This data, which should include both publicly available preliminary data on overdose-related

deaths from the CDC and peer-reviewed research and public reports, is vital for evaluating the

effectiveness of these initiatives [6].

Because of barriers in data processing and quality control, there is a lag in time approximating 6

months to a year from when data is collected to when findings are easily accessible to policy

makers [6]. Thus, the data available to inform public policy is often 1-2 years old and impedes the

ability of states to create effective public health policies that address real-time needs. Studies have

indicated that a potential solution to this issue may be generation of provisional estimates that can

be revised as new data is made available [6]. Overall, these issues call attention to the need for a

predictive, impact-oriented model that can accurately trend fatal overdoses and thereby provide a

baseline for state and local governments to implement evidence-based preventative policies.

Impact-oriented modeling helps guide health care officials, policy makers, and the public to make

informed behavioral health decisions. These models require criteria like accessibility, ease of use,

adaptability, transparency, agility, and responsiveness for informed behavioral health decisions [7].

The AutoRegressive Integrated Moving Average (ARIMA) model is a forecasting method that uses

the past values of a time series dataset to predict future values. The ARIMA model consists of an

autoregressive model, moving average model, and seasonal autoregressive integrated moving

average model [8]. Its application is favored in various analytical scenarios due to its proficiency in

analyzing data characteristics and its reliability in yielding predictions with limited variance, a

feature that is particularly advantageous when addressing questions pertinent to public health [9].

The model has been used epidemiologically in various diseases and medical conditions, for

example, by predicting incidence and location of various infectious diseases such as COVID-19



[10],[11],[12], Tuberculosis [13], and Hemorrhagic fever with renal syndrome from Hantavirus [14],

[15]. Furthermore, these applications have shown that ARIMA models can be highly accurate and

perform well in public health settings, providing a reliable basis for the current research question

[16]. The model has also been used to predict concussion related medical encounters in Ohio

before and after concussion related laws [17], as well as injury mortality in China [18]. Regarding

opioids, the ARIMA model has proven that a real time surveillance program using poison center

data would have been able to predict a fentanyl outbreak 1 month prior and can effectively be used

to monitor heroin-related exposures [19]. The ARIMA model has also been used to evaluate racial

and ethnic disparities in opioid overdose predictions [20]. The use of the ARIMA model in the

above instances has shown to be effective and crucial in making public health predictions and

recommendations to manage the prevalence of diseases. A previous study that explored COVID-

19 epidemiological ARIMA models also found that such models had great merit in providing a

means of data-driven, informed decision-making in the midst of the pandemic, while providing a

fundamentally accurate understanding of the potential magnitude and directionality of future viral

outbreaks.

ARIMA models have established itself as a standard time-series tool to forecast overdose

mortality, often being coupled with other advanced machine learning tools to incorporate real-time

data [21],[22]. Other studies have shown that machine learning algorithms can be useful to

implement for opioid risk prediction in individuals [23], [24], but this is focused on use for clinical

practice not public policy. This manuscript provides a population-level data forecast of the number

of opioid overdose deaths in future years through the use of the ARIMA ML model. This will provide

useful, effective information for designing statewide public health policies.

Objective

The primary objective of this study is to delineate the temporal trends of drug overdose deaths

across the United States and to forecast future incidents using an ARIMA model, utilizing publicly

available CDC data from 2015 to 2021. The analysis will include stratifications by state and key

demographics to pinpoint regional and population-specific trends. Our second aim is to validate the

ARIMA model's forecasts by contrasting them with actual CDC data from the same study period,

ensuring the model's reliability for predicting future trends in drug overdose deaths.

Methods

Data Description

The first dataset used in this study was the annual drug overdose mortality statistics sourced from

the Center for Disease Control and Prevention (CDC)’s National Center for Health Statistics

(NCHS) from 2015 to 2021 inclusive. The CDC NCHS Vital Statistics Rapid Release program

provides the most up-to-date quantitative information about drug-related overdoses in the United

States. Their data from the years 2015 to 2021 was amenable to time series analysis using ARIMA

on a national and state level, but not machine learning techniques, due to a paucity of data. The

second dataset used in this study was the total population data sourced from the United States

Census Bureau. In both the drug overdose mortality dataset and the total population dataset, the

number of people was stratified based on each of the 50 U.S. states and the District of Columbia.

The data for each territory was formatted as a rolling, monthly accumulation of the previous 12-

month period. We used Auto-ARIMA to determine the most predictive ARIMA parameters for

forecasting overdose deaths in the United States, each U.S. state, and Washington D.C. Because

this data was public and/or de-identified data, the study did not constitute human subjects



research, and therefore the institutional ethical review board considered the research exempt from

IRB requirements.

Model Design

Our initial dataset consisted of total overdose deaths for 52 distinct regions, including the United

States, each of the 50 U.S. States, and Washington D.C. The data for each territory was formatted

as a rolling, monthly accumulation of the previous 12-month period. For example, one data point in

a time series could represent all overdose deaths from January 2015 to December 2015, and the

next data point in the series would represent all overdose deaths from February 2015 to January

2016.

We forecasted mortality rates for the years 2021 (ie, January 2021 to December 2021) and 2022

(ie, January 2022 to December 2022) by applying ARIMA to each of these territories’ time series

data, for a total of 52 time series analyses. An ARIMA model requires three parameters: p, d, and

q, with p representing the number of autoregressive terms, d representing the order of differencing

required to achieve stationary data, and q representing the number of lagged forecast errors. In the

classic ARIMA model, the p,d, and q term values need to be provided, and the values with the best

fit are used to determine the most accurate model. In Auto-ARIMA, ML statistical techniques are

used to generate these values; the model itself will generate the optimal p (number of

autoregressive terms), d (number of nonseasonal differences necessary for stationarity), and q

(number of lagged forecast errors in the prediction set) values for the data set given with the goal of

better forecasting along with time efficiency. The value p is the number of autoregressive terms. We

utilized the Auto-ARIMA functionality of the python package pmdarima to programmatically

determine the best order of p, d, and q for each of our 52 ARIMA models. The best ARIMA model

parameters for each territory are displayed in Supplementary Table 1.

ARIMA was selected over other alternative models, such as SARIMA and Prophet, because the

CDC Vital Statistics Rapid Release dataset contains rolling 12-month aggregates (2015-2021),

which can limit the utility of models that depend on seasonality. ARIMA often outperforms machine

learning models that have limited available data which has less prediction errors and narrower

prediction intervals in comparative studies [25],[26]. LTSM network machine learning models

require large training periods, typically 20 weeks or longer, to obtain accurate generalization and

extract the computation resources constrained from datasets [25],[27]. Prophet requires multiple

seasonal cycles that can range from 1-5 years and exogenous covariates [28]. SARIMA obscures

seasonal patterns in aggregated 12-month rolling totals and has great performance with weekly or

month data, but this pre-aggregated structure eliminates the temporal data that provides

meaningful seasonal decomposition [29],[30]. In addition, SARIMA has significant fluctuations in

aggregated public health data, demonstrating lower accuracy improvements over ARIMA [30].

Comparative literature has shown ARIMA to be inferior in datasets with longer time series with

available higher resolutions, conditions not met in this dataset. Thus, ARIMA was the best possible

model based on its structure, temporal resolution, and length of the available CDC dataset.

Analysis

The number of projected deaths for each territory was combined with yearly United States Census

Bureau population data for each corresponding territory to produce an overdose death rate,

calculated as the number of overdose deaths per 100,000 residents, to account for changing

population sizes over time. The projected values were then compared to actual released CDC

2021 data and a root-mean-square error (RMSE) was calculated. RMSE compares predicted and

known values and represents the concentration of data around the line of best fit. Therefore, a



small RMSE indicates a lower difference between predicted and observed values. The range of the

RMSE value is contingent on the dependent variable (actual deaths).

Results

Overall, the U.S. had 107,521 actual deaths and 128,093.2 projected deaths from 2020 to 2021,

and a projected 179,889 deaths from 2020 to 2022. The benchmark between the actual and

ARIMA projections and associated root-mean-square error (RMSE) of the ARIMA model

projections from 2015-2021 are shown in Table 1. We noted that ARIMA model showed variance

in the root mean squared error metric used to measure projection error across the different United

States regions, see Supplementary Figure 1. To further support the validity of the ARIMA model,

we observed a high correlation between the projected number of drug overdose deaths per

100,000 people in 2021 when modelled using 2015-2020 data compared to the actual number of

drug overdose deaths per 100,000 people in 2021 (r = 0.957, p=0.00), see Figure 1A. Moreover,

we observed that the actual rate of drug overdose deaths for several regions fell within the range of

the ARIMA projected value � RMSE in 2021, see Figure 1B.

Figure 1. Benchmark of ARIMA model projections and actual drug overdose death rate per

100,000 people across the United States in 2021. A) Projections of drug overdose deaths per

100,000 people using the proposed ARIMA model are highly correlated with actual drug overdose

deaths per 100,000 people in 2021 (r = 0.957, p=0.00). B) ARIMA model projection with

associated RMSE compared to actual number of overdose deaths per 100,000 people.

Next, we observed an increasing trend of the total number of drug overdose deaths in the United

States from 2015-2021 as shown in Figure 2A. The 2021 projection of the total number of drug

overdose deaths using the ARIMA model is higher than the actual number of deaths. Using a

hierarchical clustering analysis, we identified 4 major groups of regions separated based on

differences in trends of the number of drug overdose deaths from 2015-2021 (actual) and 2022

(projected), see Figure 2B. The ARIMA forecasts predict increasing overdose deaths in the United

States and most U.S. states, with some regions experiencing a near-doubling of overdose deaths

from 2020 to 2022. The number of actual deaths from 2015 to 2021, projected deaths from 2021 to

2022, and projected death rates for 2021 and 2022 are shown in Supplementary Table 2.



Figure 2. Annual drug overdose deaths across the United States from 2015 to 2022. A) Lineplot of

the total number of drug overdose deaths in the United States from 2015-2021 (actual numbers

shown in black) and 2021-2022 (projected numbers shown in red). B) Clustered heatmap of the

number of drug overdose deaths from 2015-2021 (actual) and 2022 (projected using ARIMA

model) across different regions of the United States.



Table 1. The actual number of drug overdose deaths per 100,000 people compared to the

projected number of drug overdose deaths per 100,000 people using the ARIMA model. Root

mean squared error (RMSE) is shown for each ARIMA projected value as a measure of prediction

error.

Discussion

The ARIMA model and data presented in this manuscript represent a preliminary yet invaluable

step toward forecasting overdose deaths and baseline modeling data to measure efficacy of

evidence-based policy designed to address this public health crisis. Using a data modeling

approach, this manuscript attempts to address the lack of real-time overdose death estimates.

Overall the ARIMA model overestimated overdose deaths compared to the actual deaths released

by the CDC and logistic regression. This may be because time series modeling approaches make

predictions based on trends in historical data, and therefore are not always efficient in predicting

quick or unanticipated changes in data trends. In addition, we noted that the ARIMA model may

tend to be more error-prone in projecting overdose deaths for some regions. We purport that these

region-specific errors may be due to potential outlier data in the time series that may make it difficult

to accurately project future values using historical trends.



Our data in state-level stratification revealed heterogeneity in baseline overdose mortality and

projected growth rates, which underscores the nature of the opioid epidemic in America. Regions in

close proximately have similar characteristics such as limitations to accessible healthcare,

substance availability, and policy structures, representing local social and policy influences rather

than national. Demographic stratification was beyond the modeling framework’s scope, thus, future

analysis should include age, race/ethnicity, and other socioeconomic variables.

ARIMA models have been widely used to forecast overdose mortality trends, however, recent

studies demonstrate that classical time series approaches have limitations in modeling rapid trend

shifts, calling for the need to develop machine learning tools that incorporate real-time proxy data

sources [21],[31]. Additionally, studies have used the ARIMA model to predict national trends, but

not state by state projections [21]. Other studies have used best-approximated values, instead of

machine learning [20]. This model can be used to monitor overdose deaths instantaneously and

evaluate the effectiveness of public health interventions swiftly. Being able to understand and

predict the changing fatal opioid overdose dynamics through machine learning can be critical to

guiding public policy for state and federal governments. This form of data is valuable because it is

both reliable and objective as a measurement of overdose deaths. In addition, we noted four major

clusters of regions based on shared trends in the time series of annual overdose deaths (both

actual and projected values). Further research to determine the associated factors, such as public

health policies and availability of healthcare resources, that contribute to similarities and

differences in time series forecasts of overdose deaths for different regions may inform future

policy-making.

One limitation of the ARIMA model is that it needs to be updated frequently to increase precision

and maintain accuracy since due to its application of being a short-time forecast model for

incidence rates. Since ARIMA is a single-factor model that only analyzes the time factor, other

factors that can affect opioid overdose rates such as changes in opioid availability, street

preparations, social norms, and political climate are not adjusted for in this model. Another

limitation is that ARIMA accounts for mortality data while overlooking morbidity and other

associated pathologies that are associated with OUD deaths such as sepsis, bacteremia, chronic

diseases, and behavioral health disorders. This study relies on CDC overdose mortality data which

can be affected by misclassification of overdose deaths, reporting delays, and undercounting. This

can cause conservative or inflated estimates of various areas and influence the projects derived

from the dataset. However, sine ARIMA utilizes temporal continuity over absolute counts,

systematic reporting biases will affect magnitude and not the trend itself.

Future studies can focus on further statistical comparison of predictions from the ARIMA model

with existing CDC data as it becomes available. Furthermore, this model can be compared with

other prediction models to further evaluate the accuracy of this method. The authors strongly

suggest more advanced modeling work with additional data sources in the future to better predict

OUD deaths and create targeted interventions such as encouraging Buprenorphine prescribers

and resources in high mortality areas.
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