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BACKGROUND: Multiple areas in the United States of America (USA) are experiencing high 

rates of overdose and outbreaks of bloodborne infections, including HIV and hepatitis C virus 

(HCV), due to non-sterile injection drug use. We aimed to identify neighbourhoods at increased 

vulnerability for overdose and infectious disease outbreaks in Rhode Island, USA. The primary 

aim was to pilot machine learning methods to identify which neighbourhood-level factors were 

important for creating “vulnerability assessment scores” across the state. The secondary aim was 

to engage stakeholders to pilot an interactive mapping tool and visualize the results.

METHODS: From September 2018 to November 2019, we conducted a neighbourhood-level 

vulnerability assessment and stakeholder engagement process named The VILLAGE Project 

(Vulnerability Investigation of underlying Local risk And Geographic Events). We developed a 

predictive analytics model using machine learning methods (LASSO, Elastic Net, and RIDGE) to 

identify areas with increased vulnerability to an outbreak of overdose, HIV and HCV, using census 

tract-level counts of overdose deaths as a proxy for injection drug use patterns and related health 

outcomes. Stakeholders reviewed mapping tools for face validity and community distribution.

RESULTS: Machine learning prediction models were suitable for estimating relative 

neighbourhood-level vulnerability to an outbreak. Variables of importance in the model included 

housing cost burden, prior overdose deaths, housing density, and education level. Eighty-nine 

census tracts (37%) with no prior overdose fatalities were identified as being vulnerable to such 

an outbreak, and nine of those were identified as having a vulnerability assessment score in the 

top 25%. Results were disseminated as a vulnerability stratification map and an online interactive 

mapping tool.

CONCLUSION: Machine learning methods are well suited to predict neighborhoods at higher 

vulnerability to an outbreak. These methods show promise as a tool to assess structural 

vulnerabilities and work to prevent outbreaks at the local level.
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INTRODUCTION

The United States of America (USA) has faced a growing opioid and overdose crisis 

for nearly a decade (Rudd et al., 2016). Despite the magnitude of this crisis, many 

regions of the US are not fully aware of the community-level factors that may make their 
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region susceptible to an outbreak of drug overdose and infectious disease transmission 

associated with non-sterile injection drug use (IDU) (Van Handel et al., 2016). Outbreaks 

of bloodborne infections, particularly HIV and hepatitis C virus (HCV), are increasingly 

more common among people who use drugs (PWUD) (Crowley & Millett, 2017; Zibbell 

et al., 2015). Factors such as an adulterated or changing drug supply, restricted access to 

sterile equipment for injection, and high frequency of injecting behaviors have been found 

to impact regional susceptibility to a rapid outbreak (Des Jarlais et al., 2016). The sudden 

outbreak of HIV and HCV in the rural community of Austin in Scott County, Indiana in 

2015 served as a wake-up call to the emerging complexities of the opioid crisis (Mercado­

Crespo et al., 2014; Rudd et al., 2016; Scholl, 2019).

One of the key interventions for preventing HIV and HCV infections are syringe service 

programs (SSPs) (Crowley & Millett, 2017); however, due to laws limiting SSP availability 

(Davis et al., 2019), counties in Indiana were only allowed to implement SSPs after an 

official public health emergency had been declared (Golding, 2017). Additionally, case 

investigations reported large networks of people sharing injecting equipment and more 

frequent injections due to injecting prescription opioids, two factors that contributed to 

county-level risk (Des Jarlais et al., 2016). Given that the only mechanism to detect an 

outbreak was through surveillance of HIV testing data, there was a delay in responding 

to the outbreak (Conrad et al., 2015). It has been estimated that a legal SSP program 

established prior to the Indiana outbreak could have reduced the scope of the HIV outbreak 

by up to 90% (Goedel et al., 2020).

In response to this staggering HIV outbreak among PWUD, the Centers for Disease Control 

and Prevention (CDC) conducted a nationwide vulnerability assessment of US counties at 

risk of an outbreak of HIV and HCV. The CDC used epidemiological models to forecast 

which counties may be at risk based on shared characteristics with Scott County, Indiana 

(Van Handel et al., 2016). Epidemiological models are policy tools used to predict outbreaks 

of infectious diseases and forecast the course of the outbreak and potential routes for 

intervention (Metcalf et al., 2015). The CDC’s 2016 vulnerability assessment by Van Handel 

et al. sought to identify potential predictors of a region’s susceptibility to an outbreak of HIV 

and HCV by developing a vulnerability index ranking of US counties. In doing so, states 

could be better informed and prepared to intervene. As a result of their model, 41 of the 

highest ranked 220 counties in the US were identified as being in the state of Tennessee (Van 

Handel et al., 2016), prompting the development of a subsequent statewide epidemiological 

model. Rickles et al. iterated on the 2016 model by focusing exclusively on counties in 

the state of Tennessee and, by including additional statewide surveillance data, generating 

state-specific data to help guide policy making decisions at the county level (Rickles et al., 

2018).

The methods used by Van Handel et al. in 2016 also found that few counties in the 

Northeastern and Northwestern US were vulnerable to an outbreak when using acute HCV 

infections as a proxy (see Table 1. Glossary) for injection drug use patterns. However, 

subsequent outbreaks of HIV among PWUD have occurred in several Northeastern cities 

within Massachusetts, including Boston, Lawrence, and Lowell (Cranston et al., 2019; 

Freyer, 2019; Schumaker, 2018). The lack of timely data representing factors related to 
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changes in regional drug patterns may have contributed to this gap in results, as the 

emergence of the illicit opioid fentanyl is thought to be a major factor in the Massachusetts 

HIV outbreak, in part due to more frequent daily injections (Cranston et al., 2019). Shared 

and non sterile injecting equipment can be a large driver of bloodborne disease transmission 

(Dasgupta et al., 2019; Zibbell et al., 2018). Furthermore, the region was in the midst of 

an increasing overdose crisis due to the fentanyl-adulterated drug supply and recent rise in 

HCV infections (Alpren et al., 2020).

The HIV outbreak in Massachusetts was particularly concerning for the neighboring state 

of Rhode Island, where accidental overdose deaths are a public health crisis (Carroll et 

al., 2017; Marshall et al., 2017; Mercado-Crespo et al., 2014). Fentanyl overdose deaths in 

Rhode Island increased by almost 90% from 2011 to 2017, and most occurred as a result 

of injection drug use (Marshall et al., 2017; Mercado et al., 2018). Finally, Rhode Island 

and seven other state jurisdictions were excluded from the Van Handel et. al, 2016 analyses 

because no data on HCV infection existed, leaving room for further examination of available 

data sources and methods, particularly in the context of an overdose crisis.

In recent years, public health officials have turned to machine learning methods (see Table 

1. Glossary) to develop enhanced forecasting models for multiple public health issues, 

including overdose mortality, firearm violence, and HIV acquisition (Adams et al., 2018; 

Goin et al., 2018; Reeping et al., 2019; Trinquart et al., 2019). Machine learning methods 

use computational methods and algorithms to process and analyze large amounts of data, 

using more complex approaches than traditional epidemiological surveillance methods (Bi 

et al., 2019). Furthermore, these machine learning algorithms have been shown to create 

robust predictions that are critical to understanding individual risk factors as well as complex 

structural factors and pathways for intervention (Lo-Ciganic et al., 2019).

Following this trend, and with funding and technical assistance from the CDC, a team at 

Brown University School of Public Health (Brown) worked in partnership with the Rhode 

Island Department of Health (RIDOH) to adapt and build on the methods of Van Handel et 

al. The primary aim was to pilot machine learning methods to create a statewide predictive 

model that identified significant factors for “vulnerability assessment scores” (see Table 

1. Glossary) across the state (see Figure 1). Vulnerability assessment scores are measures 

to capture the overall combination of factors that may affect a neighbourhood’s relative 

risk for an outbreak of overdose, HIV and HCV (see Table 1. Glossary). The secondary 

aim was to engage with community-based and state agency stakeholders to offer context 

and validity to the vulnerability assessment scores and pilot an interactive mapping tool 

that would visualize the results by neighbourhood or town (see Figure 1). Rhode Island 

was an ideal state to construct the predictive model given its highly developed drug 

overdose data surveillance and collection systems and policy environment, allowing for 

robust collaboration between state and academic institutions (Marshall, 2018; Marshall et 

al., 2017; Waye et al., 2018). We named this work The VILLAGE Project (Vulnerability 

Investigation of underlying Local risk And Geographic Events).
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METHODS

Design

From September 2018 to November 2019, a research team at Brown University conducted 

a neighbourhood-level vulnerability assessment of Rhode Island using supervised machine 

learning methods (see Table 1. Glossary). During that same timeframe, in collaboration 

with RIDOH, Brown engaged a group of local stakeholders once per quarter to review 

the machine learning process, vulnerability assessment scores, and mapping tools. This 

project was a contracted public health evaluation (see Table 1. Glossary), defined federally 

as a systematic investigation conducted on behalf of a state agency and designed for local 

implementation (Office for Human Research Protections (OHRP), 2016), and did not fall 

under the definition of human subjects research. Therefore, it did not qualify for the 

Institutional Review Board (IRB) human subjects review. All data sharing described in 

the following sections was conducted under a fully executed Data Use Agreement between 

RIDOH and Brown.

AIM 1: Supervised Machine Learning Model

Data Sources—The vulnerability assessment conducted by the CDC in 2016 (Van Handel 

et al., 2016) used national datasets with geographical detail at the county-level, including 

indicators from the CDC’s Social Vulnerability Index (SVI) (see Table 1. Glossary). To build 

on prior work, we focused on the need for even greater geographic granularity, as county­

level data are not useful for resource prioritization in Rhode Island, a densely populated 

state with just five counties in total. Furthermore, even within cities, overdose mortality rates 

can vary substantially across neighbourhoods (Visconti et al., 2015). Therefore, in addition 

to SVI indicators, we identified additional statewide surveillance data that were available 

at the census tract level—smaller units within each county representing approximately 

4,000 people per tract and a total of 240 tracts in Rhode Island, roughly the size of a 

neighbourhood or small town (US Census Bureau, 2019). We grouped these statewide 

indicators together as “all variables except SVI” for comparison. SVI and all other statewide 

indicators were geocoded and aggregated to the census-tract level. To include data at the ZIP 

code level, we used a percentage calculation based on the proportion of census tracts within 

the ZIP codes (Henry & Boscoe, 2008). For example, if the number of treatment admissions 

in a specific ZIP code was 500, and the ZIP code straddled two census tracts equally, then 

the estimated number of treatment admissions was also partitioned equally (i.e., 250 in each 

census tract). To create a final census tract-level dataset for analysis, we joined state-specific 

variables to publicly available geographic datasets, such as the US Census and the American 

Community Survey. All variables representing medians with missing values were dropped 

from the analysis. For all other predictor variables, missing data were recoded as zero. 

Finally, as described in the Outcome Variable section below, we used 2017 overdose deaths 

in Rhode Island as our model outcome, representing a proxy for injection drug patterns that 

may lead to an overdose and infectious disease outbreak. We chose to use this proxy because 

of the completeness of the data available at the census tract level and the need for timely 

data to capture changes in the drug supply (i.e., fentanyl adulteration). Full data source 

descriptions and a list of variables are available in the Supplemental File.
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Predictor Variables—Machine learning algorithms allowed for an analysis of the large 

amounts of data for this evaluation to find the most relevant set of predictor variables for 

neighbourhood-level vulnerability. Several methods, described below, were used to train our 

model to “predict” a specified output (2017 overdose deaths), and recognize which variables 

had the strongest prediction power. Through these methods, we were able to analyze the 

variables that the literature he had previously identified as possibly predictive for risk of 

a future outbreak related to injection drug use (Rickles et al., 2018; Van Handel et al., 

2016), dependent on their availability at our desired geographic level (i.e., census tract). We 

included variable domains from Van Handel et al., 2016 that were found to be associated 

with their proxy for injection drug use (acute HCV infection 2012–2013), including drug 

overdose mortality, access to care (evidence of use of care or treatment services related to 

IDU), and sociodemographic characteristics associated with geographic areas with higher 

IDU prevalence (Van Handel et al., 2016). We were unable to include domains for access 

to prescription opioids, survey-based data regarding the prevalence of IDU, and drug-related 

arrests, as they did not include census tract level detail at the time of our analysis. Such 

factors might have provided additional predictive power for injection drug use patterns if 

they had been available.

Next, we included the CDC’s 2016 SVI factors, which are characterized by four themes: 

1. socioeconomic elements such as education level and income, 2. household makeup, 3. 

demographics such as race and ethnicity, 4. housing units and access to transportation (CDC 

Social Vulnerability Index (SVI), 2020). The additional statewide indicators, categorized 

as “all variables except SVI,” included data on the counts and locations of historical 

injection and non-injection overdose deaths between 2014 and 2016, treatment availability 

data (including the number of buprenorphine and methadone providers), and the location of 

structures and facilities (such as hospitals, recreation areas, and schools). Other indicators 

specific to injection drug use patterns included methadone treatment admissions whose 

primary route of drug use was injection (2014–2016).

Ultimately, to determine the utility of SVI variables in our dataset and overall model, we 

separated the predictors into three sets, and performed a dimension reduction process on 

each, explained in detail under Statistical Analyses. These separated datasets included: (1) 

SVI variables only, (2) all the variables except for SVI variables, and (3) all the variables.

Outcome Variable—Because no nationwide surveillance data exists to represent injecting 

risk behaviors, prior models have used the Summary of Notifiable Infectious Diseases 
and Condition—United States database for acute HCV infections in 2012–2013 (Rickles 

et al., 2018; Van Handel et al., 2016) as a proxy for county-level risk of an infectious 

disease outbreak of HIV and HCV. Statewide surveillance data for HCV is unavailable for 

many states, including Rhode Island, as federally funded HCV reporting and surveillance 

programs are limited (CDC Viral Hepatitis, 2021). HIV cases related to injection drug use 

were less than 5 per year in Rhode Island, consistent with the low HIV infection rates found 

in Indiana prior to the outbreak (Conrad et al., 2015). Rapid testing data for both HIV and 

HCV in Rhode Island only occurred at several fixed site locations in the capital city of 

Providence and did not include individual addresses. However, Rhode Island does have a 

robust and timely surveillance system for accidental drug overdoses (Jiang et al., 2018). 
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Therefore, in our model, counts of accidental drug overdose deaths in each census tract in 

2017 were used as a proxy to infer neighbourhood-level risk for susceptibility to an outbreak 

of overdose, HIV and HCV, and defined as the model outcome. As described previously 

(Marshall et al., 2017), cases were considered confirmed accidental drug-related overdose 

fatalities if: (i) the death was pronounced in Rhode Island; (ii) the final manner of death was 

deemed an accident by the medical examiner, and (iii) a drug is listed on the death certificate 

as the primary cause of death or a significant contributing factor. We geocoded overdose 

deaths at the census tract level based on the place of injury, which was obtained from police, 

Emergency Medical Services (EMS) ambulance run reports, or other files contained in the 

autopsy reports.

Statistical Analyses—To implement the machine learning model, we used the Elastic 

Net method, a dimension reduction method that chooses predictors by shrinking model 

coefficients toward zero, through manipulation of the alpha term (Hastie & Qian, 2014). 

The method allows for alpha values between 0 and 1, and is analogous to performing ridge 

regression when the alpha value is set to 0, and performing LASSO when the alpha value is 

set to 1. (Osman et al., 2017).

The primary purpose of using the Elastic Net method was to reduce the dimension, or 

size, of the data. Specifically, Elastic Net is powerful for variable selection when there are 

many variables but a small number of data records (Zou & Hastie, 2005). We determined 

the relevant variables using the glmnet package in R (Hastie & Qian, 2014). The package 

uses l(y,η), the negative log-likelihood, and adds an elastic net penalty in the second term. 

The lambda variable controls the overall strength of the penalty (Hastie & Qian, 2014). 

Through this method, we determined coefficients for each variable of interest. Coefficients 

that approach zero indicate that the variable does not have strong predictive value, and 

therefore the variable could be discarded, a process called “regularization.” The dataset was 

split into a training set (70%) and test set (30%) by the rule of balancing the splits of data 

according to the outcome variable and to preserve the overall class distribution of the data, 

using the “caret” package found in R software (Gholamy et al., 2018; Hastie & Qian, 2014; 

Kuhn, 2008).

The offset in our model was defined as the log of the total population of each census tract. 

Estimation of coefficients of the included predictors was done by 10-fold cross-validation 

on the training set. The number of possible lambda values in the sequence tested had been 

set as 100 and ratio between the maximum and minimum lambda value as 10^(−6), while 

the largest lambda at which the mean square error (MSE) was within one standard of the 

minimal MSE was used in the final model in each scenario (Krstajic et al., 2014). Predicted 

values and MSE were calculated on the testing set. In order to choose the best fitting model, 

several models were created and compared with different values of alpha in increments of 

0.1 (the range being 0–1).

In addition to the standard Poisson model, negative binomial, zero-inflated poisson, and 

zero-inflated negative binomial models were also attempted but these failed to converge. 

All statistical analyses were conducted in R software version 3.5.2 (R Core Team, 2014). 

All of the stated machine learning models with a Poisson distribution were performed using 
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the “glmnet” package, while both the negative binomial and zero-inflated models were 

performed using the “mpath” package (Hastie & Qian, 2014; Tibshirani et al., 2012; Wang, 

2019).

Finally, our elastic-net regularized Poisson regression estimated the number of overdose 

deaths for each census tract in Rhode Island. We used the estimated number of 2017 

overdose deaths in each census tract as the vulnerability score, a proxy for the risk of future 

overdoses and drug-related harms including overdose, HIV and HCV infection. Based on the 

vulnerability assessment scores from our model, a forecasting heatmap was created using 

ArcGIS software Version 10.4 (Environmental Systems Research Institute (ESRI), Release 

Date: February 18, 2016). The variables of importance are statistically generated predictors 

with non-zero coefficients after regularization. We define “importance” as the magnitude of 

mean change in vulnerability assessment scores given a one-unit increase in the predictor.

AIM 2: Stakeholder Engagement & Mapping Tool

Evaluation Design—Stakeholders were recruited through statewide email listservs and 

focused outreach with community-based organizations that provided harm reduction and 

prevention services in collaboration with RIDOH. Ultimately, a total of 13 individuals 

agreed to participate in the advisory group for one year. Members represented local expertise 

on community-based street outreach, syringe exchange, naloxone distribution, and HIV and 

HCV testing and care services.

Data Collection—The stakeholders met four times between November 2018 and 

November 2019 and were offered US$50 per meeting. Each meeting was structured to 

increase understanding of the data sources and the machine learning model process. 

Meetings included a brief presentation on the datasets used in the predictive model and 

any preliminary results. Stakeholders offered feedback on the machine learning results, the 

terminology used relating to drug user health, and contextualization of results (Yedinak 

et al., 2019). The meetings also included discussions on creating mapping tools for a 

wider audience of service providers. Stakeholders reviewed the vulnerability score results 

and helped determine how to present the maps to the statewide community. The decision 

was made by stakeholders not to show individual census tract ranks or predicted overdose 

counts on the maps. Stakeholders wanted to avoid negative perceptions of areas with higher 

vulnerability assessment scores and mitigate the perception of model precision if predicted 

vs. actual overdose counts did not align.

RESULTS

For Aim 1, we applied the model to the state of Rhode Island which included a population of 

1.1 million people across 240 census tracts. The corresponding MSE values for each model 

were: (1) 1.11 for SVI Variables only, (2) 1.37 for all variables except SVI, and (3) 1.44 

for all variables. The final model used option (2), all the variables except for SVI variables, 

to build the map. We chose this model because it was important for our stakeholders’ 

understanding of our model, and to build on previous work by incorporating timely and local 

surveillance data. Our final machine learning model was an elastic-net regularized Poisson 
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regression (alpha = 0.4) which selected group variables and an alpha value that minimized 

the MSE.

The model predicted fifteen variables of highest importance based on standardized 

coefficient magnitudes (see Figure 2.), representing protective and risk factors that 

contributed to the final statewide vulnerability assessment scores. Variables that lowered the 

census tract-level vulnerability assessment scores included the percentage of (1) households 

with income from interest, dividends, or net rent, (2) males aged 25 years or older with a 

bachelor’s degree, and (3) housing units with complete kitchen services, while variables that 

increased the score included (1) housing cost burden, (2) overdose deaths from 2014–2016, 

(3) percentage of residents aged 15 years or older who are divorced, and (4) number of 

injection-related overdose deaths from 2014–2016.

The machine learning prediction models were suitable for estimating relative vulnerability 

assessment scores at the neighbourhood-level for the state of Rhode Island, using 2017 

overdose fatality counts as the proxy outcome (see Supplement File). The final forecasting 

heat map ranked the census tracts predicted to be at higher risk for experiencing future 

outbreaks of overdose, HIV and HCV, relative to other census tracts in the state (See Figure 

3). The census tract with the highest predicted overdose count (5.4) captured the highest 

“Risk Level,” while the census tract with the lowest count (0.1) captured the lowest “Risk 

Level” on a continuous color scale. Eighty-nine census tracts (37%) with no prior overdose 

fatalities were identified as vulnerable to an outbreak, and nine of those had a vulnerability 

assessment score in the top 25% (See Figure 4).

For the second aim, the stakeholders finalized both a community report of the vulnerability 

stratification map and an online interactive version of the mapping tool. They then helped 

facilitate a statewide workshop to share the VILLAGE Project findings—a half-day event 

held in November 2019. A total of 65 participants attended the free workshop and 

breakout sessions. The final results of the work were printed and presented in a plain­

language white paper format for community distribution, “The VILLAGE Prevention Plan: 

Improving prevention efforts and health outcomes for people who use drugs” (Yedinak et 

al., 2019). The Plan was posted online with interactive Google Maps for use by community 

organizations on the statewide data dashboard website, www.PreventOverdoseRI.org, and 

presented at subsequent statewide meetings.

The vulnerability assessment results were transformed into a risk stratification map (Figure 

3), for use in a request for proposals for syringe service programs. Applicants were asked to 

provide services to the neighbourhoods identified as having higher vulnerability assessment 

scores while preparing their proposals. RIDOH then used the map to ensure optimal 

coverage for the highest risk areas through their contracting process.

Three neighbourhood-based intervention approaches were recommended to help address 

risks for injection-related outbreaks of overdose, HIV, and HCV. These were based on 

neighbourhood-level interventions and were named 1) Universal Precautions, 2) Scale Up, 

and 3) Take it Further. First, we recommended a “Universal Precautions” campaign to 

extend access to existing low-barrier interventions to all neighbourhoods--for example, 
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syringe service programs, naloxone, fentanyl test strip distribution (Krieger et al., 2018) and 

free hepatitis vaccinations for PWUD (Bowman et al., 2014; Page et al., 2013; Spada et 

al., 2005). Next, we recommended a “Scale Up” approach for communities with medium 

or high-risk vulnerability assessment scores to increase resources. Suggestions included a 

neighbourhood-level needs assessment survey and increased the use of advanced practice 

practitioners to improve engagement in healthcare (Brooklyn & Sigmon, 2017; Sylla et 

al., 2007). Finally, we recommended a “Take it Further” campaign to pilot low-barrier 

practices in the communities with the highest risk scores. Examples included a Medication 

First model (Winograd et al., 2019) for prescribing medications for opioid use disorder 

(MOUD) and expanded settings for HCV treatment using nurse practitioners (Olson et al., 

2015) through co-located treatment services (Rich et al., 2018). Additional solutions gaining 

traction across the US include overdose prevention programs, also known as supervised 

consumption sites (Roth et al., 2019).

DISCUSSION

The results of this study demonstrate that machine learning methods are a suitable technique 

for identifying neighborhoods at high risk of overdose and infectious disease outbreaks, 

but that engagement with public health professionals, community-based harm reduction 

organizations, and other key stakeholders throughout the model development, validation, and 

dissemination process is critical for uptake. This work also suggests that census tracts may 

be at risk for an outbreak even with no prior history of overdose fatalities, as predicted 

by the model. The final variables of importance, however, are consistent with the types of 

factors identified in previous studies in that they focus heavily on socioeconomic status, 

household characteristics and composition, and housing types (Linton et al., 2017; Nandi et 

al., 2006; Perlman & Jordan, 2018). The variables for total housing cost burden and more 
than 1 housing occupancy per room were identified as important predictions, indicating that 

structural vulnerability and housing density variables may help us further understand the 

neighbourhood-level factors that may lead to an outbreak. The 2016 Van Handel study found 

a total of six variables that were significant for predicting county-level risk, which primarily 

reflected the previous knowledge of opioid drug use in rural regions of the US (Suryaprasad 

et al., 2014), including factors such as prescription opioid sales, unemployment, and white 

race and non-Hispanic ethnicity (Van Handel et al., 2016). We included unemployment, 

white race, and non-Hispanic ethnicity in our models but they were not found to be 

as important as other predictors. As the regional dynamics of the overdose crisis and 

persistence of fentanyl continue to evolve, local structural characteristics, race and ethnicity, 

and timely surveillance data offer important considerations for understanding and addressing 

neighbourhood-level factors that may contribute to injection drug use patterns (Goedel et al., 

2019; James & Jordan, 2018; Perlman & Jordan, 2018).

Prior research (in addition to analyses of historical surveillance data in the state of Rhode 

Island) has shown that neighbourhood-level overdose burden can change rapidly in both 

space and time (Li et al., 2019). For this reason, resource allocation decisions based 

on surveillance data alone may not be responsive to emerging regional risks and needs, 

particularly given the delays and lack of available data for testing and diagnosis of HIV and 

HCV. Prediction methods—such as those demonstrated here—hold promise for informing 
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more efficient and equitable deployment of resources to prevent overdose and infectious 

disease outbreaks before they occur.

In Rhode Island, the resulting vulnerability assessment scores provided localized data to 

help inform resource allocation as well as funding and programmatic decision-making based 

on neighbourhood factors. The inclusion of a stakeholder engagement process for the second 

aim was designed to create more buy-in from the organizations that may use the results 

of the vulnerability stratification map to inform service delivery. By offering a community­

wide workshop, the stakeholder group helped raise awareness of the vulnerability score 

mapping and increase community acceptability for using machine learning predictions 

to adapt local service delivery. Stakeholders led multiple educational breakout sessions 

on harm reduction interventions, stigma and data-driven service delivery. Ultimately, this 

evaluation highlighted the potential for implementation studies to better understand the role 

of community organizations in the successful uptake of machine learning-derived products 

into statewide practice.

LIMITATIONS

While important and impactful, this evaluation had several methodological and practical 

limitations, and results should be interpreted with caution. First, for the machine learning 

model in aim 1, no statewide measure of injection drug use exists, and we relied on overdose 

deaths at the census tract level as a single proxy for injection drug use patterns. The Van 

Handel et al. 2016 study and the Rickles et al. 2018 study used acute HCV incidence 

2012–2013 as a proxy for injection drug use (Rickles et al., 2018); however, data for acute 

HCV infections in Rhode Island are unavailable, and we were unable to incorporate those 

measures into the machine learning model. HIV case data with prior injection drug use 

was available at the census tract; however, the yearly totals for confirmed cases related to 

injection drug use were less than five per year and had little impact on model performance. 

HIV case data were excluded from final analyses. Additionally, not all data sources we 

surveyed included sufficient geographic information to use at the scale of our analysis (i.e., 

census tract level).

Second, given the accelerating overdose crisis in Rhode Island (Hallowell et al., 2020), more 

attention should be paid to novel and dynamic datasets that could inform factors related to 

a regional outbreak, including emerging trends in overdose patterns or changes in the drug 

supply. For example, several studies have evaluated the feasibility of using internet searches 

or online forum posts to predict state- or county-level trends on overdose morbidity and 

mortality (Bowen et al., 2019; Campo et al., 2020; Young et al., 2018).

Third, for aim 2 we did not formally evaluate the stakeholder engagement sessions 

and workshop to examine whether the format increased stakeholder confidence and 

understanding of the machine learning model and map tools. Future work should also 

focus on further testing these methods for reproducibility across regions, while examining 

the uptake of machine learning methods into statewide practice. Finally, the results are not 

widely generalizable, as they were designed with local input and data sources in mind.

Yedinak et al. Page 11

Int J Drug Policy. Author manuscript; available in PMC 2022 October 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



CONCLUSION

Machine learning methods offer the potential for generating new insights to enhance existing 

surveillance efforts and offer resources for early intervention and innovation within the 

neighbourhoods identified as at-risk for an outbreak. The process of applying new, novel 

methods to emerging and overlapping infectious disease and overdose epidemics offers 

the opportunity to increase the complexity of the data used by state health departments to 

drive resources to vulnerable neighbourhoods. Recognizing the implications of vulnerability 

assessment scores, local policy leaders have the opportunity to deploy innovative and 

forward-thinking methods for geographically prioritizing harm reduction and overdose 

prevention interventions, which are particularly impactful when designed in collaboration 

with key stakeholders and service-delivery organizations.
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HIGHLIGHTS:

• Injection drug use is a driver for emerging outbreaks of HIV and HCV.

• We assessed risk for an outbreak in a state with a high burden of overdose.

• Machine learning methods can identify neighborhood-level factors for risk.

• Identification of neighborhood-level factors can guide interventions.

• Local experts in service delivery provide important context for data 

interpretation.
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Figure 1. 
The VILLAGE Project Workflow
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Figure 2. 
Protective factors and risk factors contributing to statewide vulnerability assessment scores 

in Rhode Island, US.
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Figure 3. 
Vulnerability assessment score stratification across census-tracts in Rhode Island, US
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Figure 4. 
Newly predicted vulnerability assessment scores by census tract, Rhode Island, US
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Table 1.

Glossary

Term Definition

Outbreak We use the term outbreak to refer to a significant increase in the incidence of accidental drug overdose, HIV, or hepatitis 
C (HCV) transmission in a region. Regional susceptibility to an outbreak can be assessed by identifying structural factors 
such as changes to the drug supply, availability of syringe service programs and prevention services, and access to 
affordable housing.

Proxy We use the term proxy because no clear data exists for what we are hoping to measure, neighbourhood injection drug 
use patterns and related health outcomes, so we chose a single variable to best represent, or infer, those patterns. In The 
VILLAGE Project, we used 2017 overdose deaths in Rhode Island as our model outcome, representing a single proxy for 
IDU-related behaviors that may lead to an outbreak.

Machine 
Learning

Machine learning is an analytical approach that uses computational methods and algorithms to process and analyze large 
amounts of data (Bi Q., et al., 2019). They have been shown to create robust prediction models that (in this case) can help 
identify complex structural factors and pathways for intervention (Lo-Ciganic et al., 2019).

Supervised 
Machine 
Learning

Supervised machine learning refers to when the machine learning methods rely on a “training set” to help cross-validate 
the results and evaluate the accuracy of the predictions. In The VILLAGE Project, we split 70% of the dataset into a 
“training set”, and the remaining 30% was used as the “test set” consistent with common standards for cross-validation in 
the field (Gholamy et al., 2018).

Evaluation The VILLAGE Project was determined to be a public health evaluation, rather than a research study, because the activities 
were conducted on behalf of a state health department and designed for local implementation. Therefore, it does not meet 
the US federal definition of human subjects research according to 45 CFR 46 Protection of Human Subjects (Office for 
Human Research Protections (OHRP), 2016).

Vulnerability
Assessment 
Score

The machine learning methods used helped to identify significant variables in the data, such as community factors, that 
might increase the likelihood of the model outcome--in this case it was overdose deaths, our proxy for an outbreak. 
Looking at the combination of significant variables for each neighbourhood, we were able to assign vulnerability 
assessment scores across the state to represent the areas at higher risk (relative to other areas in the state) for experiencing 
overdose deaths. This work builds on previous studies of regional vulnerability using risk scoring, with HCV infection as 
a proxy for an outbreak (Rickles et al., 2018; Van Handel et al., 2016).

CDC’s Social
Vulnerability 
Index
(SVI)

The US Centers for Disease Control and Prevention (CDC) created a Social Vulnerability Index (SVI) using 15 US 
Census data variables to help identify regions potentially in need of increased resources in the face of natural disasters or 
public health emergencies (CDC’s Social Vulnerability Index (SVI), 2021).
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