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Abstract

Introduction and Aims.—This article examines the feasibility of leveraging Twitter to detect 

posts authored by people who use opioids (PWUO) or content related to opioid use disorder 

(OUD), and manually develop a multidimensional taxonomy of relevant tweets.

Design and Methods.—Twitter messages were collected between June and October 2017 (n = 

23 827) and evaluated using an inductive coding approach. Content was then manually classified 

into two axes (n = 17 420): (i) user experience regarding accessing, using, or recovery from illicit 

opioids; and (ii) content categories (e.g. policies, medical information, jokes/sarcasm).

Results.—The most prevalent categories consisted of jokes or sarcastic comments pertaining to 

OUD, PWUOs or hypothetically using illicit opioids (63%), informational content about 

treatments for OUD, overdose prevention or accessing self-help groups (20%), and commentary 

about government opioid policy or news related to opioids (17%). Posts by PWUOs centered on 

identifying illicit sources for procuring opioids (i.e. online, drug dealers; 49%), symptoms and/or 

strategies to quell opioid withdrawal symptoms (21%), and combining illicit opioid use with other 

substances, such as cocaine or benzodiazepines (17%). State and public health experts infrequently 

posted content pertaining to OUD (1%).

Discussion and Conclusions.—Twitter offers a feasible approach to identify PWUO. Further 

research is needed to evaluate the efficacy of Twitter to disseminate evidence-based content and 

facilitate linkage to treatment and harm reduction services.
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Introduction

Social media has augmented existing approaches to public health surveillance. Twitter’s 

application programming interface offers unprecedented access to user perceptions and 

experiences related to their health in real-time. Indeed, several studies have now reported on 

the feasibility of categorising Twitter content related to emerging tobacco products and 

psychostimulant misuse [1–3]. For instance, Thompson and colleagues reported improved 

perceptions of cannabis among adolescents on Twitter following the legalisation of 

recreational cannabis in California [4].

Twitter is also uniquely positioned to reduce the burden of chronic disease among hard-to-

reach populations who commonly utilise Twitter (i.e. African-Americans, young adults) 

[5,6]. Online communities via Twitter facilitate longitudinal support among peers with 

chronic disease, reduce depression and stress symptoms related to these conditions, and ease 

access to evidence-based content and treatment [7]. However, few studies have monitored 

user-generated Twitter content related to opioid use disorder (OUD). Chary et al. [8] utilised 

natural language processing and user metadata to identify the geographic variation of Twitter 

content describing prescription opioid misuse in the US. Importantly, posts describing 

prescription opioid misuse were semantically distinct from unrelated tweets and correlated 

strongly with National Surveys on Drug Usage and Health state-by-state estimates of 

prescription opioid misuse [8]. Kalyanam et al. demonstrated the feasibility of isolating 

Twitter messages related to prescription opioid misuse risk behaviours and identifying illicit 

prescription opioid sales trafficked via Twitter using an unsupervised machine learning 

algorithm [9,10]. A limitation of these studies is the lack of information pertaining to 

perceptions and experiences with illicit opioids (e.g. heroin, fentanyl), poly-substance use 

and seeking treatment for OUD.

Identifying posts related to illicit opioid use are critical for timing interventions enhancing 

linkage to harm reduction (e.g. naloxone) and treatment during critical susceptible times, 

including opioid-related withdrawal symptoms, overdose and attempts to solicit peers in 

social media for help securing treatment for OUD. Towards elaborating on Twitter content 

related to illicit opioid use that could drive interventions facilitating access to harm reduction 

and treatment for people who use opioids (PWUO), this paper aimed to provide content 

analysis of user perceptions related to illicit opioids (e.g. heroin, fentanyl), including among 

PWUOs, and manually developing a multidimensional taxonomy of relevant tweets.

Methods

Tweets posted between June and October 2017 (n = 23 827) were collected using Twitter’s 

application programming interface over a three-month period from December 2017 to 

March 2018. After evaluating third-party platforms to capture relevant tweets, the study 

team ultimately utilised Twitter Scraper (http://bitlib.org/twitter/index.php). This publicly 

available platform collects tweets included on the public time-line per fixed time intervals. 

Search terms were based on prior studies conducted by the principal investigator pertaining 

to online health information and illicit opioid search patterns among PWUOs [11]. These 
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search terms were then refined after a preliminary review of our Twitter sample, including 

heroin withdrawal (n = 14 479), heroin relapse (n = 3768), where can I get heroin (n = 

1092), did heroin last night (n = 1331), where can I get smack (n = 1490), I am in recovery 
(n = 1149) and tried fentanyl (n = 518)] [11,12]. Tweets were then excluded if they were 

redundant, spam, marketing posts or not in English (n = 6407).

The coding team consisted of medical and public health students (SG, ST, CM), and an 

addiction medicine physician (BT) trained in qualitative research methods. Posts were 

manually classified into two axes: (i) experiences accessing, using or recovering from illicit 

opioids among Twitter users with OUD; and (ii) content categories pertaining to OUD 

posted by all Twitter authors (e.g. policies, medical information, jokes/sarcasm). Tweet 

authors were categorised as PWUO if they elicited any criteria for the diagnosis of OUD per 

the Diagnostic and Statistical Manual for Mental Disorders (i.e. withdrawal symptoms, 

cravings, opioid overdose, desire or unsuccessful efforts to reduce opioid use), requested 

treatment for OUD or were soliciting illicit opioids [12]. The coding team developed and 

refined the coding scheme in daily group meetings using an iterative method to develop, 

split or collapse categories within each of the two axes. A sample of 200 randomly assigned 

tweets was classified by the study team until interannotator agreement surpassed a kappa 

level of 0.7. The sample size of tweets and approach to achieving interannotater agreement 

are similar in scope to prior studies analysing tweets related to substance use disorders [2,4].

The study team then independently classified posts (n = 17 420) and discrepancies regarding 

coding were then discussed at least daily among annotators until consensus was reached. 

The senior author (BT) reviewed 30% of independently coded tweets to ensure adherence to 

the coding protocol.

Results

A total of 17 420 tweets were analysed and categories centered on: (i) jokes, sarcasm or 

metaphors related to OUD, PWUOs or hypothetically using illicit opioids (63%); (ii) 

informational content related to treatments for OUD, overdose prevention and self-help 

groups (20%); and (iii) commentary about government opioid policy or news related to 

opioids (17%; see Figure 1). A subset of informational content pertaining to overdose 

prevention, OUD treatment and policy were authored by state officials and public health 

experts (1%).

Tweets posted by PWUOs (n = 1093) related to identifying illicit sources for procuring 

opioids (i.e. online, drug dealers; 49%), symptoms and/or strategies to quell opioid 

withdrawal symptoms (21%), and combining illicit opioid use with other substances (e.g. 

cocaine, benzodiazepines; 17%; see Table 1). Other posts by PWUOs divulged past or 

present personal experiences with illicit opioid use (6%), efforts to access treatment for 

OUD (2%, n = 25), surviving overdose events (0.5%), or about HIV prevention or treatment 

(0.1%). Posts by family or friends of PWUO recounted their experiences with an 

acquaintance diagnosed with OUD (2%) and often elicited peers for treatment resources and 

emotional support.
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Discussion

Our findings demonstrate the feasibility of leveraging Twitter to identify PWUO and 

caregivers of PWUO posting content pertaining to OUD. Analysed tweets yielded key 

insights into how PWUO, family/friends of PWUO and other individuals utilise Twitter. 

First, PWUO divulge personal information or intentions related to illicit opioids. Second, 

Twitter facilitates peer-to-peer exchange of experiences and informational content pertaining 

to both illicit opioid use and treatment for OUD. Third, reliable information pertaining to 

OUD, prevention, treatment and policy posted by public health experts is limited compared 

to jokes/sarcasm, marketing posts or content promoting or normalising illicit opioid use 

[4,10]. Lastly, Twitter offers family and friends of PWUO a venue to disseminate 

experiences and resources to support treatment for OUD.

The content demonstrates distinct opportunities for public health interventions, including: (i) 

disseminating ‘just-in-time’ treatment and harm reduction services among Twitter users 

posting about adverse experiences or challenges obtaining treatment for OUD using a bot 

system; (ii) guiding public health officials, harm reduction and treatment programs to 

identify Twitter users by location to enhance access to available resources; (iii) confronting 

stigma among general Twitter users posting jokes or sarcastic comments about PWUO or 

public health measures addressing OUD, and educating PWUO about how to intervene on 

stigma; and (iv) empowering caregivers of PWUO to identify harm reduction, treatment and 

stigma education resources.

Limitations to this study include potential interrater variability, misinterpretation of posts 

and incorrect identification of post authors. Our corpus of tweets may lack generalisability 

due to our limited sample size and number of search terms used to identify relevant posts. 

Lastly, Twitter Scraper is unable to capture private content on Twitter.

This study highlights the considerable promise of social media as a feasible platform to 

identify user perceptions and experiences related to illicit opioid use. Twitter offers an easily 

accessible and scalable approach to expand access to evidence-based interventions for OUD. 

Future research should assess the efficacy of Twitter-based interventions encouraging 

PWUOs on Twitter to link with harm reduction and treatment services.
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Figure 1. 
Flow chart of search and exclusion of tweets, n (%). OUD, opioid use disorder; PWUO, 

people who use opioids.
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