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Abstract

Opioid use disorder (OUD) is a leading health problem that
affects individual well-being as well as general public health.
Due to a variety of reasons, including the stigma faced by
people using opioids, online communities for recovery and
support were formed on different social media platforms. In
these communities, people share their experiences and solicit
information by asking questions to learn about opioid use and
recovery. However, these communities do not always contain
clinically verified information. In this paper, we study natural
language questions asked in the context of OUD-related dis-
course on Reddit. We adopt transformer-based question de-
tection along with hierarchical clustering across 19 subreddits
to identify six coarse-grained categories and 69 fine-grained
categories of OUD-related questions. Our analysis uncovers
ten areas of information seeking from Reddit users in the
context of OUD: drug sales, specific drug-related questions,
OUD treatment, drug uses, side effects, withdrawal, lifestyle,
drug testing, pain management and others, during the study
period of 2018-2021. Our work provides a major step in im-
proving the understanding of OUD-related questions people
ask unobtrusively on Reddit. We finally discuss technologi-
cal interventions and public health harm reduction techniques
based on the topics of these questions.

Introduction
Opioid use disorder (OUD), a substance use disorder, is a
problematic pattern of opioid use that causes significant im-
pairment or distress (Centers for Disease Control and Pre-
vention, National Center for Injury Prevention and Control
2021). OUD can lead to overdose or death. In 2021, opioid
overdoses accounted for over 100,000 deaths in the United
States alone (Spencer, Miniño, and Warner 2022). In 2017,
the U.S. Department of Health and Human Services declared
the overdose crisis a public health emergency (HHS 2021).

*Work done while at UC San Diego
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Despite the increased attention paid to the prevention of opi-
oid overdose, death rates are at an all-time high. OUD is a
complex public health problem that encompasses a variety
of substances, both prescription and illicit.

People with OUD can be stigmatized on multiple levels.
First, individuals with OUD can be perceived as dangerous,
of moral failure, and labeled by pejorative terms such as
“addicts” (McLaren et al. 2023). In response to the pub-
lic stigma, people with OUD can experience internalized
stigma and distress which is detrimental to their health. Fi-
nally, anticipated stigma is another layer of stigma expe-
rienced when a person with OUD is aware of these neg-
ative societal attitudes and develops expectations of being
rejected. All the layers of stigma lead to people with OUD
seeking information and social support through social me-
dia outlets that provide anonymity and a less judgmental
environment (Yao et al. 2020). In particular, people with
OUD use communities on Reddit to discuss substance mis-
use (Balsamo et al. 2023), alternate treatments (Chancellor
et al. 2019a), and recovery attempts (Bunting et al. 2021a).
In these online spaces, individuals can freely share their ex-
periences, ask questions, and receive support during recov-
ery.

Scholars have investigated content in online OUD com-
munities, shedding light on various aspects of this press-
ing public health issue. Prior studies examined the preva-
lence of alternative treatments for OUD recovery (Chan-
cellor et al. 2016), conducted a thematic analysis of posts
about buprenorphine-naloxone (Graves et al. 2022), defined
event categories for characterizing information-seeking in
OUD social discourse (Sharif et al. 2023), and developed
computational methods to detect misinformation (ElSherief
et al. 2021, 2024) related to medications for OUD. A signif-
icant amount of content in online communities is structured
in a Question and Answer (Q&A) format (Mamykina et al.
2011; Asaduzzaman et al. 2013; Hong et al. 2020; Fu and
Oh 2018). Despite these efforts, there remains a significant
gap in understanding the types of questions individuals pose
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regarding OUD on social media platforms. This gap is cru-
cial, as it speaks to the informational needs and uncertainties
within the online OUD support communities, underscoring
the necessity for further investigation into this domain. This
study bridges the gap by detecting, analyzing, and identify-
ing the nature of questions posed by individuals with OUD
through an analysis of 204,559 posts on Reddit. Understand-
ing the nature of these questions will enable the design of
public health interventions as well as opioid overdose pre-
vention training guided by signals of pervasive questions and
misconceptions on social media.

Given the ever-increasing volume of social media data,
it is essential to develop computational techniques that can
scale with the size of the data (Stieglitz et al. 2018). Var-
ious hybrid approaches using Natural Language Processing
(NLP) and machine learning have been proposed in the liter-
ature (Park, Conway, and Chen 2018; Glowacki, Glowacki,
and Wilcox 2018; Jenhani, Gouider, and Said 2019) to study
drug use on platforms like Reddit and Twitter. Recent studies
have also attempted to computationally analyze the preva-
lence of OUD misinformation on popular platforms like
Reddit, YouTube, Twitter and Drugs-Forum (ElSherief et al.
2021). However, to the best of our knowledge, no known
studies focus on the nature of questions asked by users en-
gaging in OUD-related discussions.

Our Contributions. Public health communicators strug-
gle to understand the extent of discussions around opioids
by individuals who use substances and what questions are
of greatest importance to such individuals (Volkow and
McLellan 2016; D’Agostino et al. 2017). To address this
concern, the present work performs the first large-scale anal-
ysis of opioid-related questions, drawing on advances in
NLP and unsupervised learning. We apply a mixed meth-
ods strategy to highlight the questions asked by people who
use opioids followed by topical analysis of these questions
to identify the key areas that allow public health commu-
nicators to prioritize their efforts to address opioid related
questions and potential misinformation. Our contributions
are threefold:

1. We propose a NLP-based framework for the detection
of questions in unstructured and noisy social media text.

2. We implement this framework on 19 expert-curated
OUD-related communities (subreddits) on Reddit to uncover
the nature and topics of emerging questions on OUD.

3. Based on our findings, we provide recommendations for
public health policies and online moderation strategies.

We partner with public health experts throughout the pro-
cess. The experts, coauthors on this manuscript, are staff at
the U.S. Centers for Disease Control and Prevention (CDC)
with diverse backgrounds ranging from clinical medicine to
expertise in health services research, data science, and pro-
gram administration relevant to substance use. First, we de-
velop an unsupervised learning approach to automatically
detect questions from 204,559 posts. Next, we build a mean-
ingful summary of each post that explains the post in less
than 100 words. We combine the summaries and questions
and perform dense semantic clustering. Finally, we present a
qualitative analysis by highlighting the key questions being

asked by people who used opioids. We discuss design and
public health implications of this work.
Ethics and Privacy. The data used for this research was
publicly available when downloaded, and there was no in-
teraction between the authors and social media users. Con-
sequently, this work did not qualify for approval from the
relevant Institutional Review Board. To protect the privacy
and anonymity of the users, we conducted all the analysis on
firewalled servers and did not upload code/data on any pub-
lic cloud. In addition, we made minor edits to the reported
user questions to avoid re-identification and reduce the trace-
ability of users. We did not process any Reddit user-specific
or demographic fields from Reddit in our analysis so that a
user’s race, sex, age, or other private attributes are protected.

Related Work
Studying OUD Support Forums
Social media provides online forums for people to make
connections that may influence attitudes and behaviors. Var-
ious analyses have been conducted on these forums to un-
cover these behaviors (MacLean et al. 2015; Kim et al.
2017; Rubya and Yarosh 2017; D’Agostino et al. 2017)
and monitor unethical activities (Sarker et al. 2016; Sarker,
DeRoos, and Perrone 2020). For example, Hanson et al.
(2013) analyzed Twitter data to observe the conversation
and engagement of these networks with regard to prescrip-
tion drug misuse. They found that Twitter users who dis-
cussed prescription drug misuse online are surrounded by
others who also discuss it, potentially reinforcing the nega-
tive behavior. Young people and pregnant women have been
found to be the most vulnerable to misinformation related
to the dissemination of opioid use practices (Cavazos-Rehg
et al. 2018; Liang et al. 2021). Further, social media plat-
forms have been identified as a potential source of illegal
promotion of the sale of controlled substances directly to
consumers (Katsuki, Mackey, and Cuomo 2015; Sequeira
et al. 2019). In the case of cannabinoids, for instance, re-
search has identified content that describes, encourages, pro-
motes (Fullwood, Kecojevic, and Basch 2016), and nor-
malizes the consumption of illicit substances (Krauss et al.
2017; Chary et al. 2017). The topics deduced by our pipeline
underscores these findings at a larger scale on recent data,
highlighting the current gaps in online toxicovigilance.

Analyzing Reddit in View of OUD
Reddit has been a preferred social media platform in the
study of OUD experiences, disclosures, and support seeking
or provisioning (Lu et al. 2019). Balsamo et al. (2021) de-
veloped a word embedding based procedure to find alterna-
tive terms referring to opioid, their routes of administration,
and drug-tampering methods. Chancellor et al. (2019b) pro-
vided the first large-scale Reddit based study of alternative
treatments for OUD recovery. They adopted machine learn-
ing across 63 subreddits to precisely identify posts related
to opioid recovery and discovered potential alternative treat-
ments. Graves et al. (2022) conducted a thematic analysis of
posts about buprenorphine-naloxone from the subreddit r/-
suboxone. They applied NLP to generate meta-information
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and curate samples of salient posts. Kepner, Meacham, and
Nobles (2022) examined the sources of stigma that people
seek support for on Reddit by comparing posts with and
without stigma keywords and identified the type (condition,
intervention) and source (provider-based, public, self, struc-
tural) of stigma. (Sharif et al. 2023) was the first to define
event categories for characterizing information-seeking on
Reddit where they focused on r/suboxone subreddit. No-
tably, they observed low quality annotation through crowd-
sourcing the categories and eventually relied on in-house ex-
perts. We draw inspiration from these past works and apply a
larger scale deep learning aided process with experts-in-the-
loop to uncover topic trends specifically surrounding OUD
questions.

Analysis of Q&A on Social Media
The high volume of data generated via Q&A websites is
an essential asset to understanding how the members share
knowledge, how they behave and how useful these web-
sites are for them. While there have been studies on many
Q&A websites, the majority of the effort has been towards
Stack Overflow1. Mamykina et al. (2011) showed that Stack
Overflow was more effective at getting questions answered
than other Q&A websites with high response rates and
fast response times. Asaduzzaman et al. (2013) explored
why questions go unanswered and Wang, Chen, and Has-
san (2018) identified factors that lead to fast answers. Re-
searchers have examined user opinions (Linares-Vásquez
et al. 2014), pain-points (Cummaudo et al. 2020), topics
(Rosen and Shihab 2016; Barua, Thomas, and Hassan 2014;
Beyer et al. 2020), and overall behavior (Sadowski, Stolee,
and Elbaum 2015). Studies have also investigated methods
of improving Stack Overflow, such as helping users find the
information (Nadi and Treude 2020; Zhang et al. 2019a),
identifying expert users and using their knowledge to help
the community (Ford et al. 2018).

Fewer studies explored the content of other Q&A com-
munities. Hong et al. (2020) have analyzed how users share
knowledge on a health Q&A website, and (Fu and Oh 2018)
analyzed the quality of answers on social Q&A websites.
Other studies have provided ways of improving Q&A web-
sites, such as increasing the overall politeness (Wang 2021),
increasing the popularity of academic answers (Zhang et al.
2019b), finding experts to answer questions (Shen et al.
2020; Procaci et al. 2019), and improving the way the com-
munity welcomes new users (Santos et al. 2020).

The effectiveness of hierarchical clustering in captur-
ing complex structures in textual data is supported by Hu,
Li, and Liang (2019), who proposed a framework using
deep contextualized embeddings to model fine-grained word
senses and their temporal evolution. Additionally, Ding et al.
(2024) introduced a multi-step reasoning framework lever-
aging prompt-based large language models to analyze so-
cial media language patterns and their association with na-
tional health outcomes. Their study demonstrates the po-
tential of advanced language models in extracting nuanced
patterns from social media discussions, which can inform

1https://insights.stackoverflow.com/survey/2020

public health strategies. Furthermore, Romano et al. (2024)
developed a theme-driven keyphrase extraction framework
tailored for social media, designed to capture clinically rel-
evant keyphrases from user-generated health texts. This ap-
proach facilitates the identification of salient concepts within
specific themes, enhancing the analysis of social media dis-
course.

These studies collectively highlight the importance of ad-
vanced modeling techniques in capturing the hierarchical
and dynamic nature of textual information, thereby enhanc-
ing the effectiveness of clustering and topic modeling ap-
proaches.

Data
We leveraged Reddit as a platform for our study due to
the array of advantages it embodies. Reddit is a growing
social media and content curation site with over 300 mil-
lion monthly active users and over 100,000 active commu-
nities. 2 Additionally, Reddit does not have a restrictive char-
acter limit (10,000 characters for a comment and 40,000
for a post) for the posts so users can provide detailed in-
formation. The posts (called “submissions” in Reddit) are
organized in communities that discuss specific substances,
such as (r/Methadone, r/naltrexone, r/oxycodone, r/kratom)
allowing for ease of identification on forums related to opi-
oids. For example, the subreddit r/suboxone describes itself
as ‘A subreddit created to provide a place for discussion on
Suboxone and other forms of buprenorphine, welcome to all
whether it be short-term or long-term usage for MAT, for
pain management’ and has 20.4k members. Finally, Reddit
provides an important source of social support and mutual
aid for persons who use opioids. Prior work indicates that
online social support networks are beneficial to persons who
use opioids, particularly during events where isolation from
other social support resources may occur (Bunting et al.
2021b).

We used the Pushshift API to collect Reddit posts from
January 2018 to September 2021 (Baumgartner et al. 2020).
Prior work identified 21 subreddits where OUD discus-
sions take place (ElSherief et al. 2021). Public health co-
authors of this paper inspected and validated the subred-
dits’ relevance to OUD. We identified 19 subreddits relevant
to our study: r/Carfentanil, r/fentanyl, r/heroin, r/heroinad-
diction, r/HeroinHeroines, r/kratom, r/lean, r/loperamide,
r/Methadone, r/naltrexone, r/oxycodone, r/opiates, r/Opi-
atesRecovery, r/OpiateChurch, r/OurOverUsedVeins, r/Opi-
atewithdrawal, r/quittingkratom, r/suboxone, r/Tianeptine.
We dropped r/modquittingkratom and r/opiatesmemorial
from our analysis since these subreddits contain very few
posts (4-10 samples) and are inactive.

We filtered the data for posts with text only and excluded
posts marked as ‘[removed]’/‘[deleted]’ by the API. We col-
lected a total of 204,559 submissions at the end of the filter-
ing process. Table 1 summarizes the descriptive statistics of
the dataset. The number of posts per subreddit ranged from
43 to 90,015, with a mean of 14,336 posts, median of 3787,

2https://foundationinc.co/lab/reddit-statistics/
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and a standard deviation of 23,306 posts. We present macro-
statistics such as mean text length in characters, mean num-
ber of tokens, and mean sentence count in Appendix Table 2.

Unique subreddits 19
Total Posts 408,398 Avg Text Length 509.87
Non-Text posts 135,981 Avg No. of Tokens 97.27
Deleted/removed posts 67,858 Avg. No. of Sents. 6.4
Text posts 204,559

Table 1: General statistics of the Reddit dataset obtained via
Pushshift API for 19 subreddits relevant to OUD. The period
of study is January 2018 to September 2021.

Methods
Data Processing Pipeline
Due to a lack of labeled text data, we constructed an unsu-
pervised learning based processing pipeline. Firstly, we pre-
processed our Reddit data by filtering to focus on text-only
posts. Then, text-only posts were normalized. Text normal-
ization allows us to expand lexical contractions and correct
common spelling errors. We processed the data for correct-
ing errors like typos, expanding contractions and abbrevia-
tions, and unconventional spellings. We then detect the ques-
tions using a deep neural network classifier and filter out
posts that do not contain any questions. The questions and a
machine generated extractive summary of the text are used
to then cluster the posts into meaningful topics using hierar-
chical clustering. The natural language processing compo-
nents are explained in detail as follows.
Text Normalization. Social media language is comprised
of errors like typos, abbreviations, unconventional spellings,
phonetic substitutions, and other lexical variants. One ap-
proach to normalizing social media text is to preprocess
posts to produce a more standard rendering of these lexical
variants. For example, ‘se u 2morw!!!’ could be normalized
to ‘see you tomorrow!’. Such a normalization approach is
useful as a preprocessing step for applications that rely on
keyword match or word frequency statistics, such as topic
analysis. We tokenized the data using NLTK (Bird, Klein,
and Loper 2009).

To preprocess the text, we used the Lexnorm pack-
age (Dirkson et al. 2019) to remove URLs, email addresses,
and personal pronouns. Lexnorm is specifically designed
for medical social media data which closely relates to the
domain of our subreddits. Contractions with apostrophes
were expanded (eg. ‘don’t’ → ‘do not’) and subsequently,
those without apostrophes were expanded based on a dic-
tionary. Domain-specific abbreviations were expanded with
a lexicon of domain-specific abbreviations expansions using
Lexnorm. For spelling corrections, the package provides an
unsupervised spelling correction module that uses the corpus
to construct a set of probable correction candidates based on
relative token frequency and edit distance threshold. After
normalizing the text, we perform sentence segmentation us-
ing a rule-based spacy model3

3https://spacy.io/api/sentencizer. The following is an example

Raw Text: Ive recently taken interest in researching
kratom and as a noob I wanted to run smthing by you guys.

Normalized Text: i have recently taken interest in re-
searching kratom and as a someone who is new i wanted
to run something by you guys .
Question Detection. The task of determining whether a sen-
tence is a question is complicated in the case of Reddit posts
since social media posts have irregular sentence formation
and not every question is ended with a question mark. We
use a finetuned BERT-based question classifier with a BERT-
mini (Turc et al. 2019) backbone to detect whether each
sentence in a post is a question.4 On average, the number
of question marks per post is 0.78 (Appendix A1 Table 2).
Compared to this naive approach of counting ‘?’, the classi-
fier detects 1.6 questions per post on average, indicating that
we capture more nuanced questions using a trained model
than a simple regex capture of ‘?’. To assess the performance
of the question detector on our domain, a random sample of
100 posts was annotated through crowdsourcing. Four an-
notators were tasked to label the posts indicating whether a
question indicates a question or not. This process resulted in
a Fleiss κ (Fleiss 1971) of 0.77 indicating strong agreement
(annotation details in Appendix A1). The naive question
mark-based detector scored an accuracy of 68% whereas our
model scored an 80% accuracy (12% points improvement).

Additionally, we analyzed the position of a question in a
post to determine if questions tend to appear at the very be-
ginning of a post or the end. Appendix A1 Figure 3 indicates
that for most of the posts, the questions tend to appear at the
end (59.4% of posts harboring a question in the last three
sentences). We dropped posts from our analysis that did not
contain any questions, resulting in a total of 150,436 posts
for analysis. The position of the question helps in identifying
relatively which part of the post would need to be considered
to establish a minimal baseline summary (explained in next
section) of posts longer than 100 words on average.
Summarization. After processing and normalizing the
posts, we produced a short (max 100 tokens) summary of the
posts for public health experts to utilize for any downstream
task-specific labeling. This was achieved using a distilled
version RoBERTa trained on summarization task (Shleifer
and Rush 2020). We also prepared a baseline summary of
each post to contrast with the model summary. The base-
line is constructed by extracting the question in the post and
a maximum of two sentences before the question. If there
were multiple questions in a post, we repeat the procedure
for every question and concatenate the outputs. We calcu-
lated the BLEU (Papineni et al. 2002) and ROUGE (Lin
2004) scores of the model summary relative to our base-
line and report the results in Appendix A1 Table 3. Our
ROUGE scores range between 0.41-0.86 indicating moder-

of a normalized text from the dataset.
4The model weights were pre-initialized from the huggingface

model (Wolf et al. 2020) Question Detection Model Weights
https://huggingface.co/shahrukhx01/question-vs-statement-
classifier. The model was trained on a Quora-based classi-
fication dataset 5 with a reported 99.7% accuracy on Kag-
gle https://www.kaggle.com/code/shahrukhkhan/question-vs-
statement-classification-mini-bert.
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Figure 1: Data Processing Pipeline. We first preprocess Reddit posts by normalizing text and correcting errors, then using a deep
neural network to detect and filter questions. Then, we cluster the model generated summary of these posts into meaningful
topics using hierarchical clustering.

ate to strong overlap.
Topic Modeling. Next, we looked at categorizing the posts
by topics, or clustering. To cluster the posts into inter-
pretable topics, we followed a multi-step process. First,
in order to get a meaningful vector representation of the
text, we concatenated the title, model-generated summary,
and the extracted questions to form a single passage per
post and generate its embedding through a sentence em-
bedding model. The title and post text provide additional
context especially when the questions are incomplete and
reference topics in the posts. For example, for a question
like ‘how would it help?’, the ‘it’ can be inferred only on
the basis of the post content. Prior work leveraged titles
as the target summaries for text summarization models to
learn from (Hugging Face 2024). Thus, the titles act as a
high level summary while the summary of the post captures
salient fine-grained information from the post. We employed
a Mini-LM model (Reimers and Gurevych 2019), a compute
efficient and high performance model, for generating 384
dimensional sentence embeddings for each post. Since we
only use the title and summary (maximum of 100 tokens),
we are able to process longer text posts without any length
challenges.
Compression. The dimension of the sentence embedding is
384 which is considerably high for running a clustering al-
gorithm in reasonable time given the size of our dataset and
the curse of dimensionality. Hence, we compressed the data
to a lower dimensional space such that the embeddings still
preserved a similar locality structure as that of the higher
dimensional space. We used UMAP (McInnes, Healy, and
Melville 2020) algorithm which is a general purpose dimen-
sion reduction technique. We set the number of neighbours
to 15 and metric as cosine to get 5-dimensional embedding
vectors.
Clustering. Real-world textual information is not grouped
under single independent domains but is rather composed in
a hierarchy of domains. Classic topic modeling is unable to
model the correlations among these hierarchies because of
a single distribution over topics in each document. There-
fore, hierarchical clustering (Liu et al. 2016) has been used
recently for topic modelling on social media text (ElSherief
et al. 2024). One of the popular algorithms for this task is
HDBScan (McInnes, Healy, and Astels 2017). HDBScan re-
quires a minimum cluster size as a hyperparameter. In order

to find the best value for this parameter, we ran a search over
multiple values between 3 and 600 6 with the goal of opti-
mizing the average coherence score (UMass Coherence)7.
We found the optimum cluster size to be 200 correspond-
ing to 69 clusters (Refer to Appendix A1 Figure 4a for de-
tails). Additionally, we conducted a rapid qualitative analy-
sis (Vindrola-Padros and Johnson 2020) of the clustering re-
sults of the embedding. The five public health expert review-
ers concluded that the models performed well and messages
assigned to each topic were appropriate, indicating strong
coherence of the approach.
Topic Interpretation. In order to find the top relevant words
in the cluster to explain the topic of that cluster, we com-
puted the TF-IDF (Sammut and Webb 2010) score of each
word with respect to the documents in its cluster. Then, we
used the Maximal Marginal Relevance score to get the top
4 keywords per topic, using the BERTopic (Grootendorst
2020) python library. Appendix A2 Table 4 gives examples
of a few generated topics from the corpus.

Results
Our experiments with the clustering models led to the identi-
fication of 69 topic clusters. For each of these topics, we ex-
tracted 100 posts that were closest to their respective cluster
centroids. Our public health authors gave each topic a well
defined name guided by the most salient keywords given by
the topic modelling pipeline and the questions asked in the
posts. To assess the performance of the model-based clus-
tering process, two reviewers coded 207 randomly sampled
posts (3 posts per each of the 69 topics). Each reviewer in-
dependently assessed the proportion of posts correctly as-
signed to a given topic, yielding similar results (95.2% and
96.1%). The inter-rater agreement between the reviewers as
calculated via Cohen’s Kappa was 0.72 indicating substan-
tial agreement. Appendix A2 Table 5 shows the 69 individ-
ual topics of interest. For ease of display and discussion, the
69 topics were then grouped by the public health coauthors
into 10 higher level categories: drug sales, specific drug, ad-
diction treatment, drug use, side effect, withdrawal, lifestyle,

6We ran the search over the values (3, 5, 7, 9, 12, 15, 20, 25,
30, 50, 100, 150, 200, 220, 240, 250, 260, 500, 600) with euclidean
metric

7The UMass Coherence score was calculated using gensim li-
brary (Rehurek and Sojka 2011)
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(a) Distribution of Topic Groups (b) Distribution of Top 20 topics

Figure 2: Topics categorized into groups by public health experts based on the top 100 relevant posts in every topic. Drug sales
accounts for the highest volume by topic groups (a) which is also evident in the top 20 topics (b) where topics of the dark web
and vendors have the highest counts.

drug testing, pain management, and miscellaneous. The ma-
jority of the topics fall under the ‘drug sales’ group (38.9%)
followed by topics on ‘specific drugs’ (17.7%) and ‘addic-
tion treatment’ (16%). Figure 2a shows the overall distribu-
tion of the 10 categories. Further, when we look at the most
popular individual topics (Figure 2b), we see that most of the
social media chatter is about the purchase and sale of sub-
stances (37.6%). This topic surpasses the number of posts
that ask questions about suboxone dosing, the second most
popular topic and an approved treatment for OUD (8.4%),
by a large margin.

Major Topics
Example posts are shared and briefly discussed below for
the 7 most prevalent topics out of the 69 topics identified via
unsupervised learning.
Questions about Dark Web. A large proportion of users
asked questions about how they can procure opioids, such
as through illicit online sales. One user asked, “I just read
the rules about how dark web how tos. but as the rules
said , there are specific reddits for that. So could someone
point me in a trustworthy reddit page for that?”. Another
user asked about Empire, a dark web market: “For those
that browse the onions? is empire a solid site?” The im-
pact of COVID-19 on the Dark Web has also been noted,
with anonymization techniques enabling illegal operations
and posing risks to individuals seeking to bypass IP moni-
toring mechanisms (Razaque et al. 2021). For instance, one
user wanted to know how to setup a Virtual Private Net-
work (VPN) service: “Can someone walk me through how
to use to VPN on iPhone and can anyone explain how to
use the onion?” The COVID-19 pandemic led to lockdowns
in many locations making it difficult for individuals who
use substances to access in-person networks for purchasing
substances and increasing reliance on the Dark Net Market

(DNM): “Buying on the DNM. Safe during these ones of
Corona? Was thinking of buying off the dnm. anyone else
had any issues during these times?” The pandemic has af-
fected drug utilization trends, raising concerns about the
safety of purchasing opioids during these times (Hong et al.
2021).

Questions about Suboxone dosing. The questions in this
topic mostly pertained to timing and dosing of suboxone
based treatment for OUD, whether alone or in combination
with other substances. The timing and dosing of suboxone-
based treatment for opioid use disorder (OUD) are criti-
cal considerations for individuals seeking effective manage-
ment (Graves et al. 2019). Evidently, we have questions
about timing: “if i took 4mg of suboxone at 8a.m. this morn-
ing when will it be cool to do opiates again? it is been 24
hours since i last used any fent. should i be okay to take a
sub or should i wait longer.?”, and about quantity: “do you
know how many days do you have to taper from 21mg of
suboxone to 0? i want to know about the fastest tapering?”
In the context of combining suboxone with opioid pain re-
lievers, it is essential to consider potential interactions and
adverse effects (Hassan et al. 2023). Users inquired about
mixing suboxone with opioid pain relievers like Percoret:
“Anyone been on low dose suboxone and ran out? We’re u
okay? What would happen if you took a Percocet ten hours
after ur last dose took 12mg yesterday morning , is it worth it
if i were to buy some dope? or should i wait longer ” Users
also asked questions about combining naltrexone (another
treatment of OUD) with suboxone: “when can i take nal-
trexone after suboxone? how soon can you take naltrexone
after suboxone? i only took one sub over the last 5 days and
this morning i ran out of suboxone and like to take naltrex-
one.”

Questions about Promethazine and Codeine. Promet-
hazine is an antihistamine primarily used to treat allergies
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and motion sickness. Codeine is an opioid pain reliever most
commonly used to treat pain and to reduce coughing. It is
available in combination with Acetaminophen or Aspirin
and in some cough and cold medications. Combining the
use of promethazine and opioids has been reported, includ-
ing among individuals injecting drugs, as it is thought to po-
tentiate the “high” from opioids (Lynch et al. 2015). The
growing popularity is evident from questions like: “i have
been searching for information on promethazine since i got
a shitload of it for free. can it be used for anything positive or
should i just get rid of it? hope any of you have experiences
with it.” and “i have a ton of promethazine from chemother-
apy and i read that if you combine it with opiates you get
pretty high. any body know how much to mix? any informa-
tion would be great thanks !”.

Drug tampering practices, with the aim to enhance drug
effects, are accessible on the Internet and are practiced
by a growing number of people who use drugs (Pascali
et al. 2018). One such process is Cold Water Extraction
(CWE) (Harnett et al. 2020), a technique used to extract a
substance from a mixture via cold water; CWE came up fre-
quently in the context of codeine: “i usually have about 8
pills so is it safe to drink on 240mg of codeine? is it even
safe to drink on any amount of codeine? if so how many
beers/shots maximum.” “How does separating codeine from
acetaminophen work using cold water extraction?”
Questions about urine drug testing. Individuals who have
to undergo drug testing either due to law enforcement ac-
tion or job requirements tended to ask about how to achieve
a negative result. As observed in previous studies, this in-
cludes pausing medication, excessive hydration with drink-
ing water or detoxification beverages, or use of synthetic
urine (Kim et al. 2018): “I’m a daily user of a gram to maybe
1.5 a day and have a drug test on Friday (urine) how long
will I have to stop for it to be out of my urine? I know it lasts
longer for heavy users so I really need some answers here
on what you guys think.” “hey so i have been off oxys for
about 11 days , just got hired at a new job. well i have to
take a urine test in the next 24 hours. i am a skinny girl , will
i pass? anyone had this happen and pass? any advice will
be appreciated !”
Questions about injecting. Prolonged drug use can lead to
vein damage and sclerosis (Ciccarone 2017), making it chal-
lenging to access veins for injection and it is crucial to con-
sider the complications associated with this practice (Pieper
et al. 2009). Individuals who inject drugs frequently reported
problems accessing veins and sought out information on in-
jection advice. For instance, “How do I find new veins? I
smoked for about 3 years and switched to shooting. My first
2 weeks i kept missing and was just stabbing my veins and
not injecting. Now I can’t get any blood to draw back when
I hit them.” Some ask about injection through veins in the
legs instead of arms and the size of needles: “i have been
searching online for any kind of guide for finding the veins
that can be injected into in the legs - beyond charts warning
about all the arteries in the upper legs and describing groin
injection. should i be using a different sized needle?”.
Questions about counterfeit drugs. Counterfeit medicines
are medicines that are deliberately and fraudulently mis-

labelled with respect to identity and/or source. Accord-
ing to the United States Drug Enforcement Administration,
drug criminal networks are responsible for mass-producing
fake prescription opioid pills. These counterfeit pills can be
mixed with a potentially lethal dose of other drugs, such as
fentanyl (O’Donnell et al. 2023). Some users asked about
aspects of pills they purchased, to infer if they were fake or
real, including color, shape, fragility, and if certain pills are
still produced. One user asks the community to send pictures
to corroborate the medication they purchased. “Does anyone
get the Sandoz 40mg wafers? The ones with the E 132. If so
can you send me couple pics front back side. Do they fake
these? Thanks”. Another user inquired about aspects of the
opioid pain reliever, Percocet. “my friend came back from
mexico with some pink perc 10s but there was not anything
on the pill and it was big like a rp20 but it broke easily and
the powder was white. does anybody know if these are real
or not?” We note that users tend to use imprint text on pills
and numbers indicating dosage to colloquially refer to cer-
tain medications in this type of questions. Examples include
the following questions “have you all seen fake rps, even the
30s?” and “are alg 264s soft and scratched up?” (both ref-
erencing Oxycodone Hydrochloride). This provides insights
on question phrasing and how persons who use opioids refer
to certain medications.
Questions about Tramadol. Another emerging topic in the
natural language of questions was related to the synthetic
opioid Tramadol. Research on Tramadol has shown that
those prescribed Tramadol have a higher risk of death in
comparison to those prescribed anti-inflammatory medica-
tions (Damiescu et al. 2021; Zeng et al. 2019). The misuse
of Tramadol has contributed to the overdose crisis (Peprah
et al. 2020). For this topic, users asked about building tol-
erance and higher dosages. “i am wondering why tramadol
has given me a better high , and a better feeling when i take
it , and also a better feeling the day after i have taken them.
i have had hydros and its not the same. they are not as po-
tent , and it comes on more harsh. is that because my tol-
erance is higher from tram? i have taken 200 - 250mg of
tramadol before , felt great. and i have taken 25mg of hydro
and it felt like a less strong and shorter lasting version of
tramadol. any explanations or comments would be appreci-
ated. : )” and “I’v built a tolerance to 500mg tramadol so
how do i get the magic again? do i just increase the dosage
to 600 of 700+mg thanks”. Another user asked about the
utility of Tramadol for the management of oxycodone with-
drawal. “Can tramadol help u get off oxy”.

Major Topic Groups
Table 5 shows the distribution of the 69 topics when grouped
via public health experts into larger categories or themes.
Ten categories were ultimately identified, with drug sales-
related questions being most prevalent, followed by ques-
tions about specific substances and addiction treatment.
These categories provide a more macro-level perspecive on
the main themes or questions being asked in the forums.
Procuring substances, as noted previously, is a dominant
theme and consistent with the large and worsening substance
use and overdose crisis in the United States. Of note, ad-
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diction treatment related questions comprised the third most
popular category. This is an encouraging finding as ques-
tions about treatment reflect demand for recovery services.

Discussion
This study sought to address a fundamental need in pub-
lic health communication efforts–better understanding the
questions that individuals who use opioids are asking on so-
cial media and what information they are seeking. To date,
health and public health related communications largely
have originated from expert-derived perspective and content.
While valuable, many health experts may not have lived ex-
perience pertaining to substance use, which may adversely
affect the relevance and utility of health information that
is produced and disseminated. Indeed, owing to the diffi-
culty in understanding and synthesizing large volumes of
unstructured text data, it has not been possible to quantita-
tively guide health experts based on large scale information
from the perspectives of individuals who use substances.
Our work fills this important gap by developing and ap-
plying computational methods in combination with public
health expert review to assess large volumes of actual ques-
tions asked by individuals who use substances to more fully
elucidate the questions and information that the platform
users may be most interested in. An exploration of these
themes has relevance for public health practice and preven-
tion strategies.

Concerningly, we found that the largest share of questions
discussed the procurement of substances, such as via dark
web markets and similar modalities. The prevalent nature of
these questions is a reflection of the ongoing opioid over-
dose crisis in the U.S. and the high burden of OUD among
individuals. The majority of questions about drug procure-
ment discussed topics such as the use of the dark web, virtual
private networks including the “onion” or “tor” networks,
and help to identify vendors. While many health profession-
als recognize that individuals may purchase substances on-
line, the scale of these activities may not be fully appreci-
ated. This suggests that an area of increased relevance for
communication is sharing appropriate cautions about risks
associated with procuring substances. While some studies
have begun to explore this area (Li et al. 2021) there is a
need to better understand how health professionals can best
share prevention information with individuals who procure
substances online. For example, recent research examined
where users were procuring sodium nitrite, a substance used
in suicide attempts, to help inform a discussion of possible
prevention strategies (Das et al. 2024).

Drugs, of a wide variety of classes, can be intentionally
or unintentionally contaminated with highly lethal synthetic
opioids, such as fentanyl. Individuals seeking substances
procured from sources online highlights concerns about the
complexity of overdose prevention in drug markets where
the composition of substances cannot be readily ascertained.
For this reason, harm reduction strategies such as the provi-
sion of fentanyl test strips, are being pursued by some com-
munities as a means by which individuals can learn whether
substances they intend to consume may contain lethal con-
taminants (Peiper et al. 2019).

Over 17% of questions posted were related to specific
drugs, ranging from comparatively benign substances such
as poppy seeds to illicit opioids such as heroin. Notably,
many questions around specific drugs were related to emerg-
ing drugs such as kratom and tianeptine (Marraffa et al.
2018). Emerging substances are particularly prone to misin-
formation due to the lack of established information regard-
ing the dangers of the substance from trusted communica-
tors to address misinformation claims. Monitoring specific
drug questions can inform health communicators to provide
more timely and targeted guidance for specific and emerging
drugs that may not yet be in the purview of public health.

Only 16% of posted questions referenced addiction treat-
ment and consistent with the fact that utilization of MOUD
continues to lag. In 2020, 11.2% of people with opioid use
disorder received MOUD (SAMHSA 2021). Further, access
to care is not consistent across the US. Twenty-eight mil-
lion Americans live more than ten miles from the nearest
buprenorphine provider (Langabeer et al. 2020). In addi-
tion, studies demonstrate that persons who use drugs seek
out buprenorphine for treatment of withdrawal symptoms
or self-treatment of OUD (Gandhi et al. 2022). Evidence
supports better OUD treatment outcomes among those who
use non-prescribed buprenorphine prior to entering treat-
ment (Williams et al. 2022). Taken together, these issues
may account for the posted questions referencing addiction
treatment.

Questions around drug use made up the fourth most preva-
lent topic we identified, indicating that people who use sub-
stances do use online forums to seek out advice on using
substances. There is growing attention in public health to
harm reduction strategies for OUD, such as overdose edu-
cation, naloxone distribution, syringe-services, and use of
drug-checking supplies (Sue and Fiellin 2021), which can
be promoted in online environments as a way to attempt to
reduce the risk of death among individuals who are actively
using substances.
Implications for Design and Public Health. A salient topic
for this work is the pragmatic implications for public health
and prevention efforts. While awareness of misinformation
as a threat to health is growing, there remain practical knowl-
edge gaps to guide the work of public health professionals.
At a macro-level, helping to surface a quantitative awareness
of what are the key questions that individuals who use sub-
stances are asking, helps to elucidate the areas where health
misinformation may appear. This awareness is a first step
in aiding public health professionals to combat misinforma-
tion. For example, misinformation on a given topic may be-
come prominent if there is absence of official health infor-
mation from trusted sources. This can be a particular chal-
lenge for new health topics in which scientific information
is emerging, however, such knowledge can help to focus re-
search and knowledge-generation efforts on these high pri-
ority areas. Additionally, while health officials may have a
priori hypotheses about what are the primary areas for con-
cern for health misinformation, quantitative approaches such
as those presented in this manuscript can provide improved
validation or adjustment of hypotheses, something that has
not been heretofore possible.
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Furthermore, methods such as those employed in this re-
search can help public health and healthcare professionals
better understand salient topics of interest to patients. For ex-
ample, as shown in Table 5, the most prevalent topic within
the drug use group was injection drug use. Injection drug
use is of considerable significance given the elevated risk of
acquiring or transmitting infectious diseases, including the
human immunodeficiency virus (HIV), which can result in
notable community outbreaks (Peters et al. 2016). Addi-
tionally, injection drug use can pose other unique health-
related harms such as bloodstream infection, sepsis, and
infective endocarditis (Rudasill et al. 2019). Ongoing dis-
cussions about injection drug use online indicate continued
need to work to prevent such use and provides an oppor-
tunity for enhanced education to occur in online environ-
ments. As an additional example of public health relevance,
the side effect category was comprised of over 10 unique
concerns arising from the use of substances. Pharmacovig-
ilance, which is the science of detection of adverse events
from medicines, is continually striving for earlier detection
of such adverse events. While such work has historically fo-
cused on analyis of traditional clinical data, there is grow-
ing recognition of the value of online data to inform phar-
macovigilance efforts and this work helps contribute to that
growing body of evidence (Sarker et al. 2015).

This study underscored the significance of social media
as a place for the public to discuss and share information
related to opioids. Users seek out and place trust in infor-
mation provided through online communities and sharing
accurate health information on Reddit is a generally unex-
plored area for public health communicators. While some
public health campaigns have explored the use of peer- or
influencer-shared health information, much additional re-
search is needed in understanding the most effective way
to share health information related to substances with online
communities (Bonnevie et al. 2020). Indeed, public health
programs are beginning to explore modalities as diverse as
chatbots to peer influences in such efforts and further re-
search is needed to fully understand the most trusted and
effective approaches (Bonnevie et al. 2021).

While Reddit already possesses strong forum moderation
performed by volunteer moderators, there is a growing body
of research working to understand how health profession-
als and others can support, empower, and educate such vol-
unteer moderators (Weld, Zhang, and Althoff 2022). Prior
research has shown that effective moderation on Reddit en-
hances the efficacy and safety of support provided online
and extending and expanding such work to substance use is
a rich area for further development (Wadden et al. 2021).
Opportunities may exist for public health professionals to
better support and engage with moderators over key topics
to minimize misinformation. While mechanisms to support
and facilitate this type of collaboration have not yet been
concretely defined and studies are needed to assess the util-
ity of novel models of user support, opportunities for bi-
directional knowledge sharing could exist. For example, in
addition to helping to educate moderators on health top-
ics, health professionals can also benefit from knowledge
of emerging challenges and complex clinical phenomenon

that are discussed online and moderators may have early
awareness (Spadaro et al. 2022). Prior work has also shown
that during the Covid-19 pandemic, social media companies
have taken a coordinated approach to content moderation
by directing users to reliable information from government
healthcare agencies (Baker, Wade, and Walsh 2020). A sim-
ilar approach could be implemented in the context of OUD
subreddits if such specific reliable information addressing
the topics that were discovered in this study was designed.

Our findings help social media designers in understanding
the characteristics of each of the subreddits. Users can be
provided recommendations that can help them in choosing
on which community to post their questions. By directing
questions to communities that can handle them more effec-
tively, we can contribute to supporting and bolstering com-
munity well-being.

Limitations and Future Work. While this work performed
the largest study to date on assessing questions posed about
opioids online, there are some limitations to note. First, our
analysis was limited to text data and did not explore other
forms of expression such as communication through emo-
jis or content shared in images. Additional work to incorpo-
rate signs from information beyond text-based data may help
in identifying questions or topics discussed using coded or
highly colloquial language or expressions. Additionally, this
study focused only on Reddit data, although the framework
we employed could be extended to other platforms such as
Twitter. There are also emerging social audio communica-
tion channels for information sharing and longer-form group
discussion, such as Discord and Clubhouse, that merit fu-
ture attention as a potential space for sharing of health in-
formation. We did not explore a wide range of embedding
sizes in our clustering analysis due to compute constraints
and consider this as future work. Furthermore, this study fo-
cused only on English language communications; extending
this approach to multilingual data would help to benefit a
broader group of individuals. As with any online research,
new online communities or forums are continually being es-
tablished and the robustness and ongoing comprehensive-
ness of this approach depends on identification of new and
relevant subreddits. Moreover, within the field of overdose
prevention, there are persistent questions (common across
time) and more emergent questions. For example, there are
a finite number of treatments for opioid use disorder and
questions about the primary treatments are likely to remain
relevant for longer periods of time (Bell and Strang 2020).
However, there also exists more temporally relevant top-
ics, such as new substances that may be mixed with opi-
oids and present novel questions related to health effects
and overdose prevention (Love et al. 2023). Distinguishing
both types of questions is vital and we leave discriminat-
ing the persistent versus emerging topics research for future
work. Lastly, this study focuses on the questions asked by
users, however, future work would ideally explore the an-
swers provided to these questions as an additional important
step in fully understanding and correcting health misinfoma-
tion that exists.
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Conclusion
Our research develops and deploys a natural language pro-
cessing and machine learning based pipeline combined with
public health expert qualitative assessment to provide a
large-scale assessment of questions asked about opioids on
Reddit. This work is important as medical and public health
officials have historically relied on expert opinion to guide
what health information is most pressing and relevant to
communicate to individuals who use substances. However,
to improve an evidence-informed and data-driven strategy
for public health communications, information is needed on
what questions individuals who use substances are actually
asking and robustly discussing. Our work demonstrates a vi-
able framework for developing such information, which can
ultimately be used to inform and improve the relevancy of
public health communications focused on reducing opioid
overdose.
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1. For most authors...
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ence without violating social contracts, such as violat-
ing privacy norms, perpetuating unfair profiling, exac-
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spect to societies or cultures? Yes

(b) Do your main claims in the abstract and introduction
accurately reflect the paper’s contributions and scope?
Yes. Please refer to Methods, Results and Discussion
section.

(c) Do you clarify how the proposed methodological ap-
proach is appropriate for the claims made? Yes, and
we also discuss limitations of the approach in the Dis-
cussion section (Limitations and Future Work).

(d) Do you clarify what are possible artifacts in the data
used, given population-specific distributions? Yes.
Data section

(e) Did you describe the limitations of your work? Yes.
Discussion section (Limitations and Future Work).
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(g) Did you discuss any potential misuse of your work?
No.
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and model documentation, data anonymization, re-
sponsible release, access control, and the reproducibil-
ity of findings? Yes.
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sured that your paper conforms to them? Yes
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(a) Did you include the code, data, and instructions
needed to reproduce the main experimental results (ei-
ther in the supplemental material or as a URL)? No.
Reddit recently changed their terms of service and
does not allow distribution of their data as per our in-
terpretation8. Future work will have to comply with
the new Reddit DATA API.

(b) Did you specify all the training details (e.g., data splits,
hyperparameters, how they were chosen)? We did not
train a new model but used various trained models for
question detection and clustering of data. Please refer
to Methods and Appendix.
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and fault (in)tolerance? NA

3. Additionally, if you are using existing assets (e.g., code,
data, models) or curating/releasing new assets, without
compromising anonymity...

(a) If your work uses existing assets, did you cite the cre-
ators? Yes. We cite the relevant Reddit, Pushshift and
Huggingface assets in various sections.

(b) Did you mention the license of the assets? No.

(c) Did you include any new assets in the supplemental
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(d) Did you discuss whether and how consent was ob-
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(e) Did you discuss whether the data you are using/cu-
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8https://www.reddit.com/r/modnews/comments/134tjpe/
reddit data api update changes to pushshift access/

Appendix
A1. Methods Appendix
Question Detection Annotation Guidelines The annota-
tion task was to label 100 randomly sampled posts whether
they contained a question or not. The annotators were
warned that the data might contain sensitive content. The
selected crowdworkers from UpWork Platform have a data
annotation background with an average of four years of ex-
perience and fluency in English language.
Task Guidelines: The task is to label each post as yes or no
depending on the following: 1) Yes: if any of the sentences
in the post is a valid question 2) No: if none of the sentences
in the post is a valid question.

We indicated to the UpWork crowdworkers that questions
may not necessarily have a question mark or have WH words
like what, why, when, etc. Rhetorical statements like ’guess
what?’ are not be marked as questions even if they have a ’?’
in the text.

We designed the following qualification test that enabled
us to assess the crowdworkers before working on our task.
We designed these questions to mimic unstructured social
media text that are similar to posts in our dataset. We only se-
lected crowdworkers who scored 100% on the qualification
test and provided sound reasoning for each their responses,
indicating a strong understanding of the task.
Qualification Test: The candidates were asked to label three
posts as follows.

Does this text have a question (one which expects an an-
swer from the receiver)?:

1) Hey y’all! So, I was scrolling through my feed, and
guess what I stumbled upon? The craziest cat video eva,
this kitty was doing backflips or somethin! Couldn’t stop
laughin! Ground Truth: No. There is no question in the
text. ’guess what I stumbled upon? is a rhetorical state-
ment often used to draw attention.

2) yo fam, wassup? So, I was chillin’ with my crew last
night, right? And we were into this game drop. it’s hella
costly, should I cop it or nah? Like, is it worth droppin’
mad cash on it? Ground Truth: Yes. The question is in
the latter half of the text. The ’wassup?’ is just an infor-
mal greeting.

3) Yo squad, peep this - last night’s vibes were off the
charts! We’re all hyped about this new game drop, ya know?
But the real talk, that price tag got me questioning if it’s
worth it. Ground Truth: No.

After completing the qualification test, the selected anno-
tators proceeded to annotate the 100 random samples pro-
vided. Next, we computed the ground truth labels based on
majority voting strategy. We then contrasted the annotators’
labels to a baseline that detects the presence of a “?” and
the BERT-based question vs. statement classifier9. We find

9The model weights were pre-initialized from the huggingface
model (Wolf et al. 2020) Question Detection Model Weights
https://huggingface.co/shahrukhx01/question-vs-statement-
classifier. The model was trained on a Quora-based classi-
fication dataset 10 with a reported 99.7% accuracy on Kag-
gle https://www.kaggle.com/code/shahrukhkhan/question-vs-
statement-classification-mini-bert.
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that the question vs. statement classifier achieves the highest
accuracy of 80%, indicating its suitability for our domain.

Subreddit Text No. of No. of No. of Question % No. of
Length Words ? Marks Sentences Questions

Methadone 794 153 1.27 8.97 63.04 1.82
naltrexone 505 94 1.21 6.70 77.05 1.52
Opiatewithdrawal 813 158 1.16 10.45 62.93 1.75
suboxone 674 130 1.15 8.16 64.77 1.70
OurOverUsedVeins 621 112 0.96 7.05 52.38 1.69
loperamide 883 169 0.96 10.00 59.53 1.55
OpiatesRecovery 884 169 0.94 10.82 49.70 1.77
opiates 460 88 0.90 5.73 58.52 1.57
fentanyl 382 75 0.86 4.85 59.07 1.53
heroin 332 65 0.79 4.32 55.88 1.51
kratom 361 67 0.70 4.64 56.26 1.45
HeroinHeroines 354 68 0.69 4.84 44.31 1.59
Tianeptine 255 46 0.68 3.46 58.85 1.44
OpiateChurch 243 47 0.68 3.42 56.90 1.40
quittingkratom 713 136 0.61 9.30 39.82 1.58
lean 143 26 0.54 2.10 56.67 1.26
heroinaddiction 377 73 0.38 4.46 33.85 1.45
Carfentanil 550 91 0.26 5.79 30.23 1.15
oxycodone 32 5 0.06 1.41 19.09 1.10

Table 2: Macro Statistics. The reported statistics are the av-
erage across the posts for each subreddit. The text length
refers to the number of characters in a post. Question % is
the proportion of questions in sentences.

Figure 3: Relative position of question in a post on aver-
age. Most of the posts have questions asked at the end of
post.

Subreddit BLEU Score ROUGE Score
r/Methadone 0.2911 0.4478
r/naltrexone 0.4135 0.5289
r/Opiatewithdrawal 0.3001 0.4312
r/suboxone 0.3396 0.4867
r/OurOverUsedVeins 0.4268 0.6002
r/loperamide 0.3710 0.4939
r/OpiatesRecovery 0.2628 0.4102
r/opiates 0.4006 0.5655
r/fentanyl 0.4356 0.5888
r/heroin 0.4586 0.6252
r/kratom 0.4296 0.6134
r/HeroinHeroines 0.3913 0.6025
r/Tianeptine 0.4643 0.6678
r/OpiateChurch 0.4962 0.6498
r/quittingkratom 0.2938 0.4609
r/lean 0.5662 0.7464
r/heroinaddiction 0.2612 0.6218
r/Carfentanil 0.3563 0.5459
r/oxycodone 0.5821 0.8599

Table 3: Summarization Performance of Model relative
to Baseline. The baseline summary is constructed by ex-
tracting the question in the post and a maximum of two
sentences before the post. If there were multiple questions
in a post, then the result is concatenated for each ques-
tion. We calculated the BLEU (Papineni et al. 2002) and
ROUGE (Lin 2004) scores of the model generated summary
relative to our baseline.
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(a) Mean Topic Coherence vs Min Cluster Size (b) Mean Topic Coherence vs Number Of Clusters

Figure 4: We ran HDBScan for a range of minimum of clusters sizes as shown in Figure (a). The maximum mean topic
coherance (UMASS) corresponds to a min cluster size of 200. In Figure (b), that is equivalent to 69 clusters (or topics).

A2. Results Appendix

Topic ID Generated Topic Name
13 codeine lean syrup promethazine
40 methadone quantity dose on
61 sober life addiction you
67 foil smoke tar smoking
14 gabapentin clonidine gaba for
19 constipation stomach pee this
2 sex testosterone sex drive drive
42 oxy withdrawals day quantity
33 pain doctor my pain management

Table 4: Examples of generated topic names based on top
keywords in cluster documents. Topic 13, 14 and 40 relate to
questions about specific drugs like codeine, methadone and
gabapentin. On the other hand, topics 2 and 19 talk about
side effects. Some topics like topic 33 and 42 talk about
withdrawal symptoms and pain management respectively.
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Topic Id Topic Group Percentage
1 dark web, onion, vendors drug sales 23.25%
2 issues with dealer drug sales 0.59%
3 finding a plug drug sales 0.22%
4 suboxone dosing addiction treatment 5.19%
5 methadone dosage addiction treatment 1.19%
6 community check ins addiction treatment 0.69%
7 soberity addiction treatment 0.93%
8 take homes addiction treatment 0.25%
9 narcan addiction treatment 0.24%

10 detox addiction treatment 0.22%
11 methadone + suboxone addiction treatment 0.2%
12 naloxone and naltrexone questions addiction treatment 0.2%
13 sublocade shot addiction treatment 0.19%
14 methadone clinics addiction treatment 0.16%
15 suboxone generics addiction treatment 0.16%
16 quitting addiction treatment 0.15%
17 suboxone providers and insurance addiction treatment 0.13%
18 codeine and promethazine specific drug 5.14%
19 tramadol questions specific drug 1.25%
20 gabapentin questions specific drug 0.7%
21 safe dosage of morphine specific drug 0.6%
22 tianeptine specific drug 0.52%
23 safe dosage of oxy specific drug 0.44%
24 how much hydrocodone specific drug 0.37%
25 dilaudid impact and comparison to other opioids specific drug 0.36%
26 fentanyl and heroin specific drug 0.29%
27 heroin specific drug 0.26%
28 fentanyl patches specific drug 0.25%
29 benzo and oxy specific drug 0.21%
30 vivitrol treatment questions specific drug 0.21%
31 preferred opioid specific drug 0.17%
32 consuming poppy seeds specific drug 0.17%
33 urine drug test drug testing 1.52%
34 kratom and drug tests drug testing 0.33%
35 injecting drug use 1.41%
36 counterfeit vs real drug use 1.25%
37 foil smoking drug use 0.85%
38 snorting drug use 0.69%
39 filling medications drug use 0.44%
40 dosing and duration drug use 0.32%
41 dosage drug use 0.27%
42 tolerance drug use 0.23%
43 dosing drug use 0.19%
44 overdosing drug use 0.15%
45 tapering withdrawal 0.91%
46 withdrawal withdrawal 0.59%
47 withdrawals and quantity withdrawal 0.44%
48 loperamide for withdrawal side effects withdrawal 0.25%
49 Post-Acute Withdrawal Syndrome (PAWS) withdrawal 0.23%
50 cold copping withdrawal 0.2%
51 withdrawal symptoms timeline withdrawal 0.2%
52 cravings withdrawal 0.14%
53 anyone in [location] lifestyle 0.81%
54 loved ones lifestyle 0.71%
55 what to listen to and watch while high lifestyle 0.29%
56 flying on planes with prescription and nonprescription substances lifestyle 0.19%
57 substance-induced constipation side effect 0.6%
58 sex drive and methadone side effect 0.57%
59 restless legs side effect 0.36%
60 dreams and nightmares side effect 0.24%
61 hair loss from kratom side effect 0.23%
62 sweating side effect 0.21%
63 substance-induced nausea and vomiting side effect 0.21%
64 opioids and itching side effect 0.21%
65 vision or pupil effects side effect 0.2%
66 nodding out side effect 0.2%
67 grapefruit and its effects on medications side effect 0.17%
68 pain management pain management 0.41%
69 question about [x] miscellaneous brief question fragments 0.78%

Table 5: Topics categorized into groups by public health experts based on top 100 relevant posts in every topic. The top 2 topics
are marked in orange.
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