
Proceedings of the Second Workshop on Patient-Oriented Language Processing (CL4Health), pages 83–99
May 4, 2025 ©2025 Association for Computational Linguistics

Mining Social Media for Barriers to Opioid Recovery with LLMs

Vinu H Ekanayake, Md Sultan Al Nahian, Ramakanth Kavuluru
University of Kentucky, Lexington, KY USA

{vinu.ekanayake,mna245,ramakanth.kavuluru}@uky.edu

Abstract

Opioid abuse and addiction remain a major pub-
lic health challenge in the US. At a broad level,
barriers to recovery often take the form of indi-
vidual, social, and structural issues. However, it
is crucial to know the specific barriers patients
face to help design better treatment interven-
tions and healthcare policies. Researchers typ-
ically discover barriers through focus groups
and surveys. While scientists can exercise bet-
ter control over these strategies, such methods
are both expensive and time consuming, need-
ing repeated studies across time as new barriers
emerge. We believe, this traditional approach
can be complemented by automatically mining
social media to determine high-level trends in
both well-known and emerging barriers. In this
paper, we report on such an effort by mining
messages from the r/OpiatesRecovery sub-
reddit to extract, classify, and examine barriers
to opioid recovery, with special attention to
the COVID-19 pandemic’s impact. Our meth-
ods involve multi-stage prompting to arrive at
barriers from each post and map them to exist-
ing barriers or identify new ones. The new
barriers are refined into coherent categories
using embedding-based similarity measures
and hierarchical clustering. Temporal anal-
ysis shows that some stigma-related barriers
declined (relative to pre-pandemic), whereas
systemic obstacles—such as treatment discon-
tinuity and exclusionary practices—rose signif-
icantly during the pandemic. Our method is
general enough to be applied to barrier extrac-
tion for other substance abuse scenarios (e.g.,
alcohol or stimulants).

1 Introduction

The opioid epidemic in the United States has per-
sisted for over two decades, with opioid-related
fatalities surging despite concerted public health
interventions (National Institute on Drug Abuse,
2024). Individuals struggling to recover from opi-
oid abuse or addiction often encounter powerful

personal, social, and structural barriers such as
traumatic life events, shame, or limited access to
treatments that severely hinder the recovery pro-
cess (Smith et al., 2021). As substance abuse is a
multifaceted disease involving physiological, be-
havioral, and psychosocial factors, barriers to re-
covery are not always simple or obvious and may
vary across different groups of people. However,
it is critical to discover and document these barri-
ers to tailor treatments and targeted interventions.
This has been typically explored through qualitative
methods like focus groups, surveys, and in-depth
interviews. While these approaches yield valuable
insights, they are also labor-intensive, rely on self-
reported experiences in controlled settings, and
cannot easily capture the evolution of new recovery
challenges (without repeating studies).

Meanwhile, online communities have emerged
as vital platforms where individuals can share their
challenges, successes, and strategies for overcom-
ing addiction. Due to the perceived anonymity,
users also tend to express more freely compared
to disclosing to a provider during face-to-face in-
teractions. One such community is the subreddit
r/OpiatesRecovery with over 50,000 members
who share their struggles, successes, and motiva-
tions (Reddit, 2024). This user-generated content
provides a dynamic lens into the nuances of opioid
recovery, offering spontaneous, evolving narratives
that traditional methods may miss. Yet, given the
sheer volume of data generated daily, identifying
specific barriers can be daunting without automated
support. Our effort addresses this gap by extract-
ing and temporally analyzing barriers to recovery
as expressed by members of r/OpiatesRecovery.
By focusing on posts from 2018 to 2021, we
aim to capture how these barriers changed during
the COVID-19 pandemic relative to pre-pandemic
times. Here changes include how well-known bar-
riers became more or less prominent across time
and the emergence of any new barriers.
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Before we proceed, for the purposes of this study,
we define a “barrier” as any personal (e.g., stress
from a recent breakup), social (e.g. shame), or
structural (e.g., limited access to treatment) circum-
stance of a patient’s life that impedes their recovery
from opioid addiction. A barrier is often expressed
as a phrase, a sentence, or a short blurb that suc-
cinctly expresses the specific circumstance. Differ-
ent users can express the same barrier in different
ways. Unlike for entities such as diseases, med-
ications, or side effects, there are no established
terminologies or canonical definitions of barriers to
recovery from substance abuse. This complicates
(a). aggregation of barrier expressions that essen-
tially mean the same thing and (b). characterization
of what constitutes a new barrier. As such, bar-
rier analysis poses interesting challenges to NLP
methods (which typically handle categories with
clear semantic distinctions using ample supervision
signal from training data.) We believe these kinds
of tasks are not uncommon in healthcare, where
so called coding “instruments” are typically used
to conduct qualitative research that can be subse-
quently interpreted through a quantitative lens.

Large language models (LLMs), based on the
transformer decoder component, offer a new affor-
dance with regard to the challenge posed in the pre-
vious paragraph. We use the GPT-4 LLM (specifi-
cally, GPT-4-1106-preview) in a semi-automatic
setup to extract barriers, map them to predefined
barriers from prior literature, identify new barriers,
and quantify temporal barrier prevalence variations.
Our contributions are as follows:

• We conduct a literature review to curate barri-
ers to opioid recovery focusing on papers that
report on conventional approaches such as a
focus-groups and surveys. We extract a set of
21 barriers from this purely manual process.

• We use a multi-stage prompting approach with
GPT-4 to extract barrier expressions from
r/OpiatesRecovery messages from 2018 to
2021. Using Open AI embeddings (specifi-
cally, text-embedding-3-large) of these ex-
pressions we map them to the 21 literature-
derived barriers identified in the previous step,
if there is sufficient semantic similarity.

• The remaining barrier expressions (unmapped
from previous step) are consolidated into a
new coherent set of emerging barriers through
agglomerative hierarchical clustering of their
Open AI embeddings.

• We examine normalized shifts in prevalence of
both literature-derived and emerging barriers
in the periods before and after the pandemic
declaration (March 11, 2020) from the 2018–
2021 r/OpiatesRecovery messages.

Our approach is general enough to be ap-
plied for other substances and we provide con-
crete findings on emerging barriers and tempo-
ral trends. The code corresponding to our full
barrier extraction and clustering pipeline is avail-
able here: https://github.com/bionlproc/
opioid_recovery_barriers

2 Related Work

1. Prior work on barriers: Identifying barriers to
recovery from opioid abuse has been extensively
studied through conventional approaches, reveal-
ing a range of challenges including social stigma,
lack of support networks, limited access to treat-
ment, and economic hardships. Comorbid mental
health disorders (e.g., depression and anxiety) fur-
ther complicate recovery, highlighting the need for
integrated treatment approaches (Cernasev et al.,
2021; Dickson-Gomez et al., 2024).
2. Social media, Reddit, and substance abuse ef-
forts: Social media platforms, particularly Red-
dit, have become valuable resources for research-
ing substance (ab)use and addiction (Pandrekar
et al., 2018; Kavuluru et al., 2019; Tran and
Kavuluru, 2020). Our team has recently partic-
ipated in the shared task on identifying clinical
and social impacts of non-medical drug use in
Reddit posts (Obeidat et al., 2024). Subreddit
r/OpiatesRecovery, with its active community,
offers insights into personal struggles and coping
strategies that traditional methods may miss (Lu
et al., 2019; Boettcher, 2021). NLP techniques are
used to identify themes in recovery narratives, ana-
lyze sentiment trends, and classify behavioral shifts
in substance use discussions (Sarker et al., 2022;
Yang et al., 2023; Lu et al., 2019).

Recent studies have explored NLP-driven ap-
proaches to analyzing opioid-related discussions
on social media. Bremer et al. (2023) applied NLP
techniques to detect Reddit posts discussing barri-
ers to opioid use disorder (OUD) treatment. Their
effort is the closest to ours in terms of the main
themes explored; however, their focus is more on
barriers to seeking medical treatment for OUD and
relies on manual analysis following an initial NLP-
driven post identification. Our study broader in
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scope (general barriers to recovery process) and
introduces a semi-automated approach that uses
LLMs to extract, categorize, and track the evolution
of opioid recovery barriers over time. Unlike previ-
ous studies that primarily used NLP techniques for
retrieving relevant discussions, our methodology
automates key components of the analysis. This en-
ables large-scale analysis of recovery barriers with
minimal manual intervention. Yang et al. (2024)
focused on self-disclosures of opioid use on Reddit,
developing a classification system to distinguish
different phases of substance use, such as medical
use, misuse, addiction, and recovery. Additionally,
Nasralah et al. (2020) introduced a social media
text mining framework for opioid-related discus-
sions, leveraging ontology-based keyword searches
and topic modeling to detect broader trends in drug
abuse discourse on Twitter.
3. Opioid epidemic during the pandemic: The
COVID-19 pandemic intensified challenges for in-
dividuals struggling with opioid recovery by dis-
rupting healthcare services and support systems.
Studies show increased isolation, reduced access
to treatment, and higher stress levels during the
pandemic, leading to higher relapse rates (Mellis
et al., 2021; Melamed et al., 2022). The shift to
telehealth introduced technological barriers and re-
duced personal interactions, further complicating
effective treatment (Oesterle et al., 2020).

Our effort is at the intersection of the above
three themes. Traditional studies offer foundational
knowledge, while mining social media with NLP
methods helps capture fine-grained challenges. Ad-
ditionally, examining the impact of COVID-19
adds a temporal dimension, illustrating how ex-
ternal crises can alter the recovery landscape.

3 Methodology

3.1 Data collection

Reddit data: Posts were collected from
r/OpiatesRecovery using Academic Tor-
rents, a platform for sharing large datasets
(Watchful1, 2023). The extraction covered posts
made between January 1, 2018, and December
31, 2021, a timeframe selected to capture opioid
recovery barriers both before and during the
COVID-19 pandemic. Initially, 25,552 posts from
8,594 unique users were extracted. However, due
to their minimal content, posts with fewer than 50
words were excluded, resulting in a final dataset of
14,735 posts from 7,202 unique users.

Literature derived barriers: To identify well-
known barriers to opioid recovery, a literature
search was conducted using Google Scholar with
the keywords “opioid use,” “barriers,” and “re-
covery.” The primary sources include multiple
systematic reviews (between 2013–2024 (Notley
et al., 2013; Grella et al., 2020; Barnett et al.,
2021; Cernasev et al., 2021; Choi et al., 2022;
Farhoudian et al., 2022; Hutchison et al., 2023;
Dickson-Gomez et al., 2024)), which provided
comprehensive insights into individual, social, and
structural impediments to sustained opioid use dis-
order treatment. A few additional studies were
incorporated to ensure a broad representation of
barriers. Identified barriers were reviewed, catego-
rized, and consolidated to eliminate redundancy, re-
sulting in a final list of 21 distinct literature-derived
barriers (LDBs) by merging conceptually similar
factors and coming up with corresponding brief
blurbs capturing their essence; since this was done
manually, these blurbs were used as canonical ways
of describing the LDBs.

3.2 Barrier expression extraction

A first task in mining Reddit posts for barriers is to
ensure first person disclosures that are not vague.
Thus, the following guidelines were established:

• The user is discussing their own experiences
and not those of others.

• The barrier is explicitly mentioned by the user
or strongly indicated as causing or contribut-
ing to the risk of relapse.

To evaluate multiple LLM prompting strategies,
we selected a set of 100 posts with careful consider-
ation to capture a diverse sample. This selection in-
cluded posts that adhered to the guidelines — con-
taining explicit mentions of self-reported barriers —
as well as posts that did not meet the guidelines. In
addition, the sample was curated to include posts
of varying lengths, ranging from short entries to
longer, more detailed narratives, thereby ensuring
that the prompts were tested against a broad spec-
trum of user inputs. These posts were manually
annotated with gold standard barriers or a “no bar-
riers found” label, as appropriate. The evaluation
was conducted on a per-post basis, with precision
and recall metrics calculated individually for each
post. Subsequently, average precision and recall
across all 100 posts were computed to assess over-
all performance. Here it is important to note that
by “gold standard” we mean annotator crafted sen-
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tences in English that capture the barrier without
any reference terminology.

Multiple prompt-engineering strategies were
compared to identify which would most reliably
capture personal struggles and relapse triggers men-
tioned in r/OpiatesRecovery. Specifically, we
tested zero-shot, in-context learning (ICL), and
chain-of-thought (CoT) prompting using OpenAI’s
GPT-4-1106-preview model. Although both CoT
and ICL outperformed zero-shot prompting, they
still missed some barriers and occasionally ex-
tracted irrelevant information or failed to consis-
tently adhere to the established guidelines. Addi-
tionally, ICL required carefully selected examples
and proved unsuitable for longer Reddit posts due
to high token usage and associated costs. To ad-
dress these limitations, we developed a multi-step
pipeline that incorporates a verification mechanism
to ensure adherence to guidelines and refine the
output. This process consists of three consecutive
prompts (details in Table 6 of Appendix):

1. Initial extraction: A straightforward CoT
prompt was used to direct GPT-4 to extract
barriers based on the same guidelines that
were used for manual extraction from the ran-
dom sample —namely that the user must be
describing their own experiences, and any
mentioned barrier must be explicitly linked
to causing or contributing to relapse.

2. Verification: The second prompt combined
the first prompt, the model’s initial response,
and an additional verification query. This step
double checks that each extracted barrier in-
deed matches the criteria of being a personal
challenge mentioned by the user.

3. Finalization: A final prompt was used to filter
out irrelevant explanations and generate a con-
cise list of barriers. This step is expected to
maintain sufficient descriptive detail for each
barrier while removing duplicates.

3.3 Mapping extractions to LDBs

To measure the relative prevalence of literature-
derived barriers (LDBs) in social media, it is im-
portant to map the extracted Reddit barriers to them.
For this, we compared Reddit barriers against the
21 LDBs (Table 4 in Appendix A).

First, both the Reddit-extracted barriers
and the 21 LDBs were transformed into high-
dimensional embeddings using OpenAI’s

text-embedding-3-large model. Next, pairwise
cosine similarity scores were calculated to assess
how closely each Reddit-derived barrier aligned
semantically with a known LDB. Barriers exceed-
ing a predetermined cosine similarity threshold
were mapped to the most similar LDB, while
those with lower similarity scores (across all
LDBs) were labeled as “new”. This threshold
value was set following manual evaluations of
mapping outcomes, ensuring that barriers were
only associated with an LDB when their semantic
similarity and contextual relevance were high.

3.4 Clustering of new barriers

Barriers that don’t map to any LDB are considered
“new”, though they may have some overlap with
them. The challenge is to make sense of what these
new barriers are conveying, given they are simply
a bunch of sentences and there is no semantic an-
choring to them. Our high level strategy here is to
employ a clustering approach that groups similar
barriers and surfaces semantically coherent “emerg-
ing” barriers represented by each cluster. Before
clustering, all barriers are vectorized using Open
AI’s text-embedding-3-large model, which pro-
duces 3072-dimensional vectors (OpenAI, 2024).

3.4.1 Initial clustering of new barriers

Multiple clustering strategies were explored to
group newly identified barriers, including k-
means and agglomerative clustering with both Eu-
clidean and cosine distances. k-means proved
inadequate for effectively capturing the nu-
anced, overlapping nature of opioid-related bar-
riers, while agglomerative clustering with Eu-
clidean distance similarly struggled to partition
the data cohesively. Consequently, we employed
the AgglomerativeClustering algorithm from
scikit-learn (Müllner, 2011) using cosine simi-
larity, which treats each barrier as its own cluster
and iteratively merges the most similar clusters un-
til a predefined threshold is met. Because barriers
are multifaceted and difficult to compartmentalize,
hierarchical clustering offered the advantage of a
dendrogram structure of clusters, accommodating
an adaptive stopping criterion driven by the data.
This approach consolidated repetitive or semanti-
cally related barriers into more coherent groups
while providing flexibility in determining the opti-
mal number of clusters.
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3.4.2 Secondary clustering of new barriers

Due to the nuanced nature of barrier expressions,
the initial clustering resulted in a large number of
small closely related clusters, creating challenges
for direct interpretation. To refine these results
into more semantically distinct categories, a sec-
ond round of clustering was conducted using key
phrases as anchors that guide the clustering, in-
spired by Viswanathan et al. (2024). To this end,
for each initial cluster, GPT-4 was prompted to gen-
erate two to three concise key phrases capturing the
group’s core semantic themes. These key phrases
were then leveraged to guide the secondary cluster-
ing, ensuring that similar clusters—those sharing
conceptual or topical grounding—could be merged
more effectively. The key phrase generation prompt
also incorporated a classification step, separating
genuine barrier clusters from non-barrier phrases
(e.g., “Finalized list of barriers to recovery:” or
“Identified barriers:”). Clusters identified as “not a
barrier” were excluded from further analysis, ensur-
ing the final dataset focused solely on substantial
opioid-related challenges.

To enhance clustering accuracy in this refine-
ment stage, two embeddings were combined:
the barrier text embedding (weighted by α)
and the key phrase embedding (weighted by
1 − α). Applying the linkage function from
the scipy.cluster.hierarchy library (Müllner,
2011), a full hierarchical structure was then con-
structed, enabling dynamic exploration of relation-
ships among clusters. Adjusting α allowed for
a balanced influence between the original barrier
content and the generated key phrases.

Getting to high quality clusters is still not enough
because these clusters could still have dozens of
barrier expressions with no overarching descrip-
tion what this cluster is expected to represent. At
this stage, we used GPT-4 to produce descriptive
labels for each refined cluster, resulting in a con-
cise thematic summary. These descriptors aided in
interpreting the diverse range of new opioid recov-
ery challenges that had not previously been docu-
mented in the literature. We term these as “emerg-
ing” since they appear more specialized and do not
have the higher prevalence of well known LDBs.

3.5 Temporal trends in barriers

The final part of this study examined how extracted
barriers evolved over time, with the onset of the
COVID-19 pandemic as the index date. Reddit data

was divided into two segments: (1). Pre-pandemic
(January 1, 2018–March 11, 2020): before the
WHO’s official declaration of COVID-19 as a pan-
demic. (2). Pandemic portion (March 12, 2020–
December 31, 2021): After the global crisis was
formally recognized. To examine shifts in opi-
oid recovery challenges between the pre-pandemic
and pandemic periods, we tracked the normalized
frequency of each barrier in both segments. The
idea was to examine which barriers remained stable
and which either intensified or diminished during
the pandemic. We applied this to both LDBs and
emerging barriers.

4 Results

4.1 Literature-derived barrier curation

As discussed in Section 3.1, we did a review of
scientific literature to identify barriers that were
already identified using traditional means. Ta-
ble 4 (in the Appendix) presents details of the 21
LBDs where the first column indicate the barrier ID.
These barriers encompass a variety of psychologi-
cal, social, and systemic challenges that individuals
face during opioid recovery. Several well-known
barriers are discussed in the literature including
fear of dealing with anxiety and stigma, co-morbid
physical health issues, housing instability, negative
attitudes about treatment, fear of incarceration, and
ineffective services and exclusionary attitudes. Our
goal in curating this list was to see if we can demon-
strate the emergence of new barriers that may not
have already been well known.

4.2 Reddit barrier extraction

As discussed in Section 3.2, we evaluated multiple
prompting strategies for barrier extraction using
the curated set of 100 posts with results shown in
Table 1. Notably, the chain-of-thought with verifi-
cation (CoT + Verification) strategy demonstrated
superior performance, achieving the highest preci-
sion (95.14%) and recall (94.24%) scores among
all methods. This enhanced performance under-
scores the benefit of incorporating verification into
the CoT framework.

Following the evaluation, CoT with verification
prompting strategy was run on all posts. Out of
the 14,735 posts analyzed, 9,618 posts (≈ 65.3%)
contained barriers that aligned with the extraction
guidelines. That is, they explicitly discussed au-
thors’ own recovery experiences and identified
challenges contributing to relapse or hindering re-
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Prompt strategy Precision (%) Recall (%)
Zero Shot 88.91 88.41
CoT 92.32 90.52
ICL 89.01 88.21
CoT + Verification 95.14 94.24

Table 1: Precision and recall for different prompting
strategies averaged over 100 posts.

covery. From all qualifying posts, a total of 29,641
potential barriers were identified.

4.3 Classification of barriers — LDB or new

The classification process mapped 17,603 extracted
Reddit barriers (59.3% of the total) to LDBs, con-
firming a strong alignment between user-generated
content and established research. In contrast,
12,038 barriers (40.7%) were deemed novel, po-
tentially highlighting emerging challenges, particu-
larly during the COVID-19 pandemic. The classifi-
cation threshold was set to 0.55, based on manual
evaluation to ensure that mapped barriers exhibited
sufficient semantic similarity to LDBs, while allow-
ing room for identifying distinct, novel expressions
of recovery challenges.

4.4 Clustering of new barriers

The clustering quality was assessed using the sil-
houette score, a metric that quantifies how similar
an object is to its own cluster relative to other clus-
ters (Pavlopoulos et al., 2024). In simple terms, it
measures the cohesion within clusters and the sep-
aration between clusters, with values ranges from
-1 to 1 (higher values indicating better-defined and
more coherent clusters).

Clustering method Sil. score # clusters
k-means 0.028 1,310
Agglomerative (Euclidean) 0.037 962
Agglomerative (cosine) 0.071 1,369

+ Secondary clustering 0.181 354

Table 2: Performance of clustering methods for new
barriers (Sil. score is the silhouette score achieved)

Among the clustering methods evaluated, ag-
glomerative clustering with cosine similarity
achieved the highest silhouette score of 0.071, com-
pared to scores of 0.028 for k-means and 0.037 for
agglomerative clustering using Euclidean distance.
Although the score may initially seem low, it is
not necessarily a definitive indicator of poor clus-

tering quality. Given the high dimensionality of
the embeddings, achieving high scores is challeng-
ing due to the “curse of dimensionality,” where
cosine distances between points become less dis-
tinguishable. Recent research on text clustering
with LLM embeddings further shows that silhou-
ette scores can be misleading when working with
high-dimensional text representations (Petukhova
et al., 2024). Moreover, the inherent complexity
and semantic nuances of barrier texts further con-
tribute to lower absolute silhouette values. Based
on the results summarized in Table 2, agglomera-
tive clustering with cosine similarity was picked
for clustering the new barriers.

The secondary clustering process (from Sec-
tion 3.4.2) substantially reduced the number of
barrier clusters from 1,369 to 354 by incorporat-
ing key phrases generated via GPT-4. By optimiz-
ing the balance between barrier descriptions and
key phrase themes (with a barrier text embedding
weight of α = 0.3 and a key phrase embedding
weight of (1 − α)), it consolidated similar clus-
ters while maintaining semantic coherence; this
resulted in a much better silhouette score (last row
of Table 2). Additionally, clusters containing fewer
than 10 elements were merged into a single clus-
ter, as these small clusters likely represent barriers
experienced by few individuals and would unneces-
sarily muddle the analysis. This refinement resulted
in 185 final clusters, whose descriptors were gen-
erated with GPT-4 to provide a concise summary
of the barriers they represent. Some illustrative
examples are presented in Table 5 of the Appendix.
This process enhanced both the manageability and
interpretability of the thematic structure underlying
new barriers.

Notable emerging barriers include (1). Kratom,
a popular plant derived substance that is gener-
ally used to handle opioid cravings, was reported
as also causing stomach issues and hence this al-
ternative’s side effects disrupted the recovery for
those who relied on it. (2). Isolation due to work-
from-home requirements during the pandemic lead
to lack of social engagement depriving individu-
als of essential support networks. (3). Disruption
of group support sessions where peers motivate
and help each other cope with opioid dependence
emerged as a pandemic era barrier that highlights
how public health crises indirectly affect substance
use recovery.
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4.5 Temporal shifts in barrier prevalence

Table 3: Temporal shifts in LDB prevalence in Reddit
data with counts of posts containing a barrier in the
pre-covid data and covid data along with absolute count
difference and percentage change normalized by total
posts in each period

ID # Pre-covid # Covid # Diff % Change

0 609 527 -82 -11.06%
1 1,820 1,708 -112 -3.55%
2 189 152 -37 -17.34%
3 187 199 12 9.37%
4 12 20 8 71.29%
5 212 221 9 7.14%
6 568 509 -59 -7.90%
7 47 36 -11 -21.28%
8 380 321 -59 -13.18%
9 168 116 -52 -29.04%

10 520 462 -58 -8.69%
11 347 329 -18 -2.56%
12 491 479 -12 -0.26%
13 139 143 4 5.73%
14 197 121 -76 -36.87%
15 10 18 8 84.997%
16 9 20 11 128.39%
17 162 129 -33 -18.16%
18 186 170 -16 -6.06%
19 200 190 -10 -2.36%
20 2,469 2,811 342 17.01%

4.5.1 Temporal shifts of LDBs
Table 3 summarizes the temporal changes in the
matched barriers with the first column correspond-
ing to the ID field of Table 4. We emphasize all
shifts discussed in this section are relative to the
pre-pandemic period (before March 11, 2020). The
analysis revealed nontrivial decreases in prevalence
of certain LDBs. Notably, identity difficulties (ID
14) experienced the biggest decline of 36.87%. Se-
crecy or fear about the past in new interpersonal
relationships (ID 9) declined by 29.04%. Over-
reliance on other patients or treatment staff (ID
7) decreased by 21.28%. Fear of stigma (ID 2)
dropped by 17.34%, suggesting a potential reduc-
tion in internalized shame and an increased willing-
ness to seek treatment. Conversely, certain barriers
exhibited notable increases. The biggest increase
was seen in the lack of connection between emer-
gency care and professional medical treatment (ID

16), which soared by 128.39%, pointing to gaps in
care continuity. Similarly, the poor staff attitudes
and training deficiencies (ID 15) rose by 84.997%,
pointing to potentially overwhelmed healthcare per-
sonnel and hurried onboarding of new staff without
sufficient training, during the pandemic. Addition-
ally, unsuitable or ineffective services, along with
exclusionary attitudes, policies, and programs (ID
4), surged by 71.29%, indicating difficulties in ac-
cessing apt supportive treatment services. (Since
the total absolute counts for IDs 4, 15, and 16 are
each around thirty, the percent increases ought to
be treated with a grain of salt.)

4.5.2 Temporal shifts of emerging barriers
After the WHO pandemic declaration, our results
show that the prevalence of several emerging bar-
riers rose substantially. Particularly, those related
to pandemic-induced isolation and reduced pro-
fessional support, soared over 500% and were
closely tied to heightened anxiety, depression, and
increased relapse vulnerability. Others, increasing
by more than 300% dealt with the loss of critical
recovery resources, including the closure of sup-
port groups and cancellations of outpatient treat-
ments, which destabilized individuals’ established
sobriety-supportive routines. A modest uptick of
30% was seen in serious sleep-related struggles,
such as insomnia and reliance on potentially ad-
dictive sleep aids, each contributing to a greater
risk of relapse. These shifts highlight how the pan-
demic environment magnified existing vulnerabili-
ties across multiple facets of recovery.

In contrast, some categories of novel challenges
saw notable declines. One set of barriers, previ-
ously rooted in resistance toward traditional 12-
step or group-based treatment models, dropped by
over 60%, suggesting a diminished emphasis on
philosophical or logistical objections to these sup-
port systems. Another emerging barrier involved a
complex interplay of psychological, environmental,
and social triggers complicating recovery. Expo-
sure to drug-related content in media, music, and
social interactions, as well as environmental cues
such as specific locations or objects linked to past
use can evoke powerful emotional responses and
conditioned urges to relapse. Individuals face both
subtle cues, like nostalgic music and overt trig-
gers, such as drug paraphernalia or messages from
dealers, create a constant battle against cravings
and the risk of relapse. Discussions around this
decreased by 45.28%, suggesting that while the
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challenge remains, it became less prominent in re-
covery narratives during the pandemic. Although
these declines do not necessarily indicate that the
issues were resolved, they do suggest a shift in
the relative prominence of longstanding emotional,
behavioral, and logistical hurdles to recovery. In
other words, certain difficulties, while still present,
became less frequently discussed.

5 Discussion

By harnessing opioid consumer posts on
r/OpiatesRecovery, our findings show how
emerging challenges such as disrupted treatment
pathways and heightened isolation may aggravate
well-known barriers like stigma, financial hardship,
and limited healthcare access. In doing so, our
approach addresses a gap in the literature, where
the complexity and rapid evolution of barriers
may often go underreported. Case in point,
the high proportion of newly identified barrier
expressions emphasizes the importance of mining
social media data to complement and extend
established knowledge. While this study confirms
many classic themes in opioid recovery such as
stigma and mental health comorbidities, it also
highlights how online forums can shed light on
previously unrecognized or insufficiently explored
obstacles. The classification (LDB vs new) and
clustering of new barriers, even if challenged by
the inherent nuance and overlap in user narratives,
offers a more agile perspective on how recovery
challenges change over time. In the wake of the
pandemic, the intensification of systemic barriers
from strained healthcare systems to diminished
access to essential services emerged as a powerful
illustration of why adaptive solutions are critical.

Temporal comparisons before and after the
WHO pandemic declaration underscore COVID-
19’s impact on recovery trajectories. Per-
sonal/social barriers, such as stigma and identity
conflicts, appeared to ease—possibly reflecting the
supportive role of online communities—while sys-
temic obstacles like limited access to treatment,
financial pressures, and housing insecurities inten-
sified, reflecting the strain on healthcare resources
during the pandemic. Additionally, emerging chal-
lenges such as increased isolation, disrupted treat-
ment pathways, and sleep disturbances illustrate
the multifaceted struggles faced by individuals in
recovery. The persistence of entrenched relapse
cycles and insufficient social support underscores

the necessity for flexible, integrative strategies that
address both immediate and structural issues.

Some of the new barriers indicated by Reddi-
tors have a grounding in COVID-19 literature. For
instance, among the emergent challenges, altered
sleep patterns have been noted as a barrier. Re-
cent research by Donzella et al. (2022) found that
COVID-19 infection significantly disrupted sleep
patterns, with infected individuals experiencing
longer sleep durations and increased trouble sleep-
ing compared to non-infected individuals. This
finding suggests that the sleep disturbances ob-
served in our analysis may reflect both a general
pandemic-related phenomenon and a specific con-
sequence of COVID-19 infection.

To conclude, our effort is a proof of concept to
conduct qualitative research aided by LLMs, with
human steering. With appropriate recalibration
to account for domain-specific language and con-
texts, the same method can be applied to other sub-
stance use disorders, such as alcohol or stimulant
abuse, to uncover relevant barriers within other par-
allel online communities. Future work will address
better streamlining of all the steps in the pipeline
(LDB curation, barrier extraction, matching, and
clustering) with recent advances. For example the
“Deep Research” versions of Google Gemini and
Open AI o3 models could reduce most of the man-
ual work done in LDB curation. Dynamic topic
models (Zhang and Lauw, 2022) applied to GPT-
4 barrier extractions can also help with clustering
by considering topic distribution as an additional
feature during the clustering process.

6 Limitations

Despite promising insights, our work also exposes
limitations of applying recent advances in NLP to
consumer text analysis. Although a multi-step veri-
fication process improved classification precision
and recall, subtle linguistic nuances and context-
dependent barriers may still be misclassified or
overlooked. Our approach needs careful human
intervention at multiple steps in the pipeline and is
not fully automated. For example, there was a need
to at least generate a few human annotations of bar-
riers from messages to assess different prompting
strategies. Next, prompt engineering also needs
major human inputs to instruct LLMs to generate
barrier expressions that are not too short but also
not too long and meandering. Checking different
prompt outputs against human annotations (needed
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to create Table 1) is also manual because unlike tra-
ditional classification methods where ground truth
class labels can be simply matched against model
predictions, here one needs to check if GPT-4 ex-
tracted barriers “capture” the essence of what hu-
man annotators generated. Next, the appropriate
cosine similarity threshold to match GPT-4 extrac-
tions to LDBs is also manually determined based
on observations on a few samples. During clus-
tering of new barriers, which in our opinion was
the hardest part of this project, choosing a strategy
along with any hyper-parameters (e.g., α in Sec-
tion 3.4.2) also needs to be done by manually exam-
ining the quality of the clusters — to make sure they
are thematically coherent but are not overly specific
resulting in singleton clusters. While LLMs proved
to be powerful in generative aspects of this project,
they still need nontrivial steering effort by humans.

Self-reported data from Reddit carry intrinsic
caveats, including possible exaggeration, underre-
porting, or skewed user demographics. The rel-
atively low silhouette score in clustering, for in-
stance, partly reflects the difficulty of discretely seg-
menting highly interrelated challenges (e.g., mental
health issues intertwined with social isolation and
financial strain). Nonetheless, the hybrid process of
validation, merging quantitative metrics with care-
ful prompt engineering, provides reassurance that
the majority of extracted barriers are meaningful,
although not without room for further refinement.

Acknowledgement

This work is supported by the U.S. NIH Na-
tional Institute on Drug Abuse through grant
R01DA057686. The content is solely the responsi-
bility of the authors and does not necessarily repre-
sent the official views of the NIH.

References
Erin R. Barnett, Erin Knight, Rachel J. Herman, Kieshan

Amarakaran, and Mary Kay Jankowski. 2021. Dif-
ficult binds: A systematic review of facilitators and
barriers to treatment among mothers with substance
use disorders. Journal of Substance Abuse Treatment,
126:108341.

Nick Boettcher. 2021. Studies of depression and anxiety
using reddit as a data source: Scoping review. JMIR
Ment Health, 8(11):e29487.

Whitney Bremer, Karma Plaisance, Drew Walker,
Matthew Bonn, Jennifer S. Love, Jeanmarie Perrone,
and Abeed Sarker. 2023. Barriers to opioid use dis-
order treatment: A comparison of self-reported in-

formation from social media with barriers found in
literature. Frontiers in Public Health, 11:1141093.

A. Cernasev, K. C. Hohmeier, K. Frederick, H. Jas-
min, and J. Gatwood. 2021. A systematic literature
review of patient perspectives of barriers and facili-
tators to access, adherence, stigma, and persistence
to treatment for substance use disorder. Exploratory
Research in Clinical and Social Pharmacy, 2:100029.

Sugy Choi, David Rosenbloom, Michael D. Stein, Ju-
lia Raifman, and Jack A. Clark. 2022. Differential
gateways, facilitators, and barriers to substance use
disorder treatment for pregnant women and mothers:
A scoping systematic review. Journal of Addiction
Medicine, 16(3):e185–e196.

J. Dickson-Gomez, S. Krechel, J. Ohlrich, H. D. G.
Montaque, M. Weeks, J. Li, J. Havens, and A. Spec-
tor. 2024. “they make it too hard and too many hoops
to jump”: system and organizational barriers to drug
treatment during epidemic rates of opioid overdose.
Harm Reduction Journal, 21(1):52.

S. M. Donzella, L. N. Kohler, T. E. Crane, E. T. Jacobs,
K. C. Ernst, M. L. Bell, C. J. Catalfamo, R. Begay,
K. Pogreba-Brown, and L. V. Farland. 2022. Covid-
19 infection, the covid-19 pandemic, and changes in
sleep. Frontiers in Public Health, 9:795320.

Ali Farhoudian, Emran Razaghi, Zahra Hoosh-
yari, Alireza Noroozi, Azam Pilevari, Azarakhsh
Mokri, Mohammad Reza Mohammadi, and Mohsen
Malekinejad. 2022. Barriers and facilitators to sub-
stance use disorder treatment: An overview of sys-
tematic reviews. Substance Abuse: Research and
Treatment, 16:1–11.

Christine E. Grella, Erika Ostile, Christy K. Scott,
Michael Dennis, and John Carnavale. 2020. A scop-
ing review of barriers and facilitators to implementa-
tion of medications for treatment of opioid use disor-
der within the criminal justice system. The Interna-
tional Journal on Drug Policy, 81:102768.

Morica Hutchison, Beth S. Russell, Abigail Leander,
Nathaniel Rickles, Derek Aguiar, Xiaomei S. Cong,
Ofer Harel, and Adrian V. Hernandez. 2023. Trends
and barriers of medication treatment for opioid use
disorders: A systematic review and meta-analysis.
Journal of Drug Issues, 0(0):1–22.

Ramakanth Kavuluru, Sifei Han, and Ellen J Hahn.
2019. On the popularity of the usb flash drive-shaped
electronic cigarette Juul. Tobacco control, 28(1):110–
112.

John Lu, Sumati Sridhar, Ritika Pandey, Mohammad Al
Hasan, and Georege Mohler. 2019. Investigate transi-
tions into drug addiction through text mining of reddit
data. In Proceedings of the 25th ACM SIGKDD In-
ternational Conference on Knowledge Discovery &
Data Mining, KDD ’19, page 2367–2375.

O. C. Melamed, W. K. deRuiter, L. Buckley, and
P. Selby. 2022. Coronavirus disease 2019 and the

91

https://doi.org/10.1016/j.jsat.2021.108341
https://doi.org/10.1016/j.jsat.2021.108341
https://doi.org/10.1016/j.jsat.2021.108341
https://doi.org/10.1016/j.jsat.2021.108341
https://doi.org/10.2196/29487
https://doi.org/10.2196/29487
https://doi.org/10.3389/fpubh.2023.1141093
https://doi.org/10.3389/fpubh.2023.1141093
https://doi.org/10.3389/fpubh.2023.1141093
https://doi.org/10.3389/fpubh.2023.1141093
https://doi.org/10.1016/j.rcsop.2021.100029
https://doi.org/10.1016/j.rcsop.2021.100029
https://doi.org/10.1016/j.rcsop.2021.100029
https://doi.org/10.1016/j.rcsop.2021.100029
https://doi.org/10.1097/ADM.0000000000000909
https://doi.org/10.1097/ADM.0000000000000909
https://doi.org/10.1097/ADM.0000000000000909
https://doi.org/10.1097/ADM.0000000000000909
https://doi.org/10.1186/s12954-024-00964-5
https://doi.org/10.1186/s12954-024-00964-5
https://doi.org/10.1186/s12954-024-00964-5
https://doi.org/10.3389/fpubh.2021.795320
https://doi.org/10.3389/fpubh.2021.795320
https://doi.org/10.3389/fpubh.2021.795320
https://doi.org/10.1177/11782218221118462
https://doi.org/10.1177/11782218221118462
https://doi.org/10.1177/11782218221118462
https://doi.org/10.1016/j.drugpo.2020.102768
https://doi.org/10.1016/j.drugpo.2020.102768
https://doi.org/10.1016/j.drugpo.2020.102768
https://doi.org/10.1016/j.drugpo.2020.102768
https://doi.org/10.1177/00220426231204841
https://doi.org/10.1177/00220426231204841
https://doi.org/10.1177/00220426231204841
https://doi.org/10.1016/j.psc.2021.11.006


impact on substance use disorder treatments. The
Psychiatric Clinics of North America, 45(1):95–107.

Alexandra M. Mellis, Marc N. Potenza, and Jessica N.
Hulsey. 2021. Covid-19-related treatment service
disruptions among people with single- and polysub-
stance use concerns. Journal of Substance Abuse
Treatment, 121:108180.

Daniel Müllner. 2011. Modern hierarchical, ag-
glomerative clustering algorithms. Preprint,
arXiv:1109.2378.

Tareq Nasralah, Omar El-Gayar, and Yong Wang. 2020.
Social media text mining framework for drug abuse:
Development and validation study with an opioid
crisis case analysis. Journal of Medical Internet Re-
search, 22(8):e18350.

NIDA National Institute on Drug Abuse. 2024.
Overdose death rates. https://nida.nih.
gov/research-topics/trends-statistics/
overdose-death-rates.

Caitlin Notley, Annie Blyth, Vivienne Maskrey, Jean
Craig, and Richard Holland. 2013. The experience of
long-term opiate maintenance treatment and reported
barriers to recovery. European Addiction Research,
19(6):287–298.

Motasem Obeidat, Vinu Ekanayake, Md Sultan
Al Nahian, and Ramakanth Kavuluru. 2024.
UKYNLP@ SMM4H2024: Language model meth-
ods for health entity tagging and classification on
social media (tasks 4 & 5). In Proceedings of The 9th
Social Media Mining for Health Research and Appli-
cations Workshop and Shared Tasks, pages 124–129.

Timothy S. Oesterle, Bhaskar Kolla, Christopher J.
Risma, Susan A. Breitinger, Dusan B. Rakocevic,
Larisa L. Loukianova, Dana K. Hall-Flavin, Mor-
gan T. Gentry, Timothy A. Rummans, Mayank
Chauhan, and Matthew S. Gold. 2020. Substance
use disorders and telehealth in the covid-19 pan-
demic era: A new outlook. Mayo Clinic Proceedings,
95(12):2709–2718.

OpenAI. 2024. OpenAI Embeddings Guide. Accessed:
2024-01-31.

Sheetal Pandrekar, Xin Chen, Gaurav Gopalkrishna,
Avi Srivastava, Mary Saltz, Joel Saltz, and Fusheng
Wang. 2018. Social media based analysis of opioid
epidemic using reddit. In AMIA Annual Symposium
Proceedings, volume 2018, page 867.

John Pavlopoulos, Georgios Vardakas, and Aristidis
Likas. 2024. Revisiting silhouette aggregation.

Alina Petukhova, João P. Matos-Carvalho, and Nuno
Fachada. 2024. Text clustering with large language
model embeddings. International Journal of Cogni-
tive Computing in Engineering.

Reddit. 2024. r/OpiatesRecovery. https://www.
reddit.com/r/OpiatesRecovery/. Accessed:
2024-11-18.

A. Sarker, N. Nataraj, W. Siu, et al. 2022. Concerns
among people who use opioids during the covid-19
pandemic: a natural language processing analysis
of social media posts. Substance Abuse Treatment,
Prevention, and Policy, 17:16.

Karen Smith, Linda Jones, and Tom Brown. 2021. So-
cial isolation and its effects on opioid use disorder
recovery. Journal of Addiction Medicine, 15(3):210–
218.

Tung Tran and Ramakanth Kavuluru. 2020. Social me-
dia surveillance for perceived therapeutic effects of
cannabidiol (CBD) products. International Journal
of Drug Policy, 77:102688.

Vijay Viswanathan, Kiril Gashteovski, Kiril Gash-
teovski, Carolin Lawrence, Tongshuang Wu, and Gra-
ham Neubig. 2024. Large language models enable
few-shot clustering. Transactions of the Association
for Computational Linguistics, 12:321–333.

Watchful1. 2023. Subreddit comments/submissions
2005-06 to 2023-12. https://www.reddit.com/
r/pushshift/comments/1akrhg3/separate_
dump_files_for_the_top_40k_subreddits/.
This is the top 40,000 subreddits from reddit’s
history in separate files. You can use your torrent
client to only download the subreddits you’re
interested in. These are from the Pushshift dumps
from 2005-06 to 2023-12 which can be found
here https://academictorrents.com/details/
7c0645c94321311bb05bd879ddee4d0eba08aaee.
These are zstandard compressed ndjson
files. Example Python scripts for pars-
ing the data can be found here https:
//github.com/Watchful1/PushshiftDumps.
If you have questions, please reply to this Reddit
post or DM u/Watchful on Reddit or respond to this
post https://www.reddit.com/r/pushshift/
comments/1akrhg3/separate_dump_files_for_
the_top_40k_subreddits/.

Chenghao Yang, Tuhin Chakrabarty, Karli R Hochstat-
ter, Melissa N Slavin, Nabila El-Bassel, and
Smaranda Muresan. 2024. Identifying self-
disclosures of use, misuse, and addiction in
community-based social media posts. In Findings
of the Association for Computational Linguistics:
NAACL 2024, pages 2507–2521. Association for
Computational Linguistics.

E. F. Yang, R. Kornfield, Y. Liu, M. Y. Chih, P. Sarma,
D. Gustafson, J. Curtin, and D. Shah. 2023. Us-
ing machine learning of online expression to explain
recovery trajectories: Content analytic approach to
studying a substance use disorder forum. Journal of
Medical Internet Research, 25:e45589.

Delvin Ce Zhang and Hady Lauw. 2022. Dynamic topic
models for temporal document networks. In Inter-
national Conference on Machine Learning, pages
26281–26292. PMLR.

92

https://doi.org/10.1016/j.psc.2021.11.006
https://doi.org/10.1016/j.jsat.2020.108180
https://doi.org/10.1016/j.jsat.2020.108180
https://doi.org/10.1016/j.jsat.2020.108180
https://arxiv.org/abs/1109.2378
https://arxiv.org/abs/1109.2378
https://doi.org/10.2196/18350
https://doi.org/10.2196/18350
https://doi.org/10.2196/18350
https://nida.nih.gov/research-topics/trends-statistics/overdose-death-rates
https://nida.nih.gov/research-topics/trends-statistics/overdose-death-rates
https://nida.nih.gov/research-topics/trends-statistics/overdose-death-rates
https://www.jstor.org/stable/10.2307/26790893
https://www.jstor.org/stable/10.2307/26790893
https://www.jstor.org/stable/10.2307/26790893
https://doi.org/10.1016/j.mayocp.2020.10.011
https://doi.org/10.1016/j.mayocp.2020.10.011
https://doi.org/10.1016/j.mayocp.2020.10.011
https://platform.openai.com/docs/guides/embeddings
https://doi.org/10.1016/j.ijcce.2024.11.004
https://doi.org/10.1016/j.ijcce.2024.11.004
https://www.reddit.com/r/OpiatesRecovery/
https://www.reddit.com/r/OpiatesRecovery/
https://doi.org/10.1186/s13011-022-00442-w
https://doi.org/10.1186/s13011-022-00442-w
https://doi.org/10.1186/s13011-022-00442-w
https://doi.org/10.1186/s13011-022-00442-w
https://www.reddit.com/r/pushshift/comments/1akrhg3/separate_dump_files_for_the_top_40k_subreddits/
https://www.reddit.com/r/pushshift/comments/1akrhg3/separate_dump_files_for_the_top_40k_subreddits/
https://www.reddit.com/r/pushshift/comments/1akrhg3/separate_dump_files_for_the_top_40k_subreddits/
https://academictorrents.com/details/7c0645c94321311bb05bd879ddee4d0eba08aaee
https://academictorrents.com/details/7c0645c94321311bb05bd879ddee4d0eba08aaee
https://github.com/Watchful1/PushshiftDumps
https://github.com/Watchful1/PushshiftDumps
https://www.reddit.com/r/pushshift/comments/1akrhg3/separate_dump_files_for_the_top_40k_subreddits/
https://www.reddit.com/r/pushshift/comments/1akrhg3/separate_dump_files_for_the_top_40k_subreddits/
https://www.reddit.com/r/pushshift/comments/1akrhg3/separate_dump_files_for_the_top_40k_subreddits/
https://doi.org/10.48550/arXiv.2311.0906
https://doi.org/10.48550/arXiv.2311.0906
https://doi.org/10.48550/arXiv.2311.0906
https://doi.org/10.2196/45589
https://doi.org/10.2196/45589
https://doi.org/10.2196/45589
https://doi.org/10.2196/45589


A Appendix

Table 4: List of manually curated literature-derived barriers

lit_barrier
id Barrier Description

0 Low self-confidence and
negative self-perception

A deeply ingrained negative self-image can significantly
increase the risk of relapse by fostering feelings of worth-
lessness, making it difficult to build healthy relationships,
and deterring individuals from seeking help. This neg-
ative self-perception also contributes to poor self-care
and reinforces internalized stigma, making the recovery
process more challenging.

1 Fear of dealing with emo-
tions and anxiety

Opioids often mask underlying emotional issues and
boost self-esteem, creating a fear of confronting raw
emotions without the crutch of drugs. This fear makes it
difficult for individuals to manage overwhelming feel-
ings of anxiety, worry, and stress, which can hinder the
recovery process and increase vulnerability to relapse.

2 Fear of stigma Stigma related to aging, past drug use, mental health
issues, poverty, and methadone treatment profoundly
affects self-identity and recovery. The internalization
of these stigmas can lead to shame, social withdrawal,
and a reluctance to seek or continue treatment, further
complicating the recovery journey.

3 Negative attitudes or be-
liefs about treatment

Stigmatizing beliefs about medication-assisted treatment
(MAT) and the uncertainties surrounding treatment op-
tions can prevent individuals from seeking help. Misin-
formation, fear of judgment, and negative perceptions of
treatment can lead to resistance or disengagement from
the recovery process.

4 Unsuitable/ineffective ser-
vices and exclusionary at-
titudes, policies, and pro-
grams

Inadequate or rigid treatment services, particularly for
those with co-occurring mental health conditions, fail
to meet the specific needs of individuals. Exclusion-
ary policies, such as restrictive program hours, lack of
language services, and daily attendance requirements,
further alienate those seeking help, limiting their access
to effective treatment.

5 Housing instability and
homelessness

A lack of stable housing creates an unpredictable and
stressful environment that disrupts recovery efforts.
Without a secure place to live, access to treatment is
often compromised, and the constant exposure to trig-
gers increases the risk of relapse.

6 Difficulties with establish-
ing a non-drug-using net-
work of friends and lack of
social capital or support

Building new, supportive social networks that do not
involve drug use is a significant challenge. The absence
of compassionate and understanding relationships, par-
ticularly with family members, can lead to isolation and
a lack of the social support necessary for successful
recovery.

Continued on next page
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lit_barrier
id Barrier Description

7 Over-reliance on other pa-
tients or treatment staff in
treatment facilities

In treatment centers, individuals may become overly de-
pendent on other patients and staff, creating a sense of
being caught between two worlds. This reliance can hin-
der the development of personal autonomy and coping
skills essential for long-term recovery.

8 Influence of habits of
spouse/partner/family
members/peers to drugs

The drug use habits of close family members, partners,
or friends can increase the availability and temptation
of drugs, making it harder for individuals to maintain
sobriety. This close proximity to drug use can be a
significant trigger for relapse.

9 Secrecy or fear about the
past in new interpersonal
relations

The inability to share past experiences with new acquain-
tances can lead to feelings of isolation and exile from
mainstream society. This secrecy can create barriers
to forming genuine, supportive relationships, which are
crucial for recovery.

10 Fear of incarceration For some individuals, particularly women who fear los-
ing custody of their children, the threat of incarceration
is a significant barrier. The criminalization of drug use,
fear of police harassment, and the risk of arrest discour-
age seeking help, leading to untreated addiction and
increased relapse risk.

11 Co-morbid mental and
physical health issues

The presence of additional addictions or physical and
mental health conditions, such as anxiety, depression,
self-loathing, childhood trauma, or physical illnesses,
complicates the recovery process. These co-occurring
issues require specialized treatment, and when unad-
dressed, they can significantly hinder recovery.

12 Expensive costs and finan-
cial problems

The high costs of treatment, particularly for those with-
out insurance, can prevent individuals from accessing
necessary care. Financial barriers, including the inabil-
ity to afford medication and out-of-pocket costs, are
significant obstacles to sustained recovery.

13 Issues in accessing treat-
ment

Accessing treatment is particularly challenging for indi-
viduals from culturally and linguistically diverse commu-
nities or those in rural areas. Geographical barriers, lack
of transportation, and limited availability of medication-
assisted treatment (MAT) create significant obstacles to
regular and consistent treatment.

14 Identity difficulties Some individuals struggle with the identity transforma-
tion required by treatment programs, resisting the label
of “patient” and finding it difficult to construct a new
identity free from drug use. This identity conflict can cre-
ate resistance to treatment and complicate the recovery
process.

Continued on next page
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lit_barrier
id Barrier Description

15 Staff attitudes and training
deficiencies

Judgmental attitudes from treatment providers and staff
who lack empathy and understanding can create an un-
welcoming environment for patients. When staff view
clients as psychologically impaired or needing long-term
maintenance without offering hope for recovery, it can
discourage individuals from engaging fully in treatment.

16 Lack of connection be-
tween emergency care and
professional medical treat-
ment

A disconnect between emergency care services and on-
going professional medical treatment can lead to gaps in
care. This lack of continuity can result in missed oppor-
tunities for intervention and support, increasing the risk
of relapse.

17 Lack of adherence to treat-
ment protocol

Managing multiple appointments and responsibilities,
especially for mothers, can be overwhelming and lead
to non-adherence to treatment protocols. The stress of
balancing treatment with daily life can make it difficult
to stay committed to recovery.

18 Misuse of prescribed med-
ications

Some individuals misuse their prescribed medications
by taking higher doses than recommended or combining
them with illicit substances. This misuse can undermine
the effectiveness of treatment and increase the risk of
relapse.

19 Belief that treatment was
unnecessary

Some individuals prefer to withdraw from opioids alone,
without assistance, believing that treatment is unneces-
sary. This belief can lead to unsuccessful attempts at
recovery and a higher likelihood of relapse.

20 Fear of withdrawal symp-
toms

The physical and psychological symptoms of with-
drawal, such as nausea, vomiting, diarrhea, muscle aches,
sweating, chills, fever, anxiety, depression, and intense
cravings, can be overwhelming. The fear of experienc-
ing these symptoms often discourages individuals from
seeking help or continuing with treatment, increasing
the risk of relapse.
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Table 5: Examples of descriptors for emerging barrier extractions with GPT-4

GPT-4 generated cluster descriptor Some example barriers in the cluster
The primary themes and challenges in opioid use
disorder recovery, as highlighted by the list of
barriers, revolve around the adverse reactions to
and ineffectiveness of various alternative treat-
ments and medications, including Kratom, benzo-
diazepines, clonidine, and suboxone. Users face
significant obstacles such as physical side effects
(nausea, vomiting, stomach issues, and severe
sweating), psychological effects (increased anx-
iety, depression, and suicidal ideation), and spe-
cific health concerns (restless leg syndrome, sex-
ual dysfunction, and dental health issues). These
are compounded by the medications’ unpleasant
taste and physical discomfort upon ingestion, lead-
ing to non-adherence and relapse. The fear of los-
ing access to necessary medications due to hon-
esty about relapse, as well as the potential for
medications to mask or exacerbate other health
issues, creates a complex environment where in-
dividuals struggle to find tolerable and effective
treatment options to manage withdrawal symp-
toms and support their recovery journey.

- Adverse physical reactions to Kratom: The user
experiences stomach issues when using Kratom,
which could discourage its use and negatively
impact their detoxification and recovery process.
- Intense cravings triggered by Benadryl: The user
has experienced strong cravings for substances
following the administration of Benadryl through
an IV.
- Concerns about the side effects of current anxi-
ety medication (hydroxyzine), such as sleepiness,
which may interfere with daily activities and thus
pose a barrier to the recovery process.

Individuals in recovery from opioid use disor-
der are encountering significant barriers due to
the ineffectiveness of both prescription and over-
the-counter sleep aids, including melatonin, Zopi-
clone, and Ambien, as well as alternative methods
like homeopathic remedies, kava root, and relax-
ation techniques. This pervasive lack of effective
sleep solutions exacerbates insomnia, which not
only impedes their recovery process but also poses
a risk of relapse as they struggle to manage sleep
disturbances without resorting to opioids. The
reluctance of healthcare providers to prescribe
certain hypnotics, coupled with the side effects
and diminishing returns of available medications,
underscores the urgent need for a comprehensive
and effective treatment plan to address the critical
role of sleep in the recovery journey.

- The person is restricted to using only over-the-
counter sleeping aids, as they are unable to utilize
prescription sleep medications or benzodiazepines
to address their sleep disturbances.
- Ineffectiveness of homeopathic remedies: The
individual has attempted numerous homeopathic
remedies to address their sleep issues, but none
have been successful. The lack of an effective so-
lution for their sleep disturbances is an additional
barrier to their recovery from opioid use disorder.
- Limited access to hypnotics, due to the general
practitioner’s reluctance to prescribe them, is a
source of frustration for the user and is seen as a
barrier to overcoming insomnia and aiding their
recovery.

Continued on next page
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GPT-4 generated cluster descriptor Some example barriers in the cluster
The overarching challenge in opioid use disor-
der recovery, as reflected by the experiences de-
scribed, is a pervasive lack of adequate and empa-
thetic medical support across various healthcare
settings. Patients frequently encounter barriers
such as healthcare professionals prioritizing fi-
nancial interests over patient care, insufficient un-
derstanding and coordination between pain and
addiction clinics, and a general sense of isolation
due to the healthcare system’s failure to provide
comprehensive and compassionate support. This
lack of support extends to GPs who often dis-
miss patient concerns, inadequately address men-
tal health needs, and fail to establish trust or offer
practical assistance in creating and following ef-
fective recovery plans. The resulting environment
is one where patients feel unheard, misunderstood,
and inadequately treated, which severely under-
mines their confidence in the healthcare system
and impedes their journey towards recovery. Ad-
ditionally, systemic issues like misinformation,
inadequate facilities, and cultural barriers further
exacerbate the struggle for individuals seeking
help for opioid use disorder, especially in regions
with less developed psychiatric support systems.

- A lack of proper support and understanding
within the healthcare system presented a barrier,
as evidenced by the user being passed between the
pain clinic and addiction clinic without receiving
appropriate care.
- Lack of medical support: The user feels that
doctors do not take their concerns seriously, indi-
cating a lack of accessible supportive medical care
that is essential for managing recovery symptoms.
- A history of inadequate support and assistance
from hospitals and specialists, resulting in a di-
minished trust in the healthcare system, as the user
has not received answers or help despite multiple
consultations.

The primary themes and challenges in opioid
use disorder recovery, as reflected by the barriers
listed, revolve around the inadequacy of pain man-
agement solutions and the limited access to both
pharmacological and non-pharmacological alter-
natives. Individuals struggling with chronic pain
find non-opioid medications such as NSAIDs,
over-the-counter pain relievers, and alternative
therapies like CBD oil or marijuana to be inef-
fective, leading to a heightened risk of relapse
into opioid use for pain relief. Compounding
this issue is the reluctance or inability of medical
professionals to explore new pain management
methods, often leaving patients with unmanaged
pain and a sense of desperation. This situation
is exacerbated by the lack of access to special-
ized pain management services, particularly in
the context of COVID-19, which has disrupted
healthcare delivery and limited options for those
seeking to manage pain without opioids. The col-
lective impact of these barriers underscores the
need for comprehensive, effective, and accessible
pain management strategies as a critical compo-
nent of opioid use disorder recovery.

- The inability to use NSAIDs due to medical
contraindications, which restricts the user’s alter-
natives for non-opioid pain relief and presents a
challenge in reducing opioid use.
- The closure of the Pain Management clinic due
to Covid-19 has resulted in the inability to find
a new doctor, disrupting the user’s medication
regimen.
- Difficulty in finding a new doctor who can pro-
vide non-narcotic pain management solutions, fol-
lowing the dismissal of the previous pain manage-
ment doctor.

Continued on next page
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GPT-4 generated cluster descriptor Some example barriers in the cluster
The primary themes and challenges in opioid use
disorder recovery, as highlighted by the list pro-
vided, revolve around the profound impact of so-
cial isolation, disruptions to daily routines, and the
exacerbating effects of the COVID-19 pandemic.
Individuals face a multifaceted struggle where iso-
lation—whether due to weather, unconventional
wake-up times, work-from-home structures, or
quarantine measures—significantly hampers their
ability to connect with support networks and en-
gage in recovery activities. The pandemic has
intensified feelings of loneliness, anxiety, and de-
pression, triggering memories of past substance
use and increasing the risk of relapse. The lack of
professional support and reduced engagement in
positive activities further contribute to a sense of
hopelessness and loss of purpose. Environmental
factors, such as the dark times of lockdowns, and
personal factors, such as bipolar disorder and the
desire for self-isolation, compound the psycholog-
ical distress. This complex interplay of isolation,
mental health challenges, and pandemic-related
constraints creates a formidable barrier to recov-
ery, underscoring the need for robust, adaptive
support systems that can reach individuals even
in the most isolating circumstances.

- Quarantine situation: Users are experiencing
isolation and a lack of support due to being stuck
in quarantine, which poses a significant challenge
to recovery.
- Increased isolation and lack of productive activi-
ties because of COVID-19 restrictions, leading to
intensified cravings, as described by the user who
was laid off and forced to stay at home without
engaging in meaningful activities.
- Work-from-home isolation: The user’s job does
not involve much interaction with others, exacer-
bating their feelings of isolation and potentially
depriving them of much-needed social support
during recovery.

The COVID-19 pandemic has significantly dis-
rupted the recovery process for individuals with
opioid use disorder by imposing barriers that un-
dermine their support systems and daily routines.
Emotional distress has been exacerbated by the
inability to attend support group meetings and
therapy sessions, including AA and NA meetings,
which are crucial for mutual support and main-
taining sobriety. Lockdown measures have further
restricted access to coping activities such as going
to the gym, engaging in hobbies, and attending
outpatient treatment, all of which are essential
components of a structured recovery plan. The
loss of these routines and support mechanisms
has led to increased isolation, mental hardship,
and a heightened risk of relapse, highlighting the
profound impact that external factors and disrup-
tions to daily structure can have on the journey to
recovery.

- The closure of the center where group sessions
are held due to the coronavirus pandemic is a
barrier because it disrupts the structured recovery
support necessary for maintaining sobriety.
- The temporary shutdown of support meetings
and therapy appointments, including physiother-
apy, acupuncture, and cupping, poses a barrier as
these services help manage painful side effects
from methadone and are integral to the user’s re-
covery support system.
- Loss of access to the gym due to lockdown: The
gym served as a critical support system for the
user during their withdrawal period, and the in-
ability to attend the gym because of lockdown
measures is directly associated with their relapse.
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Table 6: The three stage barrier extraction prompts

Prompt type Prompt
Initial prompt “You are given a Reddit post. Your task is to extract barriers to recovery from

opioid use disorder as explicitly mentioned by the user. Strictly adhere to the
following guidelines when extracting the barriers:

• The user is talking about their own experience and not someone else’s.
• The barrier is explicitly mentioned by the user or has strong indications

as causing them to relapse or contributing to the risk of relapse. Discard
barriers that do not adhere to the above guidelines.

• If no barriers are found, mention “No barriers found”. Only use the
details provided by the user in the post, without relying on previous
knowledge on the subject or making assumptions.

• Provide reasons for the selection of the items.
• Finally, provide the items as a numbered list as follows:

Identified barriers:
<barrier 1> <barrier 2> ...
Post: {post}"

Verification prompt “Verify that the user explicitly mentions or has strong indications of the identi-
fied items as causing or contributing to relapse or shows strong indications of
presenting challenges in maintaining recovery. The user must be talking about
their own recovery."

Finalization prompt “You are given information about potential barriers to recovery as mentioned
by Reddit users in their posts, along with a verified list of barriers. Your
task is to extract the finalized list of barriers from the provided text. Ensure
each barrier is represented as a numbered list using clear and meaningful
sentences that accurately capture the context and details without shortening
them excessively. The barriers should be concise yet detailed enough for
someone reviewing them later to fully understand what each barrier entails. If
no barriers are found, return “No barriers found.”
Info on barriers to recovery: {verified_list_of_barriers}
List of barriers to recovery:"
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