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ABSTRACT
Prescription drug abuse is a pressing public health issue,
and people who misuse prescription drugs are turning to on-
line forums for help. Are such forums effective? We ana-
lyze the process of opioid withdrawal, recovery and relapse
on Forum77, MedHelp.org’s online health forum for sub-
stance abuse recovery. Applying Prochashka’s Transtheoret-
ical Model for behavior change, we develop a taxonomy de-
scribing phases of addiction expressed by Forum77 members.
We examine activity and linguistic features across the phases
USING, WITHDRAWING and RECOVERING. We train statisti-
cal classifiers to identify addiction phase, relapse and whether
a user was RECOVERING at the time of her last post. Applying
our classifiers to 2,848 users, we find that while almost 50%
relapse, the prognosis for ending in RECOVERING is favor-
able. Supplementing our results with users’ own accounts of
their experiences, we discuss Forum77’s efficacy and short-
comings, and implications for future technologies.
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INTRODUCTION
Drug and alcohol use disorders, in particular the escalating
misuse of prescription drugs, present one of the most press-
ing public health issues of the day. Addiction affects 16% of
Americans ages 12 or older (about 40 million people), far ex-
ceeding the number of people afflicted with heart disease (27
million), diabetes (26 million), or cancer (19 million) [4]. In
2008, more than 36,000 deaths were due to drug overdoses;
of these, opioid pain reliever (OPR) overdoses accounted for
more than heroin and cocaine combined [3, 56].
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One traditional and well-accepted addiction management
strategy is joining and participating in a mutual help group,
such as Alcoholics Anonymous (AA) or Narcotics Anony-
mous (NA). However, a large and increasing number of
people are going online for medical information and ad-
vice [20], and those with substance abuse problems are no
exception. Several of the largest online health commu-
nity websites, like MedHelp (www.medhelp.org), Patients-
LikeMe (www.patientslikeme.org), and Daily Strength
(www.dailystrength.org) include forums dedicated to the
topic of addiction. It is telling that Forum77, MedHelp’s sub-
stance abuse and addiction community, is the largest commu-
nity on MedHelp, comprising some 740,045 posts in 80,528
discussion threads authored by 51,152 unique users.

Online mutual help groups for recovery are uniquely posi-
tioned to offer novel insight into the process of prescrip-
tion drug abuse cessation for two reasons. First, prescription
drug abuse is severely stigmatized, even within the medical
community [44, 40]. Prior work shows that people affected
by stigmatized conditions are more likely to seek help from
peers [10] and to seek help online [8]. Second, patients may
be unwilling to discuss issues of prescription opioid misuse
with their health care providers, who may be the source of
the drugs [56].

Despite the prevalence of online health forums for substance
use disorders, and despite the unique role that they could play
in the process of cessation, such groups are understudied. Lit-
tle is known about when, in the cycle of abuse, such groups
are most useful to users, what they help with, and whether
they aid progression towards recovery. In this paper, we make
the following contributions:

A quantified taxonomy of phases of addiction as expressed by
users on Forum77. Our taxonomy, developed in concert with
an addiction specialist, is based on Prochaska’s Transtheoret-
ical Model (TTM) of behavior change [49], and serves both
as a labeling rubric for mapping text to phases of addiction,
as well as a quantified summary of phase-based activity on
Forum77. We use the taxonomy to manually label initiating
post sequences from 191 Forum77 users (2,266 posts total)
with the labels USING, WITHDRAWING or RECOVERING.

An analysis of activity and linguistic features across the
phases of addiction. We identify features that are charac-
teristic of each phase, and leverage them to train a Con-
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ditional Random Field (CRF) model to automatically label
users’ phases of addiction over their tenure on Forum77. Our
CRF achieves an F1-score of 67.6% against a baseline F1-
score of 20%. Using CRF-labeled sequences, we are able to
identify (1) whether a user relapsed at some point during their
tenure, and (2) whether a user was RECOVERING at the time
of her final initiating post, with F1-scores of 78% and 82%,
respectively. We make our CRF classifier freely available for
download at vis.stanford.edu/projects/forum77.

An analysis of transition, relapse and recovery based on
the CRF-labeled phase sequences of 2,848 Forum77 users
(32,345 posts). We find that overall, progressive transitions
are more prevalent than regressive transitions. Moreover, de-
spite the fact that relapse is common (almost half of users
relapse at some point during their tenure), the chances of a
user RECOVERING by her final post are favorable. Finally,
we observe a significant correlation between high forum en-
gagement (both frequency of participation and volume of re-
sponse posts authored) during a user’s phases of USING and
WITHDRAWING and the probability that she is RECOVERING
when she leaves Forum77.

BACKGROUND
To our knowledge, our work is the first to investigate the topic
of prescription drug abuse cessation in social media. Given
the secretive and stigmatized nature of this condition [44],
our contribution provides a unique and often overlooked per-
spective on prescription drug abuse: that of patients them-
selves. In this section, we provide an overview of prescription
drug abuse as well as the traditional, in-person mutual help
groups Alcoholics Anonymous (AA) and Narcotics Anony-
mous (NA). Next, we discuss work evaluating the efficacy
of online health communities in general. Finally, we present
work which, like ours, attempts to infer a person’s health state
from her social media contributions.

Prescription Drug Abuse
Prescription drug abuse (or “nonmedical use”) is defined
as “the use of a medication without a prescription, in a
way other than prescribed, or for the experience or feelings
elicited” [56]. Opioid pain relievers, such as hydrocodone,
oxycodone, morphine and codeine, are the most frequently
abused prescription medications [5]. In 2010, some 5.1 mil-
lion Americans reported misusing prescription pain relievers
in the last month, followed by sedatives (2.6 million) and
stimulants (1.1 million) [5].

Recent medical research argues that drug dependence is a
chronic, relapsing and remitting disorder that behaves like
other chronic illnesses with a behavioral component, such as
Type II Diabetes Mellitus [38]. Despite this, prescription opi-
oid abuse is a highly stigmatized condition: the viewpoint
that opioid misuse is a flaw of a person’s moral character,
rather than a legitimate medical condition, is common [44,
40]. The stigma is compounded by the fact that the most ef-
fective treatments for opioid use disorders are methadone or
buprenorphine-assisted replacement therapies [44]. Finally,
as pain treatment is often the starting point of a longer ad-
diction to prescription opioids, it is common for people with

prescription drug use disorders to acquire their drug of choice
via a doctor’s prescription [53, 56, 34]. In a survey of 571 in-
dividuals at an opioid detoxification clinic, Sproule et al. [53]
report that 37% acquired their prescription opioids via pre-
scription, 21% on “the street”, and 25% through a combina-
tion of both.

Withdrawal
Withdrawal (or detoxification) is a painful process that is fre-
quently compared to having a bad case of flu [6, 17]. Com-
mon withdrawal symptoms include agitation, anxiety, mus-
cle aches, insomnia, sweating, abdominal cramping, diarrhea,
goose bumps, nausea and vomiting [6]. Typically, symptom
onset aligns with the first missed dose in the case of a “cold
turkey” approach, or within a few days of dose reduction in
the case of a taper [17]. Symptom severity peaks within a few
days of final exposure, and gradually reduces as the user’s
physical dependence on the drug weakens [17]. Withdrawal
duration, which depends on biological factors, drug, dosage
levels, and withdrawal method, ranges broadly from 7-10
days (cold turkey) [21] to 20-35 days (methadone-assisted ta-
per) [17].

Research on easing the withdrawal process focuses primar-
ily on medication-assisted detoxification overseen by a med-
ical professional. However, Green et al. [23] showed that in-
forming patients in full as to the nature and severity of with-
drawal symptoms that they were likely to experience resulted
both in lower self-reported symptom severity scores as well
as an increased probability of completing the detoxification
process. Patient-reported strategies for effectively complet-
ing withdrawal include distraction and avoidance, especially
in the form of physical activity [21].

Self-Detoxification
Almost no research focuses on the subject of self-
detoxification. We found two studies in which attendees of
the same London methadone treatment facility were inter-
viewed about prior self-detoxification attempts. In both stud-
ies, most patients had attempted self-detoxification, and many
had made multiple attempts [21, 43]. The short-term suc-
cess rate per episode (24 hours of abstinence) was 41% [43],
while the medium-term success rate per episode (10 days ab-
stinence) was 24% [21]. The design of these studies natu-
rally exclude patients who successfully maintain abstinence.
When asked why their attempts had failed, subjects pointed to
lack of support during detoxification [21], as well as easy ac-
cess to drugs and severity of withdrawal symptoms [21, 43].

Relapse & Recovery
Relapse rates for opioid use are high. Reported reuse statistics
for individuals having gone through detoxification programs
range from 81–91% [22, 52]. However, long-term prognoses
are more favorable, with evidence suggesting that 45–51% of
patients may achieve sustained abstinence, and that sustained
abstinence is a gradual process [22].

“Recovery” is a hotly contested term in drug use disor-
der communities. Many align with the Alcoholics Anony-
mous viewpoint that addiction is an uncurable disease and, as
such, an individual never fully “recovers” from addiction [2].

vis.stanford.edu/projects/forum77


Rather, users who reach sustained sobriety are referred to as
being “in recovery”. In this work, we refer to users who have
overcome physical withdrawal as RECOVERING.

In-Person Mutual Help Groups
Alcoholics Anonymous (AA), founded in the 1930s [1], is
one of the most utilized services for substance use disorders
in the world, with over 4 million members across 100 dif-
ferent societies [28]. It has also given rise to other peer re-
covery groups for addiction, like Narcotics Anonymous (NA)
and Gamblers Anonymous (GA). AA and NA are almost en-
tirely based on mutual support, even condemning the giving
of medical advice as outside the expertise of the group, in-
stead encouraging members to see a doctor if medical or psy-
chiatric problems arise [28].

Three decades of accumulated evidence demonstrates that ac-
tive participation in such groups for addiction improves out-
comes [35], although success rates are ill-defined and vary
across studies [7]. A high participation level in AA is reported
to be one of the strongest predictors for abstinence [45, 51].
For example, Pagano et al. [45] found that users who actively
helped other AA members had a relapse rate of 55%, while
those who did not relapsed at a rate of 75%. Correspondingly,
many of the benefits of AA are thought to stem from the social
network that it provides its members, who afford each other
support, role modeling and experiential advice [30]. Kelly
et al. [31] find that through their interactions with other AA
members, users experience increased abstinence self-efficacy,
increased spirituality/religiosity and reduced negative affect.
Having a sponsor (an informal mentor) is also thought to help
newcomers avoid relapse [54].

Online Health Communities
Studies of cancer-oriented online support groups show that
participation assists effective disease management [27, 32],
as they serve as information conduits for lifestyle manage-
ment and coping [32, 41] as well as arenas for personal
empowerment through narrative [18, 27]. Additional user-
perceived benefits for sharing health data included sugges-
tions for symptom management and treatment, improved un-
derstanding of one’s condition, and enhanced confidence in
doctors’ evaluations [59]. Patients report that information
provided by peers is both valuable and distinct from that given
by clinicians [24]. Mankoff et al. [36] find that online peer in-
teraction facilitates a positive shift in users’ perspective about
their condition, and that over time participants’ roles evolve
towards supporting and helping others. In concert, prior work
supports the notion that people struggling with addiction may
benefit from online health community participation.

Inferring Health State from Social Media
The idea that social media users’ health states will be some-
how reflected in the content that they contribute, and that it
may be possible to predict health state from these data, has
captured the interest of several researchers. De Choudhury et
al. [11, 12, 13] analyze how postpartum depression (PPD)
might be reflected on both Twitter and Facebook. Using
their findings, they leverage activity and linguistic features
to build models that predict the onset of PPD from Facebook

data [13]. In other social media studies, both activity fea-
tures, such as social engagement and connectivity, and lin-
guistic features, such as affect and writing style, have been
shown to be useful indicators of depression [14, 26, 50, 46],
neuroticism [50] and post-traumatic stress disorder [9].

A related challenge is to identify a user’s current phase within
a specific medical condition. Jha and Elhadad [29] found that
a combination of linguistic and activity features are helpful
for identifying cancer stages I–IV. Murnane and Counts [42]
conducted an analysis of smoking cessation as reflected on
Twitter. They find that linguistic features of positive and neg-
ative sentiment, as well as social interaction variables, were
significant differentiators between users who relapsed and
users who ceased their smoking behavior during the time of
the study. Finally, Wen and Rosê use logistic regression and
flexible pattern matching over posts from an online cancer
community to extract pre-defined events onto a timeline [57].

THE FORUM77 DATASET
Forum77 is an online health forum dedicated to addiction
recovery. It is the largest of several topic-specific, online
health forums that comprise MedHelp (www.medhelp.org),
the world’s largest online health community. In keeping with
most of MedHelp’s forums, Forum77 is peer moderated. We
acquired our Forum77 dataset through a research agreement
with MedHelp, who anonymized the data prior to sharing.

Our dataset comprises roughly 7 years of discussions on Fo-
rum77 (Jan 2007 to Apr 2014). During this time 51,153
unique users authored some 740,046 posts (80,529 threads).
Figure 1 shows summary plots describing Forum77 content
and user volume, average user tenure and posting rates, and
thread length distribution. While most users have a tenure
shorter than one month, thousands of users participate for sev-
eral years. Note that we have neither demographic data (age,
geographic location etc.) describing Forum77 users nor page
view data describing lurking (reading without posting). As
such, we restrict our analyses to Forum77 discussion content.

Discussions on Forum77 follow a simple thread structure: a
user starts a discussion with an initiating post, along with a
descriptive title. Responses are displayed below the initiating
post in the order in which they are received. Features for sub-
discussions (nested responses) as well as for selecting a reply
as the “best response” exist, but are infrequently used.

Typically, users present their own substance use situation
(e.g., drugs used and number of days clean) in initiating posts.
In contrast, in response posts users are liable to discuss a wide
range of substance abuse situations. Accordingly, we restrict
our analysis of users’ addiction phases to initiating posts.

EXPLORING & MODELING PHASES OF ADDICTION
To systematically analyze phases of substance abuse in Fo-
rum77, we require both a valid taxonomy of phases and a
rubric mapping post text to these phases. Towards this aim,
we use a set of phase labels derived from the Transtheoretical
Model (TTM) of behavior change.

www.medhelp.org
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Figure 1: Summary statistics of Forum77 variables: post volume by month (top left), user volume by month (top middle), user
tenure distribution (top right), user initiating post distribution (bottom left), user response post distribution (bottom middle), and
thread length distribution (bottom right)

Transtheoretical Model for Behavior Change
The Transtheoretical Model (TTM) is a framework that de-
scribes six stages of change that a person traverses in order
to manifest permanent behavior change. Established in 1997
by Prochaska & Velicer [49], the TTM has been applied to a
range of behaviors, from smoking cessation [15, 42, 55] and
substance abuse [39], to sustainable energy usage [25]. The
intuitiveness and universal applicability of the TTM make it a
useful descriptive tool; however, care should be taken before
utilizing it to inform treatment or intervention [39, 58].

According to the TTM, prior to considering behavior change,
a person is in the stage of pre-contemplation. After contem-
plation, she moves on to preparation, in which she makes
any preparations necessary to initiate a behavior change. The
person then moves on to action, a concerted and deliberate
attempt to affect short-term behavior change. If successful,
the person enters a period of maintenance, in which she tries
to sustain the behavior change in the long term. If successful,
she eventually enters the stage of termination [49]. As there
is considerable debate over whether addiction is a terminable
condition [2], we omit this stage for our purposes.

Rubric Development
In order to match Forum77 posts to TTM stages, we ran-
domly sampled 1,000 initiating posts. Two authors mapped
these posts to stages in the TTM, assigning descriptive labels
to emergent sub-categories specific to the topic of addiction
(e.g., tapering and cold turkey are both part of the TTM stage
Action). We repeated this process several times, reviewing
the rubric with an addiction specialist prior to finalization.

A Taxonomy of the Phases of Addiction
Table 1 describes our resulting phase taxonomy, along with
example posts (synthesized from genuine posts to preserve
user privacy) and the prevalence of each label in our final
1,000 initiating post sample. Although descriptively interest-
ing, several of the labels in the taxonomy (e.g., intent to quit

and about to quit) are rare. For parsimony, and to aid sub-
sequent classification accuracy, we collapse labels into three
categories: USING, WITHDRAWING and RECOVERING.

Labeling People, not Posts
Moving forward, we want to analyze addiction phases at the
level of individual people. Two factors that emerged in our
taxonomy development (see Table 1) convinced us that label-
ing randomly sampled posts would be insufficient for such
analyses, and that we should instead label users’ entire post
sequences. The first was the high prevalence (9.8%) of n/a
labels. These posts are often social in nature and, taken inde-
pendently, are impossible to assign a class. However, when
read in the context of the author’s previous and following
posts, the label is usually obvious. The second factor was
the low prevalence of relapse labels. While we noticed that
many users relapse, few announce the fact directly. Rather,
most users will mention a relapse when they are already com-
mitted to another cessation attempt (e.g., about to quit or even
quitting again). However, a relapse can still be observed in a
regressive sequence (e.g., WITHDRAWING→ USING). Based
on these observations, in the rest of this paper we label se-
quences of posts.

CHARACTERIZING THE PHASES OF ADDICTION
Phases of addiction coincide with distinct psychological and
physiological states. In this section, we analyze activity and
linguistic features that might characterize an author’s phase
on an initiating-day. We define an initiating day to be any
day on which the user initiated a thread on Forum77. If the
author initiated multiple posts, we combine them for analysis.
Our goal is two-fold: (1) to characterize phases of addiction
as they are expressed on Forum77, and (2) to identify dis-
criminative features that might be used for classification.

Sample & Labeling
To study how addiction phase changes over time, we restrict
our analysis to users who have initiated at least 5 threads on



Table 1: Addiction Phase Taxonomy

Final Category TTM phase Label Description Synthesized Example %

USING Pre-contemplation Using Subject is using substances and
demonstrates no intention to quit.

it has been forever since I’ve been here and not much
has changed. I am still using the prescribed amount
of oxycodone for neck pain.

3.1

Addicted Subject is using substances and indi-
cates that she is addicted, but demon-
strates no intent to quit.

my girlfriend and i r both addicted to percs but she
is taking way more than me and keeps getting chest
painonce every other week.

7.4

Relapse Subject has used substances again af-
ter an attempt to quit.

I just messed up majorly. I was 6 days clean, doing
OK-ish, when my mother stopped by with 10 Vics
“incase I needed them”. Of course, being the WEAK
person I am, I took them all right there.

1.3

Contemplation Intent to quit Subject expresses desire to stop abus-
ing a substance in the future.

I want off roxies. is methadone the answer. I need to
work daily. I cannot do withdrawls. PLEASE HELP!

9.3

Preparation About to quit Subject notes time and/or plan (e.g.,
tapering schedule) to quit.

i was planning to quit the first week of March. True
to form addict fashion I’m out of both money and
pills. So I‘m about to go ct now instead of next week
when I‘d planned.

2.5

WITHDRAWING Action Quitting Subject is in withdrawal; method un-
specified.

Today is my 5th day of FREEDOM! I havent experi-
enced any w/ds yet. So much energy.

39.1

Tapering Subject is in withdrawal; detoxifica-
tion method is a taper.

Have some Vics I am taking. I am down to 6 a day.
I plan to go down to 3 a day then 1 a day until I am
done!

6.4

Cold Turkey Subject is in withdrawal; detoxifica-
tion method is cold turkey.

I am on day 6 of CT from 150mg+ a day of ocy-
codone. I‘m doing fine just some overall anxiousness

3.3

RECOVERING Maintenance In recovery Subject has finished detoxing; no
physical withdrawal symptoms ex-
pressed

Just an update to tell you that I have 67 clean days to-
day. I feel amazing. I sleep well now and feel good!
I’ve had a lot of discussions about aftercare.

17.8

n/a Impossible to determine status based
on post

I’ve been away for few days and everything seems
different. Anyway I hope everyone is doing great.

9.8

Forum77 (n=2,848 out of 29,196 users who initiated at least
one post). Of these, we randomly sampled 200 users (∼7%
of the full 2,848) and all of their initiating posts. We dis-
carded 9 users from the sample: two who had authored more
than 100 posts, one account that belonged to MedHelp, and
six accounts for which there was no clear ownership (several
different people appeared to be using the same MedHelp ac-
count). The resulting sample contains 2,266 initiating posts
(average 11.9 posts per user) and comprises∼5.5% of the full
41,387 initiating posts authored by the 2,848 users.

Two authors categorized each initiating post in the sample
using the taxonomy presented in Table 1. We labeled each
user’s data in chronological order so as to transfer context
learned from prior labels. Disagreements (which were rare)
were relabeled based on a consensus reached after discussion.

Activity Characteristics
We identify 15 activity characteristics that describe an initia-
tor’s global activity over time, her local activity 5 days prior
to the initiating-day in question, and both initiator’s and re-
spondents’ activity on the initiating-day. Table 3 describes
each feature as well as feature distributions across each class.

Linguistic & Content Characteristics
Differences in word use and linguistic style are believed to re-
veal a range of information about people, from psychological
state to social identity [48]. The Linguistic Inquiry and Word

Count (LIWC) [47] software calculates 80 linguistic variables
over text. In prior work, LIWC has been used to characterize
and distinguish women suffering from Post-Partum Depres-
sion (PPD) [13], individuals at risk for depression [14] and
smokers on Twitter who are at risk for relapse [42]. We cal-
culate all 80 LIWC variables over initiating post text as well
as any responses received on the initiating-day, then examine
differences in these variables across the phases of substance
abuse recovery. Due to the large number of LIWC variables,
we include Tables 7 & 8 at the end of the paper.

In addition to the LIWC features, we calculate three addi-
tional variables over initiating post text. Users frequently
mention how long they have been clean at the time of posting.
We extract days clean automatically by using hand written
patterns, such as “clean X days” and “X weeks off”, whereX
represents a number. We convert X to days if necessary. We
also use a more relaxed version of this feature, called days
mentioned, in which we do not require the user to explicitly
mention terms like “clean” or “off”. Finally, we count the
number of questions asked by identifying sentences that start
with a question word and/or end with a question mark. This
feature has proved helpful in prior work [13]. In subsequent
experiences, we find that including these features improves
classifier performance by ∼2.2%.

Finally, we count how many phase-specific words occur in
both initiating post text as well as response text. To deter-



Table 2: Example terms typical of USING, WITHDRAWING
and RECOVERING posts and their responses.

Initiating Post Responses
U withdrawls, wants, hate,

addicted, scared, tried,
stop

situation, willing, treat-
ment, withdrawl, option,
advise, rehab, counseling

W rls, hot, restless, aches,
slept, arms, legs,
headache, wd, worst,
stomach, tramadol

potassium, heating, fluids,
baths, pad, showers, legs,
melatonin, hot, slept, ba-
nanas

R craving, recovery, lately,
sober, fight, truly, clean,
cravings, true, worth

inspiration, accomplish-
ment, congratulations,
sharing, thank, miss,
proud, paws

mine whether a term t is particularly descriptive of a phase
p, we calculate its frequency-based odds ratio. If fp(t) is the
number of posts of phase p that contain t, then:

OR(t, p) =
fp(t) ∗ fp̄(t̄)

fp(t̄) ∗ fp̄(t)

The odds ratio is a measure of strength of association. We
calculate the odds ratio for each term across each phase, and
retain terms with an odds ratio > 2. Table 2 shows sample
terms for both initiating and response posts.

Results: Activity and Linguistic Features
Our feature analysis indicates that both users’ activity and
users’ content and linguistic characteristics differ measurably
across addiction phases. We present activity features in Ta-
ble 3, linguistic features over initiating posts in Table 7, and
linguistic features over response posts in Table 8. Unless
otherwise mentioned, we use Kruskal-Wallis tests to assess
statistical significance. A non-parametric test is appropriate
for data that are not expected to follow a normal distribution
(such as ours), and Kruskal-Wallis tests whether any pair in a
trio of distributions is significantly different.

USING
This phase is characterized by long absences from the forum
and, correspondingly, low levels of recent activity. Users who
are USING have, on average, been absent from forum partic-
ipation in all capacities for more than twice as long as users
who are WITHDRAWING or RECOVERING (40 vs. ∼18 days
since last activity). A longer absence from the forum may par-
tially explain why USING posts are, on average, longer (208
vs. ∼180 words): users must account for lost time and bring
their audience back up to speed.

Both days clean and days mentioned vary widely in USING
posts, and have surprisingly high median values. Examining
the underlying data provides an explanation: users who are
USING often mention how long they had been clean prior to
relapse in statements such as, “I was clean for 4 months be-
fore...”, or, “I would have had 717 days clean today”.

Finally, USING posts offer the lowest levels of positive affect
(16% less than WITHDRAWING and 32% less than RECOVER-
ING), and the highest levels of discussion around the topic of
health (16% more than WITHDRAWING and 36% more than
RECOVERING); characteristics that are mirrored in responses
to USING posts. The lack of positivity resonates with the fact
that users who are USING have either relapsed or failed to
progress towards recovery.

WITHDRAWING
In recent activity, users who are WITHDRAWING issue more
initiating posts and self responses than those who are USING
or RECOVERING. In addition, they have the smallest average
number of days since last initiating post (21 vs. 31 RECOV-
ERING and 50 USING) and days since last self-response (29
vs. 42 RECOVERING and 66 USING).

As we might expect, WITHDRAWING users express the low-
est numbers of days clean and days mentioned. In addition
there is a great deal more language about feeling, biological
processes and the body (Table 7). These observations align
with the fact that detoxification is an uncomfortable physical
process from which people constantly seek relief [17].

Responses to WITHDRAWING posts are not particularly dis-
tinctive. Aside from expressing slightly more anxiety, and
containing more content about feeling and the body, other
linguistic variables tend to take on a value somewhere in be-
tween those of responses to USING and RECOVERING. This
may reflect that respondents try to influence users from one
side of the spectrum to the other, modifying their language
according to the user’s progress.

RECOVERING
These users are highly active, especially in the area of re-
sponding to other peoples’ posts. In recent activity, they
issue, on average, 15.2 responses to other peoples’ threads,
compared to 5.5 by users who are WITHDRAWING and 1.9 by
users who are USING. Moreover, unlike WITHDRAWING and
USING users, their # initiating posts

# responses authored tend to be < 1.

Linguistic features also suggest that RECOVERING users tend
to focus on others. The pronoun you is used almost 100%
more while the I pronoun is used less, and language is more
social. Moreover, users express significantly more positive
affect (25% more than WITHDRAWING, 48% more than US-
ING) and less anxiety (18% less than WITHDRAWING, 16%
less than USING). The evident outward focus of initiating
posts from RECOVERING users resonates with the 12th step
in traditional twelve-step programs such as AA, which en-
courage people to strengthen their sobriety by using their ex-
periences to help others achieve it [2].

Responses to RECOVERING posts are distinct in that they ex-
press substantially more positive affect (27% more than re-
sponses to WITHDRAWING, 57% more than responses to US-
ING). They also tend to host a notable quantity of exclama-
tion marks (100% more than WITHDRAWING, 350% more
than USING). Inspection reveals that this is an expression
of excitement and encouragement in response to good news,
for example, “oooooorrrraaaahhhhh!!!!!!!!!” and “I am so
PROUD of YOU!!!!!”.



Table 3: Activity and content-based features for the three classes in the labeled dataset. Statistical significance is determined
using Kruskal-Wallis tests (* p < 0.05; ** p < 0.005; *** p < 0.001) after Bonferroni corrections to adjust for family-wise error
rate across all 184 variables (includes 160 LIWC variables). Column c denotes (◦) if the feature is used in our CRF classifier.

USING WITHDRAWING RECOVERING
c p Mean Med IQR MAD Mean Med IQR MAD Mean Med IQR MAD

Activity Characteristics

All time

# initiating posts authored *** 8.84 5.00 10.00 5.93 8.78 5.00 8.00 4.45 20.73 14.00 22.00 13.34
# self responses authored *** 13.93 5.00 18.00 7.41 13.80 8.00 15.00 8.90 33.26 23.00 36.25 23.72
# responses authored *** 26.90 6.00 21.00 8.90 23.61 8.00 21.00 10.38 178.69 67.00 159.25 83.77

# initiating posts
# responses authored ◦ *** 1.36 1.00 1.31 1.02 1.28 0.82 1.26 0.85 0.53 0.22 0.35 0.21
Days since last init. post ◦ *** 50.94 5.00 24.00 5.93 21.04 2.00 5.00 1.48 31.04 4.00 12.00 4.45
Days since last self resp. ◦ *** 66.34 9.00 43.50 11.86 29.94 2.00 8.00 1.48 42.05 6.00 17.00 7.41
Days since last response ◦ *** 73.37 5.00 27.00 5.93 33.51 2.00 6.00 1.48 28.68 2.00 5.00 1.48
Days since last activity *** 39.56 3.00 13.00 2.97 16.66 1.00 2.00 0.00 17.76 1.00 4.00 0.00

Last 5 days

# initiating posts authored ◦ *** 0.93 0.00 1.00 0.00 2.01 1.00 3.00 1.48 1.81 1.00 3.00 1.48
# self responses authored ◦ *** 1.37 0.00 2.00 0.00 3.32 1.00 4.00 1.48 2.89 0.00 4.00 0.00
# responses authored ◦ *** 1.87 0.00 2.00 0.00 5.48 1.00 6.00 1.48 15.20 5.00 16.00 7.41

# initiating posts
# responses authored ◦ *** 1.02 1.00 0.00 0.00 1.06 1.00 0.58 0.64 0.58 0.33 0.87 0.42

Today
# replies received . 5.15 4.00 5.00 2.97 5.52 4.00 5.00 2.97 6.09 4.00 6.00 4.45
# respondants . 3.82 3.00 3.00 2.97 4.05 3.00 3.00 2.97 4.68 3.00 4.00 2.97
# self responses ** 1.57 1.00 2.00 1.48 1.89 1.00 3.00 1.48 1.53 1.00 2.00 1.48

Post and Response Content Characteristics

Initiating

Days clean ◦ *** 421.15 14.00 175.00 17.79 47.50 5.00 7.00 4.45 125.97 45.00 74.00 43.00
Days mentioned ◦ *** 52.10 10.00 38.25 11.86 19.08 5.00 7.00 4.45 57.03 27.00 48.00 28.17
# questions ◦ ** 2.94 2.00 3.00 1.48 2.35 2.00 2.00 1.48 2.60 2.00 2.00 1.48
# USING terms ◦ *** 0.73 0.00 1.00 0.00 0.35 0.00 1.00 0.00 0.25 0.00 0.00 0.00
# WITHDRAWING terms ◦ *** 0.50 0.00 1.00 0.00 1.11 1.00 2.00 1.48 0.44 0.00 1.00 0.00
# RECOVERING terms ◦ *** 0.38 0.00 1.00 0.00 0.39 0.00 1.00 0.00 0.94 1.00 1.00 1.48

Responses
# USING terms ◦ ** 0.31 0.00 0.00 0.00 0.19 0.00 0.00 0.00 0.18 0.00 0.00 0.00
# WITHDRAWING terms ◦ *** 0.86 0.00 1.00 0.00 1.18 1.00 2.00 1.48 0.76 0.00 1.00 0.00
# RECOVERING terms ◦ *** 0.53 0.00 1.00 0.00 0.53 0.00 1.00 0.00 0.78 0.00 1.00 0.00

STATISTICAL CLASSIFICATION OF ADDICTION PHASE
Informed by our feature analysis, we next train a statisti-
cal classifier to automatically annotate sequences of Forum77
initiating posts with the labels USING, WITHDRAWING or RE-
COVERING. Analyses of phase sequences can give insight
into events such as relapse and recovery. Our classifier al-
lows us to scale such analyses to the entire Forum77 dataset.
Below, we describe our classifier and report its performance.
We discuss relapse and recovery in the next section.

Model & Features
A user’s path through addiction phases forms a natural se-
quence. A Conditional Random Field (CRF) [33] is a prob-
abilistic graphical model that performs inference over se-
quences, rather than individual data points. By taking into
account prior and subsequent data items in a sequence, CRFs
are context sensitive. For example, unlike a CRF, a non-
sequence-based classifier might have difficulty classifying a
post like, “I’ve been away for a few days and everything
seems different. Anyway I hope everyone is doing great...”,
even if it was sandwiched between two posts that were ob-
viously USING, as the post itself contains no clues as to the
user’s phase.

Accordingly, we train a 3-class CRF to annotate a user’s se-
quence of initiating-days with the labels USING, WITHDRAW-
ING or RECOVERING. We use an adapted a version of the
Stanford Named Entity Recognizer package, a trainable, Java

Table 4: CRF performance scores aggregated over 10 runs of
10-fold cross validation, with randomly shuffled input sets.

Label Precision Recall F1-score Accuracy

Combined 68.3 68.0 67.6 69.8
USING 62.4 61.7 61.4
WITHDRAWING 70.6 71.9 70.9
RECOVERING 72.1 71.2 70.9

Baseline 14.0 33.0 20.0 43.0

implementation of a CRF classifier, (http://nlp.stanford.
edu/software/CRF-NER.shtml) that analyzes sequences of
documents (default unit of analysis is a token). Tables 3, 7
and 8 indicate the subset of features that we used for classi-
fier training. We selected features based on apparent discrim-
inability, and iterative evaluation through 10-fold cross vali-
dation. In order to improve robustness and model potentially
non-linear responses, we binned numeric features into octiles:
ranks that divide the data evenly into 8 groups. While using
quartiles is arguably more common in standard practice, we
found that using octiles improved classifier performance.

Performance
Table 4 shows Precision, F1 and Recall scores for the CRF
classifier. Our classifier achieves an F1-score of 67.6%

http://nlp.stanford.edu/software/CRF-NER.shtml
http://nlp.stanford.edu/software/CRF-NER.shtml
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Figure 2: Confusion matrix for our CRF classifier aggregated
across 10 randomized runs of 10-fold cross validation.

against a baseline F1-score of 20.0%, acquired by labeling
each instance with the majority class, WITHDRAWING.

It is useful to know which labels the CRF is likely to confuse.
Figure 2 shows the CRF classifier’s confusion matrix. Diag-
onal entries indicate counts of correctly-classified instances.
The strong diagonal indicates a relatively high level of ac-
curacy. Most classification errors occur between adjacent
phases: confusing USING and WITHDRAWING, and confusing
WITHDRAWING and RECOVERING is common, but confusing
USING and RECOVERING less so. This resonates with a point
prevalent in the addiction literature: stages of recovery are
not black and white but rather fall on a spectrum [16, 37].

Results
We analyze the result of applying our CRF classifier to the
entirety of the Forum77 membership base who have initiated
> 5 posts (2,848 users, 32,345 initiating posts). Our results
give us insight into common transitions between addiction
phases, enabling us to answer questions such as, “If a user
is WITHDRAWING today, how likely is it that she will be RE-
COVERING on her next initiating-day?” and “what is the most
frequent phase change observed on Forum77?”

Figure 3(a) shows the normalized transition frequency ma-
trix for USING, WITHDRAWING and RECOVERING. The
most common transitions lie along the diagonal, indicat-
ing that users typically initiate consecutive posts in any one
phase. Self-transitions aside, the progressive edges between
consecutive stages (USING → WITHDRAWING and WITH-
DRAWING→ RECOVERING) are the most common, account-
ing for approximately 6% and 5.2% of total transitions, re-
spectively. In contrast, regressive edges between consecu-
tive stages (WITHDRAWING → USING and RECOVERING →
WITHDRAWING) are less common, accounting for 2.6% and
1.1% of total transitions, respectively.

Figure 3(b) shows transition probabilities across states. The
likelihood of a same-state transition increases with the pro-
gressiveness of the state. For example, there is a 91% chance
that a RECOVERING user will be RECOVERING in their next
initiating post, but a 71% chance that a user in a USING state
will be USING in their next initiating post.
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Figure 3: (a) Normalized transition frequencies between ad-
diction phases (e.g., RECOVERING→ USING edges comprise
1.78% of the total transitions in the CRF-labeled data) and (b)
conditional transition probabilities (e.g., the probability of a
user moving from USING to RECOVERING is 4.57%.)

Figure 4 shows the distributions of phase length in days for
each phase. We calculate phase length as the number of days
between the first and last post in a contiguous sequence. The
typical WITHDRAWING phase lengths align well with those
reported in the literature on addiction, which suggests a 7–35
day duration depending on the detoxification method used, as
well as other factors [21, 17].

CLASSIFYING RELAPSE AND RECOVERY
Relapse and recovery are critical events in the process of ad-
diction that are often viewed as “failure” or “success”. Prior
work in the addiction literature suggests that recovery is a
long, iterative process of which relapse is a part [22]. Lever-
aging our CRF classifier, we present methods for identify-
ing (1) if a user has relapsed during her tenure on the forum,
and (2) if a user is RECOVERING on her last initiating-day on
Forum77. We then investigate if relapse adversely correlates
with a user’s chance of RECOVERING. Finally, we identify ac-
tivity features during USING and WITHDRAWING phases that
discriminate users who last post in a state of RECOVERING.

Identifying Relapse
To identify a relapse incident, we codify three transition pat-
terns that relate to relapse:

RECOVERING→ { WITHDRAWING, USING }
WITHDRAWING→ USING
WITHDRAWING→ (45+ days absent)→ WITHDRAWING

This last pattern is based on the observation that a general
window for withdrawal duration is 7 - 35 days [17, 22]. As
such, if a user was absent for more than 45 days, and then
returned in a state of WITHDRAWING, it is likely that they
failed in their initial attempt and have restarted. While it is
possible that this pattern will capture individuals on a slow
taper, in our experience it is unlikely that such users would be
inactive for a full 45 days.

We identify whether a user relapsed or not during her tenure
on Forum77 by testing whether any of the above patterns exist
in her sequence of phase transitions. To evaluate the efficacy
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Figure 4: Distributions of phase lengths. Each red bar high-
lights the median value, while the dark blue region indicates
the middle spread. The light blue region indicates values that
fall within 1.5 ∗ the interquartile range of the middle spread.

of this approach, we apply it to both the gold label sequences
as well as the CRF-labeled sequences in our labeled sample
dataset. Using this technique, we achieve an F1-score of 78%
and accuracy of 78% in identifying Relapse and No relapse,
compared to baseline scores of 33.9% and 51.3% if we la-
beled each user with No relapse, the majority class (Table 5).

Identifying Recovery
To identify whether a user was RECOVERING when she last
initiated a post on Forum77, we simply examine the final
phase label in her transition sequence. Using the CRF-labeled
sequences, we classify a user’s last post as RECOVERING or
¬RECOVERING with an F1-score of 81.5% and accuracy of
81.6%; the comparative baselines are 34.9% and 53.4%, in
which all last posts are labeled as ¬RECOVERING (Table 5).

Table 5: Performance for identifying relapse events (top) and
whether a user’s final state is RECOVERING (bottom).

Identifying a relapse event

Label Precision Recall F1-score Accuracy

Combined 79.92 78.18 78.04 78.42
Relapse 86.11 66.67 75.15
No relapse 73.73 89.69 80.93

Baseline 25.65 50.00 33.91 51.30

Identifying final initiating post phase

Label Precision Recall F1-score Accuracy

Combined 81.47 81.52 81.49 81.57
RECOVERING 79.78 80.68 80.23
¬RECOVERING 83.17 82.35 82.76

Baseline 26.84 50.00 34.93 53.40

Results
Using the methods described above, we identify users who
are RECOVERING at the time of their last initiating post on
Forum77, as well as users who have relapsed at least once
during their tenure on Forum77. We apply this analysis to the
entirety of the Forum77 membership base who have initiated
more than 5 posts (2,848 users, 32,345 initiating posts).

Do users tend to recover on Forum77?
Overall, users progress towards recovery during their tenure.
Figure 5 shows the distribution over start state, relapse, and
end state for the 2,848 users described above. Most users first
initiate contact on the forum when they are USING (48%),
followed by WITHDRAWING (44%). In contrast, only 17% of
users are USING by the time of their last post, while 37% are
WITHDRAWING and 46% are RECOVERING.

Does relapsing hurt recovery likelihood?
Roughly half of users experience a relapse during their tenure.
Users who experience no relapse are significantly more likely
to end in RECOVERING than users who relapse (53.4% vs.
44.4% end in RECOVERING, χ2

1 = 55.1, p < 0.001). De-
spite this, RECOVERING is still the most likely end state for
Forum77 users who relapse.

Are relapses associated with longer tenure?
Given the documented prevalence of relapse [22, 52], the ob-
servation that more than half of the users in our dataset experi-
ence no relapse is surprising. Analyzing tenure values reveals
that the average tenure of no relapse users is 128 days, com-
pared to 418 days for users who relapse. One hypothesis is
that users who experience no relapse do relapse after leaving
the forum and do not return.

What differentiates users who are ultimately RECOVERING?
We define a user as active if she initiated a post on the fo-
rum in the last 45 days of our dataset, and remove these.
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Figure 5: Aggregated user transitions from start to end state. Bar widths denote population proportion. For example, 48% of
users in our sample relapsed during their tenure on Forum77.

We then analyze users’ global activity characteristics (Ta-
ble 3) aggregated over their USING and WITHDRAWING posts
(RECOVERING posts are omitted as this is the phenomenon
that we are studying). Table 6 shows the results.

Users who leave the forum in a state of RECOVERING are sig-
nificantly more engaged in forum activity, even when they are
USING and WITHDRAWING. The average time lapse between
any form of activity (initiation, self-response and response)
is about 30% shorter for those who are RECOVERING when
they leave. Moreover, their activity is focused outwardly on
other community members: users who are RECOVERING au-
thor, on average, 50% more responses than those who are
¬RECOVERING (average 45.6 vs. 33.8), but author slightly
fewer initiating posts (average 9.0 vs. 9.9). These results
resonate strongly with prior work on AA that finds that both
active participation in AA and explicitly focusing on helping
other members correlates with sustained abstinence [51, 45].

DISCUSSION

Use and Efficacy of Forum77
Our motivating goals were to study phases of addiction as
seen on Forum77 and to analyze the forum’s effectiveness in
promoting recovery. In this section, we discuss Forum77’s
efficacy as a tool for supporting users through withdrawal,
relapse and sustained recovery, drawing on post excerpts to
contextualize our findings.

Supporting Withdrawal
Our results suggest that Forum77 is an effective tool for help-
ing users through opioid withdrawals and physical detoxifica-
tion. In general, users progress more often than they regress
(Figure 3), and these local progressions translate into a global
trend of many users reaching a state of RECOVERING during
their tenure. When first initiating a post, 48% of users are
USING, 44% WITHDRAWING and 8% RECOVERING; in their
most recent initiating post, however, only 17% of users are
USING, 37% are WITHDRAWING and 46% are RECOVERING,
despite the fact that almost half of the population experiences

a relapse (Figure 5). If we interpret our results as a 46% suc-
cess rate on users’ final detoxification attempt before leav-
ing the forum, this is an improvement over self-detoxification
success rates reported in the addiction literature [21, 43]. We
must be cautious here, however, as we are comparing across
differing study designs.

Forum77’s efficacy at supporting detoxification may be at-
tributable, in part, to both the strong social support and the de-
tailed information on withdrawal that members receive from
each other. Both of these factors have been shown to improve
withdrawal outcomes [21, 23, 43], and qualitative remarks
from users suggest that Forum77 meets the mark on both. “I
have tried to cope by myself for too long. Its so hard to deal
with something like addiction by your self”, wrote one user.
“[T]here is so much support and advice on getting through
this and addiction I am living proof it works!!!!!!”, and “i
was on here once before and was able to achieve 9 months
of sobriety due to the support i had here and from meetings.”
remarked others. In other cases, simply discovering a sup-
portive community might galvanize a cessation attempt: “up
until 3 weeks ago, I had no intentions of quitting, i was just
looking to find some stuff on addiction...and i just happened
to run across this forum...”.

Relapse and Shame
Despite the favorable prognosis that users are more likely to
reach a state of RECOVERING during their tenure (Figure 5),
we do not know whether they maintain this state upon leav-
ing. It is possible that the same strong support network that
helps users through detoxification deters them from wanting
to admit a relapse. Quantitatively, although almost half of our
sample relapsed (Figure 5), we rarely observed posts in which
users reported a relapse immediately after the fact (Table 1).

The hypothesis that users are too ashamed to admit relapse
until they implement a renewed attempt to quit is qualita-
tively well supported. Statements such as “I suck!! I am so
sorry, I’ve been too embarrased too admit I fell off the prover-
bial wagon around Christmas.” are common. Others, such as
“haven’t posted in a few weeks because, of course, i slipped



Table 6: Comparison of activity features for users who are RECOVERING and ¬RECOVERING in their last initiating post. Per-
user values are aggregated over USING and WITHDRAWING posts. Statistical significance was determined using Kruskal-Wallis
tests (* p < 0.05; ** p < 0.005; *** p < 0.001) after Bonferroni corrections to adjust for family-wise error rate across all 11
variables.

RECOVERING ¬RECOVERING

Activity Characteristic p Mean Med. IQR MAD Mean Med. IQR MAD

# initiating posts authored *** 8.99 5 8 4.44 9.89 6 6 2.96
# self responses authored *** 19.56 8 16 10.37 17.04 9 16 8.89
# responses authored *** 45.56 9 31 13.34 33.81 8 24 10.37

# initiating posts
# responses authored *** 0.73 0.50 0.76 0.44 1.04 0.67 0.83 0.49
Days since last init. *** 16.39 3.33 12.41 3.95 27.05 8.30 28.36 10.53
Days since last self-response *** 17.47 3.00 13.38 3.95 29.53 8.29 31.45 10.81
Days since last response *** 15.92 1.66 7.32 2.47 25.30 4.37 21.75 5.99
Days since last activity *** 14.11 1.80 6.09 1.90 20.94 4.80 20.09 5.79
# self responses *** 1.93 1.50 1.64 1.19 1.83 1.50 1.50 1.11
# replies received *** 5.63 5.00 3.40 2.37 5.56 4.83 3.30 2.29
# respondents *** 4.09 3.83 2.00 1.60 4.01 3.70 2.03 1.42

up and am ashamed. but now i am back on track with the
sub” and “Im in day 3 of detox, i was too embarassed to post
the first 3 days...” echo these sentiments.

Supporting Sustained Recovery
Without observing users’ behavior outside the forum, we can-
not quantify Forum77’s effectiveness at supporting long term
recovery. Qualitatively, however, some users feel that this is
something that Forum77 could improve upon. One user sum-
marizes: “I wonder if there is not a need for a forum com-
munity for long-term support. This community is great, but
is skewed towards the short-term wd symptoms and getting
through the initial physical pain of wd.”. Also prevalent are
observations that the forum does not sufficiently prepare users
to handle post-acute withdrawal syndrome (PAWS): “I wish
people would warn others about this PAWS thing”, wrote one
user. “i was doing so good i made it to about 100 days sober
... the PAWS really got me”, expressed another. Moreover,
users who return to Forum77 after some time may find that
their support network has moved on. One user who was strug-
gling not to relapse asked “Where are all of the friends i made
here that I no longer see?!?”.

Other users, however, give qualitative evidence in support of
Forum77’s efficacy at aiding sustained recovery. “I have not
posted much lately but continue to log on and read ppls posts
and I believe that is a key aspect in my recovery”, states one
user. Another wrote “when I get a craving I come here and
read, even if I read it before, it helps me think of what I went
through what I’m going through and how others cope”. We
found that higher engagement, in the form of activity lev-
els and volumes of responses contributed, correlated with the
chances of a user being in a phase of RECOVERING by her fi-
nal initiating post. Extending this idea, one possibility is that
remaining engaged with the forum (even in the form of “lurk-
ing”) after reaching a state of RECOVERING helps to prevent
relapses, in a similar way that continued participation in AA

correlates with longer periods of sobriety [45, 51]. A deeper
analysis into the mechanisms through which Forum77 does
and does not support long-term recovery is an important topic
for future work.

Implications for Forum Design
Our computational tools for automatically identifying addic-
tion phases, relapses, and whether a user’s tenure ends in
RECOVERING could prove valuable to communities like Fo-
rum77. One question commonly asked by users is what to
expect when they quit their drug of choice, and having access
to this information has been shown to improve the chances
of a successful cessation attempt [23]. Using phase sequence
data labeled by our CRF classifier, users could set realistic ex-
pectations by exploring patterns based on thousands of users’
prior experiences. Having a realistic perspective on the pro-
cess of relapse and recovery may also reduce the number of
instances in which users feel too embarrassed or ashamed to
return to Forum77 after relapsing. Finally, exposing such data
could help people find others who exhibit similar patterns to
their own. Finding “people like me” is one of the primary
stated reasons for user participation in online health commu-
nities [19].

While Forum77 appears to promote detoxification effectively,
we observed that users have mixed feelings about how well it
supports sustained recovery. It is possible that this could be
addressed via altering community dynamics. For example,
as we suggested above, continued participation in Forum77
post RECOVERING might help users achieve sustained recov-
ery. Efforts focused on decreasing user churn and increas-
ing member retention could support this. Alternatively, in a
similar vein to AA’s sponsorship program, which is thought
to promote sustained recovery [54], we might consider auto-
matically matching newcomers with long-term members who
would act as formal mentors (or sponsors). Finally, it is possi-
ble that the community dynamics that support detoxification



are different from those that would support sustained recov-
ery. In this case, a forward reference to a different commu-
nity might help RECOVERING Forum77 users plan what to do
next.

Implications for Addiction Treatment
Forum77 accrues, at scale, information that is difficult to ac-
quire through formal medical channels. First, abusing pre-
scription drugs usually entails deceiving one’s doctor. Sec-
ond, addiction research data are typically acquired at point-
of-care facilities (e.g., emergency rooms) or surveys at high
schools or colleges. Although the ethics and privacy of such
analyses must be carefully considered, it is possible that data
extracted from sites like Forum77 (e.g., CRF-based transition
frequencies, recovery trends, etc.) could help medical pro-
fessionals and policy makers better understand patients’ ex-
periences with drug abuse. For example, insight into the day
to day difficulties of opioid-assisted withdrawal might inform
policy for improving the management of this popular treat-
ment down the road. It is also possible that research like ours
could illuminate poorly understood aspects of addiction: to
our knowledge, ours is the first attempt to quantify the cycle
of addiction.

Limitations
One limitation of this work is the selection bias of our sub-
jects: users who come to Forum77 are likely already open to
(or at least, considering) the possibility of quitting. This prob-
lem is well known to those hoping to analyze the efficacy of
Alcoholics Anonymous [7]. As such, care should be taken in
applying our results to a more general population who mis-
use prescription medication. We cannot assume, for exam-
ple, that a random sample of people who misuse prescription
medication would similarly progress towards recovery if they
were asked to participate in Forum77. We also cannot draw
epidemiological conclusions that apply to the population as
a whole from these data. However, the size of Forum77, the
prevalence of the opioid epidemic, and the increasing pop-
ularity of online health communities alone make the forum
worth studying.

Another limitation is the acceptable—but still improvable—
accuracy of our CRF classifier. While we were able to use
CRF-based sequences to identify relapse and whether a final
post was RECOVERING with high accuracy, improving our
underlying classifier accuracy would open up more nuanced
analyses. Finally, having page view data would allow us to
incorporate measures of passive participation (“lurking”) into
our analyses, which would add a new dimension to our study.
We hope to address such opportunities in future work.

CONCLUSION
We analyze the process of opioid withdrawal, recovery and
relapse on Forum77, MedHelp’s Addiction and Substance
Abuse community. Using Prochashka’s Transtheoretical
Model for behavior change, we develop a taxonomy of phases
of addiction that comprises three main categories: USING,
WITHDRAWING and RECOVERING. The majority of initiat-
ing posts are authored when users are WITHDRAWING. Next,

we analyze linguistic and behavioral features across the US-
ING, WITHDRAWING and RECOVERING phases. Several sig-
nificant differences characterize each phase, and we leverage
the results of our feature analysis to train a CRF model to au-
tomatically annotate users’ phase sequences. We can identify
relapse events, and whether a user was RECOVERING when
she authored her final post, with high accuracy from our CRF-
annotated sequences.

Applying our classifier to 2,848 users reveals that progres-
sive transitions towards RECOVERING are much more preva-
lent than regressive transitions. Moreover, despite the fact
that almost 50% of users relapse during their tenure, leav-
ing Forum77 in a state of RECOVERING is the most probable
outcome for all users. Finally, we find that increased partici-
pation in the community correlates with a user RECOVERING
by the end of her tenure: users who are RECOVERING by their
final initiating post are significantly more engaged with the
community when they are USING and WITHDRAWING than
users who are ¬RECOVERING by their final initiating post.

To our knowledge, ours is the first work to investigate the effi-
cacy of online mutual help groups for prescription drug abuse.
Our results, which help to illuminate a previously poorly un-
derstood resource, suggest that Forum77 is an effective detox-
ification aid. Based on our findings, we also highlight several
ways in which Forum77 might be enhanced to better support
its users, such as exposing aggregate user data describing the
cycle of addiction, or matching newcomers with sponsors. Fi-
nally, as the type of information shared on Forum77 is diffi-
cult to acquire at scale through traditional channels, we note
that the tools and insights presented here may be of use to the
addiction research community.
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Table 7: LIWC features for the three classes in the labeled dataset over initiating posts. Only statistically significant variables
are shown. Statistical significance is determined using Kruskal-Wallis tests (* p < 0.05; ** p < 0.005; *** p < 0.001) after
Bonferroni corrections to adjust for family-wise error rate across all 184 variables (includes activity features). Column c denotes
(◦) if the feature is used in our CRF classifier.

Initiating Post Linguistic Features
USING WITHDRAWING RECOVERING

c p Mean Median SD Mean Median SD Mean Median SD

Word count ◦ * 208.20 151 211.06 178.92 127.00 168.81 183.23 124.50 209.24
Dic ◦ *** 89.26 90.17 4.89 88.10 88.89 6.26 89.38 90.54 6.59
Numerals ◦ *** 1.28 0.89 1.51 1.75 1.33 1.97 1.32 0.83 2.04
Function words ◦ *** 60.50 60.92 5.31 58.40 59.28 6.45 59.74 60.48 7.07
Pronoun *** 18.51 18.68 4.32 16.99 17.17 4.70 17.97 18.16 5.28
Personal pronoun ◦ *** 12.83 13.05 3.83 11.49 11.54 4.19 11.88 11.86 4.60
Pronoun: I ◦ *** 9.72 9.97 3.60 9.02 9.14 3.76 7.89 8.18 4.31
Pronoun: you *** 0.98 0.41 1.70 1.02 0.13 2.04 2.05 0.99 2.89
Pronoun: he/she ◦ *** 1.14 0 2.08 0.74 0 1.82 1 0 2.46
Pronoun: they ◦ *** 0.65 0.20 1.05 0.47 0 1.12 0.54 0 1.03
Pronoun: impersonal * 5.68 5.33 2.82 5.49 5.26 2.81 6.09 5.76 3.35
Verb ◦ ** 18.54 18.69 3.76 17.64 17.59 4.20 18.13 17.96 4.91
Present tense ◦ *** 12.56 12.55 3.90 11.53 11.24 4.09 11.95 11.63 4.45
Numbers ◦ ** 0.71 0.48 0.93 0.75 0.37 1.12 0.54 0 0.89
Social ◦ *** 7.60 6.59 4.79 6.38 5.26 5.18 8.85 7.89 5.90
Humans ◦ * 0.49 0 0.76 0.40 0 0.79 0.57 0 1.04
Affect ◦ *** 5.30 5.00 2.76 5.76 5.54 3.09 6.41 6.11 3.52
Affect: positive ◦ *** 2.80 2.45 1.99 3.33 2.86 2.85 4.14 3.50 3.16
Affect: anxiety ◦ ** 0.61 0.25 0.88 0.55 0 0.98 0.45 0 0.90
Cognitive Mechanisms ◦ * 17.27 16.98 4.50 17.14 17.09 4.95 17.93 17.96 5.11
Certain ◦ * 1.21 1.03 1.22 1.41 1.21 1.41 1.57 1.36 1.53
Inhibition ◦ * 0.50 0.23 0.70 0.41 0 0.74 0.43 0 0.76
See ◦ * 0.34 0 0.65 0.30 0 0.80 0.50 0 1.14
Feel ◦ *** 0.73 0.45 1.10 1.18 0.83 1.50 0.85 0.50 1.23
Biological ◦ *** 3.87 3.46 2.63 4.01 3.70 2.90 3.31 2.89 2.72
Body ◦ *** 0.58 0 1 1.13 0.63 1.53 0.68 0 1.12
Health ◦ *** 3.00 2.63 2.29 2.58 2.13 2.36 2.20 1.72 2.25
Relative ◦ *** 13.46 13.39 4.65 15.04 14.75 5.25 13.72 13.61 5.23
Time ◦ *** 7.24 6.86 3.46 8.51 7.87 4.21 7.33 7.02 4.23
Home ◦ *** 0.30 0 0.54 0.40 0 0.77 0.68 0.14 1.18
Comma ◦ ** 3.01 2.17 3.36 2.75 1.94 3.27 2.19 1.63 2.43
QMark ◦ * 1.35 0.52 2.87 1.34 0.40 2.58 1.50 0 4.92
Other Punctuation ◦ *** 0.81 0 1.77 0.89 0 1.91 0.62 0 2.05



Table 8: LIWC features for the three classes in the labeled dataset over response posts. Only statistically significant variables
are shown. Statistical significance is determined using Kruskal-Wallis tests (* p < 0.05; ** p < 0.005; *** p < 0.001) after
Bonferroni corrections to adjust for family-wise error rate across all 184 variables (includes activity features). Column c denotes
(◦) if the feature is used in our CRF classifier.

Response Post Linguistic Features
USING WITHDRAWING RECOVERING

c p Mean Median SD Mean Median SD Mean Median SD

Word count *** 494.69 347.00 506.67 427.38 284.00 487.46 356.29 210.50 439.75
Words per sentence *** 19.21 15.40 18.60 17.04 14.09 14.73 14.98 12.99 14.25
Numerals ◦ * 0.75 0.43 1.02 0.95 0.68 1.12 0.95 0.56 1.49
Function words *** 59.01 59.85 4.56 56.95 57.69 5.41 55.82 57.06 7.17
Personal Pronouns *** 10.86 11.36 3.99 10.21 10.53 3.81 10.86 11.58 4.71
Pronoun: she/he ** 0.68 0 1.35 0.44 0 1.16 0.64 0 1.63
Pronoun: they *** 0.66 0.41 0.91 0.49 0.27 0.66 0.49 0.13 0.90
Pronoun: impersonal ** 5.48 5.67 2.20 5.57 5.78 2.36 5.10 5.32 2.75
Article *** 4.91 4.98 2.06 4.75 4.96 2.02 4.20 4.41 2.23
Verb ** 17.26 18.15 4.94 17.13 17.82 4.88 16.09 17.23 5.78
Aux. verb *** 10.67 11.11 3.51 10.37 10.68 3.44 9.66 10.33 3.96
Future *** 1.50 1.44 1.07 1.50 1.43 1.13 1.10 1.01 1.03
Preposition *** 11.63 12.27 3.57 11.19 11.66 3.38 10.61 11.51 4.14
Conjunction *** 6.39 6.76 2.33 6.18 6.58 2.46 5.72 6.13 2.69
Quantitative *** 3.00 2.99 1.52 2.94 2.88 1.64 2.50 2.58 1.67
Social ◦ *** 10.26 10.11 4.77 8.83 8.75 4.23 9.78 9.81 5.45
Affect ◦ *** 5.73 5.76 2.68 6.55 6.34 3.25 7.54 7.33 4.31
Affect: positive ◦ *** 3.72 3.53 2.43 4.61 4.10 3.17 5.84 5.13 4.36
Affect: negative ◦ *** 1.96 1.92 1.34 1.90 1.87 1.33 1.67 1.50 1.51
Affect: anxiety ◦ *** 0.36 0.24 0.47 0.40 0.23 0.55 0.32 0 0.61
Cognitive Processes *** 19.37 17.81 7.77 18.71 17.43 7.83 18.77 16.80 10
Discrepancy *** 2.32 2.32 1.31 1.92 1.88 1.33 1.63 1.60 1.30
Tentative *** 3.35 3.25 1.79 3.12 3.09 1.77 2.55 2.45 1.96
Exclusive *** 3.35 3.40 1.62 3.07 3.18 1.66 2.56 2.60 1.83
Perceptual processes *** 1.52 1.48 1.07 1.90 1.81 1.34 1.87 1.68 1.55
Feel *** 0.64 0.53 0.70 0.91 0.76 0.85 0.65 0.45 0.76
Biological *** 3.46 3.20 2.17 3.42 3.22 2.46 2.71 2.41 2.39
Body *** 0.52 0.28 0.78 0.78 0.45 1.08 0.52 0.19 0.90
Health ◦ *** 2.68 2.45 1.85 2.24 1.95 1.90 1.70 1.32 1.76
Sexual *** 0.15 0 0.35 0.14 0 0.36 0.30 0 0.89
Ingetion * 0.17 0 0.39 0.30 0 0.66 0.25 0 0.71
Relativity ** 11.46 11.82 4.39 12.36 12.68 4.70 11.90 12.50 5.37
Time ** 5.29 5.10 2.90 5.88 6.06 3.12 5.66 5.69 3.33
Money * 0.32 0.13 0.55 0.28 0 0.56 0.23 0 0.42
Assent ◦ *** 0.27 0.07 0.50 0.40 0.18 0.81 0.62 0.27 2.01
Colon ** 0.09 0 0.20 0.15 0 0.42 0.27 0 0.84
Exclamation ◦ *** 1.02 0.34 1.79 2.25 0.82 5.08 4.52 1.68 8.40
Dash ** 0.79 0.28 2.08 0.82 0 2.20 0.62 0 1.64
Other punctuation ◦ *** 3.41 2.84 2.55 4.29 3.53 3.22 5.64 4.29 6.35
All punctuation ◦ *** 22.07 21.51 9.71 25.75 23.69 14.52 29.69 26.82 19.27
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