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Do Group Memberships Online Protect Addicts in Recovery
Against Relapse? Testing the Social Identity Model of
Recovery in the Online World
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The Social Identity Model of Recovery (SIMOR) suggests that addiction recovery is a journey through time
where membership in various groups facilitates success. With the help of computational approaches, we now
have access to new resources to study whether a wide variety of different online communities can be part
of the addiction recovery journey. In this work, we study the effects of two main social factors on recovery
success: first, multiple group membership defined in terms of richness of online community engagement;
second, active participation operationalized as the evenness in engagement with these groups. We then model
recovery from addiction by applying the extended Cox regression model which accounts for the effect of
these two factors on time to relapse. We applied our analysis to a dataset of 457 recovering opioid addicts that
self-announced the date of their recovery, indicating that at least 219 (48%) addicts relapsed during the recovery
period. We find that multiple group membership – in terms of the number of other forums that a subject
had posted in - as well as active participation - in terms of how evenly their posts were spread amongst the
different forums - reduced the risk of relapse. We discuss our findings with regards to the opportunity, but also
risk, that online group membership poses for recovering opioid addicts, as well as the possible contribution
that computational social science methods can make to the study of addiction and recovery.
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1 INTRODUCTION
Opioid addiction presents one of the most pressing public health issues of the day and has been
declared a national health emergency by the U.S. government in 2017 [47], with an average of 128
overdose deaths from opioids every single day in the U.S. alone [9]. Worldwide, 118,000 deaths in
2015 were directly associated with an opioid use disorder [52].
Treatment options for opioid addiction vary widely, from community-based treatments as

outpatients without medication to medication-assisted inpatient treatment, and several other
options in-between [21]. However, relapse rates within 6 months of treatment remain high (38−77%;
[35]). Although several relapse episodes are likely before abstinence can be maintained, those who
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can maintain abstinence for longer periods significantly lower their risk of a subsequent relapse
[11].
A prominent social psychological model in the area of addiction research - the Social Identity

Model of Recovery (SIMOR; [4]) - suggests that meaningful membership in various social groups
underpins the successful transition from addiction to long-term recovery. SIMOR builds on a social
identity approach to health and well-being, known as the ’social cure’ [19]. Within this research
tradition, group membership is seen as part of an individual’s self-concept - their social identity -
once the individual sees themselves, and is seen by others, to belong to a particular social group or
category [26].
Much of the current literature on the role of social groups in addiction recovery focuses on

an individual’s offline support network, including family, friendship groups, peer support groups
such as Narcotics Anonymous (NA), and groups related to a person’s interests and hobbies [19].
More recently, research has found that, in addition to the positive effects of offline networks,
online recovery support groups can promote addiction recovery [6]. However, no study to date has
investigated the wider effect of online group memberships beyond online recovery groups, that is,
the ’social cure’ effect of having a variety of online social identities.

With the prevalence of online social networks, a large and increasing number of people are going
online for information, advice, debate, and support, and those with substance-use problems are no
exception. Several of the largest online community websites include forums dedicated to the topic
of opioid addiction and recovery from opioids. These online communities advertise themselves
to substance users who seek advice, support from a community, or simply wish to share their
addiction stories, while allowing them to stay anonymous.
The public and anonymous nature of these online forums allows us to study addiction and

recovery in new ways by providing longitudinal data of subjects that may be hard to recruit for
traditional surveys or interview studies. The forum platform, Reddit, additionally allows us to
examine how membership in a large variety of different online communities affects recovery from
opioid addiction. Reddit hosts well over 100,000 different sub-forums ("sub-reddits") where content
is shared within a community of interest, for instance about politics, business, parenting, medical
conditions, sports, literature, music, video games, and life choices. Some of these communities are
close-knit, with restrictions on who is allowed to post, whereas others are open to contributions
from anyone registered on Reddit.

By examining activity in "sub-reddit" communities, we study the effects of online social identities
on opioid recovery by going beyond online recovery support groups. According to SIMOR [4],
addiction recovery is a journey through time where membership in various groups facilitates
success. Specifically, we study the effect of two main social factors on success of recovery: first,
multiple group membership which is operationalized in terms of richness of group membership.
Second, active participation which is measured by considering the evenness of engagement with
these groups. We then model recovery from addiction by applying survival analysis which accounts
for the effect of these two factors on time to first relapse. We make the following contributions:

(1) We first identify drug addicts on the online platfrom Reddit whose recovery progress can be
traced. The subjects are then categorized into relapse and non-relapse cohorts based on whether
relapse has been self-reported or inconsistent recovery progress can be identified from posts. The
final dataset consists of 457 subjects who have self-announced their recovery, including 219 (48%)
subjects who have relapsed.
(2) We estimate relapse over time in our dataset of Reddit users 1, applying a model based on

survival analysis. We observe that the sharpest decrease in the survival probability (probability of

1by ’users’, we mean ’the social network users’, unless we specifically mention the ’substance users’
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not experiencing the first reported relapse) happens during the first 6 months of recovery, and the
probability of relapse decreases with increasing time. The median time to relapse is 12-13 months,
in other words, during the first year, almost 50% of the population have relapsed.

(3) A social identity approach is used to better understand the impact of online communities. In
this regard, we study two measures based on SIMOR that are likely to affect the success of recovery:
multiple group membership and active participation. The strongest predictor for relapse in our
cohort is multiple group membership, that is, the number of Reddit communities a recovering
addict is engaging with. Recovering addicts who increase their group membership by one group,
decrease their chance of relapse by 4%. In addition to the number of groups, it also appears to
be important to actively participate in them equally. More evenly engaging in different groups
significantly reduces the risk of relapse.
(4) We discuss our findings with regards to the opportunity, but also potential risk, that online

group memberships pose for recovering addicts, as well as the possible contribution that com-
putational social science methods can make to the study of addiction and recovery. We discuss
the benefits that online group memberships can provide as a potential alternative to face-to-face
groups in making addiction recovery sustainable as well as the need for future research to better
understand the factors that allow addicts in recovery to build (online) social capital.

2 BACKGROUND ANDMOTIVATION
Online peer support communities have been shown to have a positive impact on recovery from
different illnesses, by increasing self-empowerment and by helping with stress, depression, and
encouraging positive coping behavior [20], [43], [16]. Similarly, online peer support groups for
addiction recovery have been shown to have a positive impact[6]. However, it is currently unclear
whether offline ’social cure’ effects - that is, the impact of being a member of a variety of (unrelated)
groups - also holds for online community memberships. To the best of our knowledge, our work is
the first to investigate the influence of multiple online group memberships on addiction recovery.

Understanding the impact of online community memberships, beyond the direct effect of online
recovery groups, may help us tailor support for those with limited access to offline social networks.
Access to a supportive face-to-face network of peers can be limited, for instance due to geographical
isolation, mobility issues or significant caring responsibilities. Furthermore, according to the World
Health Organisation ([53]), drug use is the most stigmatised health condition in the world which
may make it harder for individuals to attend face-to-face support group meetings [7] and join
groups of people with similar interests. The worldwide lockdown during the Covid-19 pandemic has
additionally raised concerns for those recovering from addiction by severely limiting face-to-face
interactions, not only with support groups but also the wider support network of family and friends,
among other factors [50]. Online communities may therefore play an increasingly important part
in providing social support and information [38], [40].
The online platform Reddit provides a unique way to analyse the various aspects of group

participation on the sustainability of opioid recovery and chance of relapse over time. It also
provides a first indication of the role that anonymous online groups (rather than face-to-face social
groups and online recovery groups) can play in supporting recovery. In this section, we briefly
present studies that provide support for SIMOR in offline contexts. We will also briefly review the
use of social media to understand addiction more widely, and the impact of online recovery groups
specifically.

2.1 Social Groups and Recovery from Addiction
SIMOR suggests that social group memberships are a key part of making a recovery from addiction
sustainable [4]. Being part of a social group may provide (1) a sense of connectedness with relevant
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others, (2) meaning, purpose, and worth as a member of a positively valued group, (3) social support
in the form of psychological and physical resources, and (3) control, efficacy, and power [19]. Studies
on the ’social cure’ usually ask survey respondents to report the number of meaningful groups that
they are part of [2]. Findings show that a higher number of self-reported group memberships are
associated with generally better health and well-being, and lower levels of smoking and drinking
[39].
Further evidence from the field of addiction highlights the important role of social groups in

recovery [5]. For example, in [2], the authors found over a 6-month follow-up self-report study
that residents of a therapeutic community showed marked shifts in their social identity. Those
who increased the proportion of group memberships with non-using groups reported a decreased
use of substances, and an increased sense of a recovery identity rather than a user identity. The
overall reported number of meaningful group memberships was low, with a median of 4 group
memberships.

Joining and participating in traditional support groups, such as Alcoholics Anonymous (AA) or
Narcotics Anonymous (NA), has also shown significant promise in assisting substance users in
maintaining their abstinence [15], [32], by providing an encouraging and supportive community
and by facilitating programs for addiction management and recovery. The effectiveness of such
groups is highly dependent on regular attendance [25], suggesting that active participation is an
important aspect of group membership.

2.2 Social Media and Addiction
Increasingly, researchers use computational social science techniques to gain a better understanding
of addiction and recovery. To do so, researchers make use of naturally occurring data from various
platforms including Twitter, Facebook and relevant online forums. Such data can provide insights
into addiction and recovery that is unencumbered by researcher expectations on subjects (e.g., social
desirability, demand characteristics). Although online data often lack demographic and context
information on subjects, a range of activity variables (e.g., likes, number of posts/comments) and
linguistic variables (e.g., emotion words, tags) are used to predict the phase of recovery that an
individual is likely to reach.

Several studies exist that have examined addiction and recovery through the analysis of online
data. However, these studies often focus on recovery as a process of personal transformation. For
example, [30], [29], [17] model the recovery and relapse by defining linguistic and content features
of posts to understand in which recovery phase an individual is, and how amenable they might be
to recovery. Although studying the characteristics of those "in recovery", or who regard themselves
as "recovered", helps us to understand the personal aspects of the problem, it fails to identify the
mechanism of change, or the social context in which change occurs [4].
Focusing on the beginning of the recovery journey, the authors in [29] train a binary classifier

using linguistic features of posts to predict an addict’s transition from casual drug discussion
forums to drug recovery forums. Similarly, in [17], authors built a computational model to predict
an addict’s propensity for seeking drug recovery interventions. They developed a model to predict
whether an addict is going to contribute to a recovery sub-forum on Reddit, based on their activity
in other sub-forums.

To identify several addiction phases from (recovering) addict’s posts, the authors of [30] analyzed
the process of drug withdrawal, recovery and relapse on Forum77, MedHelp.org2. They trained
a sequence classifier taking several activity and linguistic features into account. Similarly, for
smoking cessation, the authors of [34] show with activity variables, social variables and emotional

2an online health forum for substance abuse recovery
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variables extracted from Twitter that those who succeed with recovery (quit smoking) behave
differently than those who relapse.

There are a few studies which have investigated the impact of recovery specific online communi-
ties on recovery [42], [18]. For instance, authors in [1] analysed the data of subjects from Sober Grid,
a recovery social network site - smart phone application, to identify the demographics, engagement
patterns, and recovery outcomes of active subjects and to examine between generational group
differences on activity variables and recovery outcomes. In [3], authors carried out qualitative
analysis on data from IntheRooms, an online addiction recovery tool, to study the effectiveness
of this online recovery community. In [6], the authors investigated whether increased levels of
social interactions and developing a positive identity can predict the retention in an online recovery
program. They conducted their analysis on a Facebook page dedicated to support addicts who are
in their early recovery and measured the level of participation by number of received ’likes’ and
increased use of the word ’we’. In contrast to these studies, we do not look at the participation in
recovery-specific social network sites but instead we examine the effect of wider online community
membership, largely consisting of online communities unrelated to addiction/recovery.

Our study builds on the insights of these studies by using social variables to understand protective
factors against relapse from addiction. We will look at activity in several sub-forums on Reddit
similar to [17] but aim to predict the likelihood of relapse rather than the propensity for moving to
a recovery forum. Similar to [6], we will use SIMOR to understand how social group membership
shapes the recovery journey. But rather than focusing on a single recovery forum and retention in
this forum, we will use activity in a large number of sub-forums, many of which are unrelated to
substance-use or recovery, on the same platform to look at the likelihood of relapse. Our research
also differs from [30] and [34], who also look at recovery versus relapse, by looking at several group
memberships rather than interpersonal social relations as in [34] or a particular recovery forum as
in [30].

3 DATA
The most important challenge in using online data to understand clinical or social phenomena is to
establish validity across all the components of study, from collecting the dataset to choosing the
method, and selecting good quality measures [10]. Where validity is not established, no conclusions
for theory or practice can be drawn. In the following, we provide a detailed description of the ways
in which we have sought to establish validity through careful corpus building (identifying positive
and negative samples), algorithm selection, and feature selection.

Choice of online platform: Our study uses data from Reddit, a public social news and discussion
website where user-created content is organized into topic-based boards called "subreddits". Reddit
accommodates thousands of different subreddits which cover a variety of subjects such as news,
politics, science, movies, video games, music, etc. Reddit provides a platform for individuals to be
part of several communities based on their interests or hobbies. As this study aims to study the
effect of multiple online group memberships on the likelihood of a relapse, Reddit is a platform that
affords this opportunity by providing access to individuals’ data outside addiction/recovery-specific
forums.

Acquiring the ground truth: In the absence of clinical assessments, researchers look for alternative
signals to identify positive and negative instances of health behavior. Self-report or self-disclosure
is introduced as one of the robust strategies for acquiring the ground truth about different health
outcomes [10]. It is especially attractive in the case of problems where social stigma might discour-
age face-to-face reports, such as mental health problems and addiction [36]. For example, in [46],
[45] authors used self-reported information in two online communities in Reddit (r/stopsmoking
and r/stopdrinking) as a reliable, high-quality signal to identify and trace abstinence from smoking
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Fig. 1. Diagram of data collection and preparation for identifying "Relapse" and "Non-relapse" cohorts.

and alcohol drinking. In [54], authors identified subjects attending AA meetings through the study
of self-report on Twitter. In addition to addiction and recovery, self-report has been widely used
for identifying individuals who suffer from mental health disorders, such as post-traumatic stress
disorder, schizophrenia, or depression [12], [13], [49]. We use ’self-disclosure’ in the form of users
posting about their recovery/relapse status as signals to identify the subjects who have started their
recovery and those who have, unfortunately, relapsed. We combine self-disclosure with ’human as-
sessment’ to ensure that correct information is extracted from self-reports. Specifically, a researcher
with psychology training manually went through all inconsistent recovery announcements to
assess whether the user has relapsed (see Phase II in Preparing and Building the Cohorts for detailed
information).
Ethics, Privacy, and Disclosure: Before work commenced, the study received ethical approval

from the ethics committee of the Department of Psychology at the University of Exeter. This
paper uses publicly accessible Reddit data for analysis. Reddit user-names were used to collect
quantitative data across different sub-reddits (see Data section for detailed information). Once these
numbers were collected, the user ID was replaced with completely anonymous subject numbers in
the working dataset. No post content is included in the working dataset which consists of only
numerical variables. We only use paraphrased expressions rather than original quotes to illustrate
our NLP methods in the Data section.

3.1 Preparing and Building the Cohorts
Figure 1 illustrates the four steps involved in our data collection and preparation process towards
identifying two cohorts: a relapse cohort and a non-relapse cohort. In phase I, we collect the data
from r/OpiatesRecovery, one of the most popular addiction recovery subreddits. In phase II, we
identify subjects who have reported their recovery, and among them, detect those who have shown
signs of relapse. This gives us two sets of subjects: non-relapsed subjects and relapsed subjects. In
phase III, we collect the reddit content for each subject, and filter out those subjects where only
insufficient information can be obtained. In phase IV, we build the non-relapse cohort by including
the data from recovery start date until last announcement for each non-relapsed subject, and build
the relapse cohort by including the data from recovery start date until relapse date for each relapsed
subject.

Phase I: Collecting and Preparing Datasets
For the initial data collection step, we searched for popular subreddits related to recovery from

drug addiction. After a few rounds of discussion and randomly reading comments and posts from
several subreddits, we chose r/OpiatesRecovery. This subreddit is used by a group of people who
are supporting each other through the journey of recovery from opioid addiction. We collected the
whole history of this subreddit between February 2012 and June 2019. After cleaning the data from
adversarial content, bots, etc., the dataset contains 295,232 posts and comments from 18,125 users.

Phase II: Identifying the Qualified Subjects for Relapse and Non-relapse Cohorts.
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Subjects who have started their recovery: To identify qualified subjects for our analysis, we first
manually examine posts and comments containing some general recovery tags, for example "clean",
"off", "in recovery". Among these posts, we then look for statements used to announce recovery
progress. Based on a snowball sampling approach during this inspection phase, we obtain a list
of statements which are commonly used for reporting on recovery progress. Below are some
(paraphrased) examples:
- “I’ve been off drugs for over 2 months.”
- “I’m 21 days clean.”
- “It is almost a year now that I’m in recovery.”
Several regular expression patterns then are designed to look for these statements in our dataset.

Through this process, we find 2,950 instances of recovery being announced by 1,651 subjects. Some
of these subjects report their recovery progress more than once which helps us to examine their
consistency in recovery. Notably, not all of these subjects are qualified for our final analysis. There
are some further steps for preparing the relapse and non-relapse cohorts which will be explained
in the following.

Subjects who have relapsed: Among those who begin their recovery journey, a significant number
relapse. To identify them, we follow the same procedure as for identifying recovery: we start with
some general tags (such as "relapse", "using again", "in use") to look for statements commonly used
to report relapse. We find several statements, a few are listed bellow (paraphrased):
- “... I relapsed yesterday.”
- “... a couple of days ago I started using again.”
- “... two months ago I used.”
By designing several regular expression patterns, we then search for relapse reporting among all

the posts and comments from those who have announced their recovery progress. We find 1,069
posts and comments from 370 subjects mentioning relapse.
Some of the subjects do not self-announce their relapse directly but show an inconsistency

in their recovery progress. Consider the case of a user who initially declares two months of
recovery. However, a few months later, they announce that they have been clean for one month.
This inconsistency in recovery progress indicates a relapse between two reports of recovery. By
analysing the time announcements of subjects in the recovery forum, and noting a lack of progress
in some of them, we identify 93 subjects who likely relapsed between two announcements of
recovery. A researcher with psychology background manually went through these inconsistent
recovery announcements, marking (yes/no) whether the user indeed relapsed based on information
from their posts. Out of 93 subjects with inconsistent progress, 51 are added to the list of relapsed
subjects.
It should be noted that if there are multiple recovery journeys for a user (starting, and then

relapsing and starting over), we consider the first recovery/relapse journey for the analysis.

Phase III: Obtaining the Historical Data of Qualified Subjects.
We start with our 1,651 subjects and inspect their historical data from all Reddit sub-forums (i.e.,

all the subreddits they had posted in). Since we wish to study the activity of addicts in recovery from
the beginning of their recovery, subjects whose self-announced recovery time exceeds their time
on Reddit by more than a year are excluded from analyses. For instance, if a subject self-announces
their recovery start for the year 2010, but the first Reddit post dates from 2012, they are not included
in our dataset. To allow sufficient information about each individual subject in our dataset, we only
retain subjects who posted at least 10 posts and comments for a minimum of three months during
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Table 1. Summary Statistics of “Relapse” and “Non-relapse” cohorts.

All Non-relapse Relapse

Total subjects 457 238 219
Total Posts 237,298 137,030 100,268
Total Subreddits 4,582 3,513 2,268
Median Posts / subjects 158 157 160
Median Subreddits / subjects 14 18 11

the first year of recovery across all Reddit sub-forums 3. We do not, however, impose a restriction
on the minimum number of posts for any individual subreddit. This leaves us with 1,081 active
subjects, of which 335 are identified as subjects who relapsed and 746 as non-relapsed subjects.

Phase IV: Building the Relapse and Non-relapse Cohorts.
Building the non-relapse cohort : Among the subjects who did not relapse, all those who are still

active in the r/OpiatesRecovery subreddit by the end of our data collection in 2019 are retained in
the dataset. This leaves us with 238 subjects in the non-relapse cohort. For each of these subjects,
we include their Reddit history from recovery start date until the last recovery announcement in
our dataset.
The reason for this extra post-processing is to ensure the quality of our data by including only

subjects in the non-relapse cohort who have continuous data until the end of our data collection
period 4.

Building the relapse cohort: From the subjects who have shown signs of relapse - by mentioning it
themselves or based on inconsistent recovery progress - we select those for whom the date of their
first relapse can be estimated at the scale of a month. For the subjects who have shown inconsistent
recovery progress, we can identify the time interval during which the subject might have relapsed
(which is between the last report of the first recovery and start date of the next recovery period).
We exclude those subjects from our dataset for whom we cannot estimate the month in which
the relapse occurred. We also exclude those who have not posted at all on Reddit between their
recovery start date and relapse date and therefore have no valid data for our predictor measures.
In total, we include 219 subjects in the relapse cohort. For each subject, we include their Reddit
history from recovery start date until their relapse date in our dataset.
We take further steps to manage issues of data bias and ensuring the quality of our dataset by

removing adversarial content, bots, and posts from deleted accounts, and by setting minimum
engagement thresholds (minimum number of posts and minimum active months). Table 1 gives
summary statistics of the data in the relapse and non-relapse cohorts. It should be noted that the
total subreddits refer to the total number of unique subreddits a subject is a part of.

4 METHODS
4.1 Models for Time-to-Event Analysis
Time-to-event analysis is used when studying the occurrence of an event among a population. The
event of interest in our case is the relapse to opioid use after recovery began. The primary goal of
3To ensure we have sufficiently reliable data, we have excluded the lower quartile (< 3 month of activity; <10 posts) of
subjects. Importantly, the minimum of 10 posts is across the whole of Reddit, not specifically for the forum OpiatesRecovery
or any other subreddit individually.
4By keeping the subjects who are still active in the subreddit till the end of study, we make sure of "non-informative"
censoring. We will further explain this in Section 4.1
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time-to-event analysis is to understand factors which affect the probability of experiencing/not-
experiencing the event of interest over a limited study period. The time until a subject experiences
the event is the ’survival time’. However, not all the subjects experience the event by the time the
study ends. Observations of subjects that do not experience the event of interest are called censored
data. Traditional regression methods are not equipped to handle censored observations. These data
are either ignored or the observed survival time is equated with the unobserved total survival time,
with both methods leading to biased results [41].

Survival analysis is one type of time-to-event analysis which has been widely adopted when
the research interest is a combination of whether the event has occurred (binary outcome) and
when it has occurred (continuous outcome). It provides unbiased survival estimates by utilizing the
information provided by subjects who have experienced the event, as well as those who have not
(censored data). Before applying survival analysis to our research problem, we need to define a few
terms:
Relapse Event: Our event of interest is "relapse". A user is said to have experienced the relapse

event if they have explicitly reported it, or implicitly shown it by having inconsistent recovery
progress.

Survival Time: We measure the survival time in months. For subjects in the non-relapse cohort,
who never experienced the relapse event, survival time is from start date of recovery until their
last recovery progress report. For subjects in our relapse cohort, survival time is measured from
recovery start date until the month of relapse.

Survival Function: The survival function gives the probability that a person survives longer than
some specified time 𝑡 .

Hazard function: The hazard function at a time 𝑡 specifies the instantaneous rate at which subjects
experience the relapse, given that they have survived up to time 𝑡 .

Censoring: Censoring occurs when we have some information about individual survival time, but
the exact survival time is unknown. There are different types of censoring, of which right censoring
is the most common. Right censoring occurs when a subject leaves the study before an event occurs
("loss-to-follow-up"), or the study ends before the event has occurred ("end-of-study"). Censoring
in survival analysis should be "non-informative" - subjects who drop out of the study should do so
due to reasons unrelated to the study [37]. Informative censoring occurs when subjects are lost to
follow-up due to reasons related to the study, which can increase the risk of bias and result in lower
accuracy. In our study, we have both types of right censoring. However, in case of loss-to-follow-up
censored data, we do not know the exact details of why we lost the subject and if the reason is
related to the outcome (e.g. the subject may no longer contribute to the subreddit because they have
started using drugs again). Therefore, we only include subjects who are censored at the end of the
study (that is, those who have not relapsed and are still active in the r/OpiateRecovery subreddit at
the end of the data collection period).

4.2 Survival Analysis Techniques
We employed three different survival analysis techniques. To determine the rate of relapse, we
used Kaplan-Meir estimator [22]. When the underlying data is censored, this model provides an
estimation of the survival function. It estimates the probability of not relapsing as a function of time.
We also construct the life table applying actuarial estimation. This estimator takes into account
that we do not exactly know when an event occurs during each time interval. It calculates the
conditional probability of relapsing within the interval, given no relapse at the beginning of it. The
main difference with the Kaplan-Meir estimator is that censoring is assumed to occur, on average,
halfway through the interval.
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Table 2. Cumulative probability of surviving and hazard at different time intervals.

Time-interval (months) Survival probability pdf Hazard

0-6 1.0000 0.0665 0.0797
6-12 0.667 0.0239 0.0401
12-24 0.523 0.0125 0.0279
24-48 0.373 0.0064 0.0216
>48 0.219 NA NA

In order to explore the effect of various factors on time to relapse, we employed an extended Cox
model [27]. This survival analysis regression method explores the relationship between the event
of interest and the factors that affect the time at which the event occurs. It allows us to study how
survival probabilities (or hazard rates) change with changes in the studied factors. Unlike the basic
Cox model, the extended version is designed to accommodate time-dependant variables, that is,
those variables whose value for a given subject may differ over time. Cox modeling does not make
any assumption about the statistical distribution of the survival times, unlike most other statistical
models, which makes it an appropriate choice for our research problem.

5 MEASURES
To choose measures for analysing the effect of online group memberships on recovery success,
we follow the social identity model of recovery (SIMOR). According to SIMOR, multiple social
group memberships, and actively participating in different groups, helps to sustain recovery from
addiction [4]. To consider both aspects of group membership - number of group memberships and
participation - we measure the diversity of a subject’s group membership. A diversity index is a
quantitative measure that reflects how many different types (of groups in our case) there are in a
dataset and simultaneously takes the distribution of individuals across those types into account.
Diversity consists of two components: richness and evenness.
Richness, or the number of different types in a dataset, is the simplest metric used to indicate

diversity [51] and is applied frequently in research [31]. For each subject, we calculate the richness
of group membership by counting the number of different subreddits they are part of for each
month from recovery start date till last recovery announcement or relapse date. Hence, richness
assesses the extent to which a subject is part of multiple groups since the beginning of recovery.

Evenness represents how equally individuals are divided between types. Low values of evenness
indicate the dominance of one or a few types. The way evenness is calculated is dependent on
other compound diversity measures, like Shannon’s diversity, such that we calculate the diversity
index, and evenness is derived from that [33]. We measure the evenness by calculating the Pielou’s
evenness index over the frequency of subjects’ posts across different subreddits 5. Complete evenness
is reached when a subject’s posts are equally distributed across all subreddits in which they have
posted. Here, we use evenness to assess active participation across multiple groups (rather than a
focus on a single group or few groups).

We will use both richness and evenness as factors in the extended Cox model to assess the effect
of multiple group memberships on relapse.

5Pielou’s evenness is calculated as 𝑒𝑣𝑒𝑛𝑛𝑒𝑠𝑠 =
𝐻

′

𝐻
′
𝑚𝑎𝑥

where𝐻 ′ is the Shannon diversity index, and𝐻 ′
𝑚𝑎𝑥 is the maximum

diversity which is equal to the natural logarithm of richness.
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Fig. 2. Survival curve showing likelihood of experiencing a “relapse” event

6 RESULTS
6.1 Survival Analysis
The Kaplan-Meir estimator calculates the cumulative probability of not experiencing the relapse
as a function of time. As we can observe in Figure 2, the sharpest decline in survival probability
(probability of not experiencing a relapse) happens during the first six months after the onset of
recovery. In general, probability of experiencing the relapse increases over time but at a slower
rate after the first six months. Using this analysis, the median time to relapse is 12-13 months, in
other words, during the first year, around 50% of the population relapse.

In order to better understand the way survival probabilities and hazard rates change over time,
we also construct a life table (see Table 2). This allows for time intervals with different lengths. The
’probability density function’ (pdf) of an interval is the estimate of the probability of relapsing in
this interval per unit width (here: month). Hazard of an interval is an estimate of the number of
relapses per month divided by the average number of survivors at the interval midpoint. Both the
pdf and hazard are decreasing over time. This indicates that (1) the probability of relapsing per
month is decreasing over time, and (2) the decline in average number of relapses is higher than the
decline in the average number of survivors.
These two methods together provide a comprehensive explanation of how survival probability

is changing over time. They are analysing it from slightly different angles, but both highlight the
importance of the early months of recovery. If an addict in recovery can avoid relapse in the first
six months, the chance for a sustainable recovery is much higher.

6.2 Recovery Models and Goodness of Fit
In this subsection, we report the goodness of fit of a number of different extended Cox models
that estimate the survival probability of subjects in our data. With the two different measures of
richness and evenness of group membership, we report three models overall. The first two models
correspond to each measure separately, and the third includes both measures simultaneously. In
this way, we can examine the role of each measure separately in inferring the likelihood of relapse
in our data.
To evaluate the goodness of fit of the three extended Cox models we use the likelihood ratio

test, or LR statistic (see Table 3). Likelihood measures how well the model is fitted to the data, with
higher values indicating a better fit 6. The LR test is performed by comparing the fit of one model
to the fit of the other, in our case comparing the fit of non-null models to the null model, and to test
whether the observed difference in model fit is statistically significant. In general, it can be written

6The log likelihood is always negative, with higher values (closer to zero) indicating a better fitting model.
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Table 3. Model fit of extended Cox models, with Null as the intercept-only model.

Model LogLikelihood df p-value

Null -939.4 0
Evenness -935.078 1 0.003
Richness -893.979 1 1.556e-21
full -890.570 2 6.214e-22

Table 4. Individual Cox regression models predicting relapse from either richness or evenness of group
membership.

Factor Coef HR=exp(𝐶𝑜𝑒 𝑓 ) p-value

Evenness -1.094 0.335 0.003
Richness -0.041 0.959 3.7e-10

in the form of LR = 2(𝑙𝑜𝑔𝑙𝑖𝑘 (𝑚2) − 𝑙𝑜𝑔𝑙𝑖𝑘 (𝑚1)) 7. Where𝑚1 is the model with less parameters,
the null model in our case, and 𝑚2 is the model with added parameters, individual models for
each measure and the full model. The resulting test statistic follows a chi-square distribution, with
degrees of freedom equal to the number of parameters that are constrained.

As an example, comparing the log-likelihood of the full model with that of the Null model, we see
that the information provided by the corresponding variables has significant explanatory power:
LR = 2(-890.570 - (-939.4)), so our LR test statistic is 97.66 (distributed chi-squared), with two degree
of freedom with a p-value of 6.214e-22, indicating that the full model fits significantly better than
the null model.

6.3 What Predicts Relapse?
Predictors of relapse were estimated using the extended Cox model. Table 4 and 5 list the two
predictors and their associated coefficients along with their hazard ratios for the individual models
and the full model. The hazard ratio for a variable denotes the likelihood of a user relapsing with
one unit increase in the value of the corresponding variable at any given time 𝑡 . The hazard ratio
formula for the extended Cox model is:

�𝐻𝑅(𝑡) = ℎ̂(𝑡, 𝑋 ∗ (𝑡))
ℎ̂(𝑡, 𝑋 (𝑡))

= 𝑒𝑥𝑝 (
𝑛∑
𝑖=1

𝐶𝑜𝑒 𝑓𝑖 (𝑋 ∗
𝑖 (𝑡) − 𝑋𝑖 (𝑡))) (1)

where 𝑋 ∗ (𝑡) and 𝑋 (𝑡) identify two specifications at time 𝑡 for the set of time-dependent predictors.
For the full model, the hazard ratio is calculated by keeping other factors constant at time 𝑡 . A
hazard ratio of 1 means a lack of association, a hazard ratio smaller than 1 indicates a decreased
chance of relapsing (i.e., increased survival rate), while a hazard ratio larger than 1 indicates an
increased chance to relapse. We further discuss how different measures relate to the likelihood of a
relapse.

Richness: Engaging with more groups during the recovery process negatively impacts the
likelihood of relapse. The strongest predictor for relapse in our cohort is the number of groups
a subject is engaging with. Increasing the number of online group memberships by one group,
decreases the chance of relapse by 4% (Coef = -0.04, 𝑃 = 3.7𝑒 − 10 in the individual model, and Coef
7𝑙𝑜𝑔𝑙𝑖𝑘 is the natural log of the model’s likelihood.
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Table 5. Full Cox regression model predicting relapse from both richness and evenness of group membership

Factor Coef HR=exp(Coef) p-value

Evenness -0.90213 0.40570 0.0066
Richness -0.04088 0.95995 2e-10

= -0.04, 𝑃 < 2𝑒 − 10 in the full model). This result supports the prediction by SIMOR that a higher
number of group memberships supports a sustained recovery.

Evenness: Actively participating in different online groups in a more even manner is negatively
affecting the risk of relapse. Evenness scales between 0 and 1, therefore, a hazard ratio of 0.4057
means that increasing the evenness from its lowest to the highest value would decrease the chance
of relapse by 59% (𝑒−0.90213 = 0.4057), and increasing the evenness by one percentage point would
decrease the chance of a relapse by 1% (𝑒−0.90213∗0.01 = 0.99). The effect of this measure is significant
both individually and when richness is also included in the model. This finding supports the
prediction by SIMOR that engagement (rather than purely membership) is an important factor in
sustaining recovery.

Summary of Findings.We represent both individual models and the full model to see how each
feature affects the survival probability as a single factor and as a pattern. By doing so, we can show
whether a variable loses its importance when the effect of a related variable is controlled for. In our
study, evenness and richness are significantly affecting relapse, both individually and as a pattern.
This finding indicates that multiple group membership protects against relapse irrespective of the
evenness of participation in each group. Similarly, evenness of participation in multiple groups
protects against relapse irrespective of the absolute number of online groups an individual engages
in. If a recovering addict actively participates in many subreddits, they are less likely to relapse. At
the same time, engaging evenly in all these forums can additionally facilitate a successful recovery.

7 DISCUSSION
The presented study contributes to the current understanding of social aspects of addiction recovery
by analysing longitudinal naturally occurring online data. Our findings point towards a positive
contribution of online forums to the recovery journey of opioid addicts. In particular, our results
suggest that those in recovery that reach out to a large number of different online interest groups
are less likely to experience relapse than those who engage with only a small number of forum
groups. In addition, a relatively even investment in these groups appears to help those in recovery
from relapsing.

These findings are in line with the Social Identity Model of Recovery (SIMOR) by showing that
an engagement with multiple online groups, and active participation in these groups, helps to
sustain recovery from addiction [4]. Our study contributes to the growing literature on SIMOR, and
the "social cure" more widely [19], by showing the important role that online forums can play. It is
particularly noteworthy here that many of the online forums that subjects in our study contribute to
were everyday shared interest groups rather than groups designed to facilitate addiction recovery.
Non-drug related groups provide opportunities for re-defining the self outside of addiction which
is thought to be a key element in creating a sustainable recovery from addiction [4].

In addition to supporting the "social cure" hypothesis that multiple group memberships improve
health outcomes, our results show that active participation in these groups is an important aspect
of group membership. In particular, our study measured the evenness of participation in behavioral
terms by looking at the actual posting behavior of forum users. Rather than focusing on a small
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number of groups and establishing strong support relationships with these members, our results
suggest that an even engagement with a relatively large number of groups is more effective in
staving off relapse. From a social support perspective, this result appears surprising as it is the
quality of interpersonal bonds to others that provide emotional and practical support during difficult
times [48]. In contrast, a social identity perspective emphasises the joining of groups as a way
to tip the balance away from addiction as a self-defining group membership towards alternative
identities [4]. Our results appear to support the social identity perspective of investing evenly in
many groups rather than concentrating on a few in the online world.

Our findings extend SIMOR by showing that online group memberships contribute positively to
opioid addiction recovery, mirroring effects of offline group memberships. From a social identity
perspective, this finding is not surprising, given that the Social Identity Model of Deindividua-
tion Effects (SIDE; [26] suggests that anonymous online interactions increase a sense of group
membership by reducing perceived individual differences (e.g., based on physical appearance).

7.1 Limitations
Similar to other research that follows the recovery journey of addicts rather than testing an
intervention with a randomized controlled trial (RCT), our findings cannot be interpreted in a
causal way. Although our findings are consistent with a leading model of recovery in the field
suggesting a causal influence of group membership on maintaining recovery, we cannot conclude
from our data that it is the active participation in numerous online forums itself that prevents
relapse. The extent to which addicts in recovery have the resources, skills and personality to engage
with numerous groups may differ between those that relapse and those that are able to maintain
their recovery for longer. Factors such as interpersonal stressors, rejection sensitivity, a lack of
social skills and others are known to put addicts at risk of relapse [28]. These same factors may
also affect an individual’s ability to engage with several online forums. Hence, engagement with a
variety of online forums may simply be an indicator that the individual has the resources and skills
that enable them to cope well during recovery, rather than having a direct influence on recovery
itself. Nevertheless, our findings suggest that studying online forums as an effective, low-threshold
intervention for addicts in recovery may be a fruitful avenue for future research.

Another limitation of our study is that it does not differentiate between social groups related to
drug use and those that are not drug related. SIMOR suggests that drug-related groups may increase
the risk of relapse because such groups are likely to maintain a sense of self as an addict in the
recovering user, thereby acting as a "social curse" rather than a "social cure" [14]. In contrast, groups
supporting recovery may instill a sense of self as a recovering addict, providing more supportive
norms and a more positive view of the self. A study by [8] shows that thinking of oneself as a
recovering, or recovered, addict is negatively associated with self-reported relapse. Similarly, social
groups unrelated to drug use are seen by SIMOR as a key resource to allow addicts to move away
from addiction in the long term. Further analysis is needed that disentangles which online groups
and forums are helpful in maintaining recovery, and which ones have the potential to be harmful.

A third limitation of our method is that it cannot take into account group membership outside of
Reddit forums. Subjects in our study are highly likely to have social connections beyond Reddit
forums, such as participating in other online groups (e.g., on social media) and in various face-to-
face groups. Interestingly, a recent self-report study that used social identity mapping to understand
the extent of the social networks of addicts indicates a much smaller number of social groups
(Med = 4) than our method of counting contributions to different Reddit subforums (Med = 14)
[2]. One reason for the discrepancy may be that online forums are not reported as ’social contacts’
by participants [23] - perhaps due to the lack of face-to-face interaction or perhaps because of
their relatively mundane nature (e.g., exchanging views on crime novels or sharing BBQ recipes).
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Importantly, the social identity approach favours a wide definition of social identity where a group
or category membership consists of two or more individuals who perceive the grouping to be
of value and emotional significance [44]. Another reason for the discrepancy with self-reported
mappings may be differences in the participant sample, such that our sample is clearly self-selected
towards online engagement whereas samples recruited through treatment groups may be less
active socially, at least online. For those active in online forums, our findings suggest that investing
in numerous online groups is beneficial for maintaining recovery from opiate addiction.

7.2 Implications
7.2.1 Computational Social Science Contribution. Our findings show that computational social
science methods, and the use of online data, can inform the study of addiction recovery with
information difficult to access through traditional clinical or psychological studies. Using survival
analysis, we can identify prospective factors associated with the likelihood of relapse in a large
sample; thus we go beyond retrospective analyses of risk factors obtained from self-identified
clinical in-patients. Finally, we can longitudinally forecast changes in whether and when subjects
will begin to relapse.

7.2.2 Practical Implications. The effectiveness of easy-to-join online groups is of particular impor-
tance for addicts who have no, or limited, access to face-to-face groups. Such limited access may
be due to physical barriers such as living in remote areas, being physically disabled, having work
and/or caring commitments, or needing to self-isolate for health reasons (e.g., during the Covid-19
pandemic). Similarly, psychological barriers such as worries about being stigmatized, social anxiety,
or depression can make it difficult to join and commit to face-to-face groups on a regular basis.
Being active in a variety of online forums may provide an additional resource to support those
in recovery, potentially making ’online social prescribing’ a viable addition, or in some cases an
alternative, to joining face-to-face groups [24].

To provide opportunities for ’online social prescribing’, online platforms that are currently solely
providing a peer-support forum discussing recovery may wish to consider broadening their offer to
allow sub-groups on a variety of topics to form. This would allow those that do not feel confident
in joining online communities on ’mainstream’ platforms the opportunity to acquire a range of
online community memberships. Having several communities on the same platform would also
facilitate an even engagement as it reduces the additional step for platform users of having to
monitor conversations on several platforms.

7.3 Future Directions
In order to test whether, and for whom, ’online social prescribing’ is a viable alternative to face-to-
face groups, future research is needed that can assess the full picture of online and offline group
activities of recovering addicts. However, such a complete tracing of activities is extremely difficult
to study as self-reporting (e.g., in a diary study) may still underestimate the number of different
online - and potentially also offline - groups an individual contributes to. Similarly, naturally
occurring data is limited as anonymity and privacy preclude us from tracking subjects across
different platforms.

Beyond the requirement for large-scale assessments of ’online social prescribing’, future research
may first wish to understand how different types of groups (e.g., addiction/drug-related groups,
recovery support groups, and non-drug-related groups) relate to relapse. Even though many groups
can serve as a ’social cure’, there are also groups that may act as a ’social curse’ by reinforcing
behaviours related to drug use and/or by affecting mental health negatively.
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Another area for future research relates to the assertion by SIMOR that group membership
changes the self-perception of recovering addicts over time, and that this is the key mechanism
driving sustainable recovery. Traditionally, social groups have been seen as providing practical
advice and emotional support, thereby enabling addicts to progress through their recovery journey.
Although SIMOR recognises the utility of social networks, it suggests that the fundamental change
that needs to take place is for the recovering addict to think about themselves less in terms of
being an addict, and more in terms of being ’recovered’ as well as acquiring other non-drug related
identities over time. Currently, there is no validated method to study such changes in identity
salience for naturally occurring data.

8 CONCLUSION
Using survival analysis on naturally occurring data, this study provides initial support that multiple
online group memberships, and active participation in several online groups, can reduce the risk
of relapse in recovering opioid addicts significantly. It supports a basic assertion of the social
identity model of recovery (SIMOR) that social groups are a key element in sustaining recovery
from addiction. The finding also points towards ’online social prescribing’ as a potential alternative
to joining face-to-face groups.
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