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Abstract

Background: Substance misuse presents significant global public health challenges. Understanding transitions between substance
types and the timing of shifts to polysubstance use is vital to developing effective prevention and recovery strategies. The gateway
hypothesis suggests that high-risk substance use is preceded by lower-risk substance use. However, the source of this correlation
is hotly contested. While some claim that low-risk substance use causes subsequent, riskier substance use, most people using
low-risk substances also do not escalate to higher-risk substances. Social media data hold the potential to shed light on the factors
contributing to substance use transitions.

Objective: By leveraging social media data, our study aimed to gain a better understanding of substance use pathways. By
identifying and analyzing the transitions of individuals between different risk levels of substance use, our goal was to find specific
linguistic cues in individuals’ social media posts that could indicate escalating or de-escalating patterns in substance use.

Methods: We conducted a large-scale analysis using data from Reddit, collected between 2015 and 2019, consisting of over
2.29 million posts and approximately 29.37 million comments by around 1.4 million users from subreddits. These data, derived
from substance use subreddits, facilitated the creation of a risk transition data set reflecting the substance use behaviors of over
1.4 million users. We deployed deep learning and machine learning techniques to predict the escalation or de-escalation transitions
in risk levels, based on initial transition phases documented in posts and comments. We conducted a linguistic analysis to analyze
the language patterns associated with transitions in substance use, emphasizing the role of n-gram features in predicting future
risk trajectories.

Results: Our results showed promise in predicting the escalation or de-escalation transition in risk levels, based on the historical
data of Reddit users created on initial transition phases among drug-related subreddits, with an accuracy of 78.48% and an F1-score
of 79.20%. We highlighted the vital predictive features, such as specific substance names and tools indicative of future risk
escalations. Our linguistic analysis showed that terms linked with harm reduction strategies were instrumental in signaling
de-escalation, whereas descriptors of frequent substance use were characteristic of escalating transitions.

Conclusions: This study sheds light on the complexities surrounding the gateway hypothesis of substance use through an
examination of web-based behavior on Reddit. While certain findings validate the hypothesis, indicating a progression from
lower-risk substances such as marijuana to higher-risk ones, a significant number of individuals did not show this transition. The
research underscores the potential of using machine learning with social media analysis to predict substance use transitions. Our
results point toward future directions for leveraging social media data in substance use research, underlining the importance of
continued exploration before suggesting direct implications for interventions.
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Introduction

Background
Substance misuse has become a major public health challenge
around the globe, leading to a considerable health burden and
substantial financial loss. For example, in the United States,
drug-involved overdoses driven by fentanyl and other opioids
resulted in the loss of nearly 106,000 lives in 2021 [1].

Understanding the dynamic transitions between types of
substances used and the timing of transitions to polysubstance
use is vital for developing effective prevention, harm reduction,
and recovery strategies. Since the 1970s, researchers have
explored the gateway hypothesis, a theory suggesting a
structured, sequential pattern of drug involvement among
individuals, often starting with the use of substances such as
alcohol, tobacco, or cannabis and potentially progressing to the
use of more potent substances with higher associated risks [2].
Despite the long-standing prevalence of the gateway hypothesis
in the literature, recent studies [3,4] have begun to scrutinize
its validity. While the gateway hypothesis may explain specific
substance use patterns, it does not adequately capture the
“causal” or “direct” relationships. Moreover, it is not able to
describe complex and multidirectional patterns of substance
use. Nevertheless, this does not diminish the significance of the
gateway framework. At the macrolevel, patterns have been
identified where higher-risk substance use is often preceded by
lower-risk substance use [5]. While many individuals might
begin their substance use journey with alcohol or marijuana, it
does not imply an inevitable progression to substances like
opiates. Most users of marijuana do not escalate to using opiates
[6]. However, this raises important questions about what
microlevel factors differentiate substance use escalation and
de-escalation. More information is needed to understand these
microlevel risk factors associated with substance use escalation
and de-escalation. Identifiable risk factors exist among groups
that engage in substance use, potentially increasing the
likelihood of transitioning from one substance to another, and
the gateway hypothesis framework could be evaluated and
expanded upon given new sources of data (ie, social media).
Given the complex nature of substance use initiation and
people’s highly individualized journeys, understanding common
trajectories of substances used is essential for informing
substance use intervention programs and for preventing
escalation to misuse behaviors and substances associated with
higher risk (ie, overdose).

There has been extensive work on developmental stages in
substance use involvement using survey data [7-9]. For instance,
taking cannabis as a gateway drug case study, recent research
from the National Institute on Drug Abuse in the United States
confirms that marijuana use typically precedes harder drug use,
but most marijuana users do not escalate to harder drugs [6].
Moreover, according to a study by McCarthy [10], 1 in 8
Americans report smoking marijuana [10]. This suggests that

the current interventions aiming to prevent substance use
escalation targeted at those who use marijuana may not be
sufficiently granular. Furthermore, much of the research to date
is either cross-sectional or focused on a single substance rather
than across substances with variance in perceived risk. To fill
this gap, our study aimed to investigate substance use trajectories
on social media to improve our understanding of transitions
between types of substances, factors associated with the
likelihood of progression to higher-risk substances, and the
linguistic patterns associated with escalating and de-escalating.

Social media platforms such as X (previously known as Twitter),
Reddit, and YouTube have created spaces where individuals
can engage with each other and share various parts of their
private lives, including their personal experiences and life events
[11-13]. This is especially true among individuals who misuse
substances, as networking with others with lived experiences
has been shown to decrease self-stigma and encourage safer
substance use behaviors and recovery efforts [14]. However, it
should be noted that the increased visibility and influence of
these platforms might inadvertently normalize substance misuse
and provide easier access to information related to harmful
substances, thus potentially promoting harmful substance
misusing behaviors [15,16]. Nevertheless, the data from social
media are invaluable for research. The information gathered
from social media platforms is timely and relevant for studying
substance use characteristics longitudinally [17-19]. As a result,
the data obtained from social media offer a unique opportunity
to observe substance use behaviors within a broad population,
enabling a deeper comprehension of the underlying patterns
and factors influencing substance use behaviors.

Several studies have used social media data to examine different
aspects of substance-related behaviors, such as adverse drug
reactions [20,21], substance misuse [22,23], and substance
use–related slang [24]. Lu et al [25] used machine learning
techniques to estimate Reddit users’ shifts from casual drug
discussion forums to drug recovery forums. They further
developed a survival model to estimate the probability of a
Reddit member posting in a recovery forum within the upcoming
year [26]. Another work developed a language model of opioid
consumption and generated alternative words for opioids, routes
of administration, and drug tampering [27]. One study [28] used
transfer learning techniques to detect Reddit posts that indicate
opioid recovery. With a combination of deep learning and
human annotation techniques, they identified and analyzed the
effectiveness of particular alternative drugs for treating opioid
use disorder (eg, kratom). Relatedly, another study [29] used
social media content related to the misuse of fentanyl to build
a machine learning model to identify risky discourse and develop
a vocabulary set consisting of community-specific and colloquial
terms associated with fentanyl and its analogs [29]. However,
few studies have assessed the gateway hypothesis using social
media data. Furthermore, to our knowledge, none of the existing
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studies have focused on identifying or understanding specific
risky behaviors associated with the gateway hypothesis.

Study Objectives
In this work, we investigated substance use behaviors on social
media, particularly the transitions between substances with
different risk levels. We specifically addressed the following
research questions (RQs):

• RQ1: Does substance use–related social media behavior
support the gateway hypothesis?

• RQ2: How can we use social media to identify transitions
in different risk levels of substances?

• RQ3: What specific linguistic cues in web-based behaviors
can be identified using social media data to distinguish
between escalating and de-escalating risk transitions?

To answer these RQs, we analyzed Reddit data to understand
the trajectory of substance use: a Reddit user’s entire historical
path of posts and comments within targeted substance-related
subreddits, encoded by risk levels assigned to these subreddits.
This risk level is a numeric indicator assigned to each subreddit
based on the potential harm of the substance use behaviors
discussed, ranging from discussions of nonharmful substances
to those with a high potential for those with a high potential for
substance use disorder and harm. We then examined transitions,
defined as changes in risk levels from one time bin to another
within a user’s trajectory, to identify potential early signs of
risk level changes associated with substance use. A transition
begins when we observe a series of time bins (groupings of
weekly posts and comments) that have the same risk level. The
transition is marked when a subsequent time bin displays a
different risk level, indicating a change in the Reddit user’s
posting and commenting with either a higher-risk (escalating
transition) or a lower-risk (de-escalating transition)
substance-related subreddit. This shift from one risk level to
another defines the transition, capturing the Reddit user’s
movement toward potentially different substance use behaviors.
We implemented a logistic regression model, a Bidirectional
Encoder Representations from Transformers (BERT) model,
and a Robustly Optimized BERT Approach (RoBERTa) model
to identify potential escalation or de-escalation transition in risk
levels. We show the potential of using deep learning methods
with large-scale historical data to predict the escalation or
de-escalation transitions of risk levels. Our linguistic analyses
showed the most salient linguistic cues between escalating
transitions and de-escalating transitions. These findings highlight
the importance of language patterns within self-generated
content related to substance use trajectories. They suggest the
need for further research to refine these methodologies and the
future applications to use social media data to analyze substance
use behaviors to refine policies and therapeutic strategies
targeting substance use disorders and recovery strategies.

Methods

Data Source
Past research has suggested that Reddit is a popular social media
platform well suited for substance-related research due to its
large number of users with diverse backgrounds, which

facilitates longitudinal data analysis and insights into the
evolving nature of substance use and discussions [30]. Various
studies have indicated that engaging in substance-related
discussions can be a strong marker of an individual’s experience
with substance use [26,28,31]. For our data set, we focus on
Reddit, a prevalent social media platform where individuals can
anonymously participate in topic-centered communities known
as “subreddits.” Each subreddit operates under its own set of
rules to moderate posts and comments, offering unfiltered
discussions with less interference from overarching platform
policies, distinguishing Reddit as an ideal platform for analysis
of substance-related conversations [30]. On Reddit, there are
various subreddits dedicated to discussing different substances,
such as cannabis, cocaine, and fentanyl, as well as behaviors
associated with these substances, such as active misuse, harm
reduction, and recovery.

Grounding our approach in psychiatric theory related to the
developmental patterns of substance involvements [8,19,32-35]
and the discussions within these substance-related subreddits,
we curated a list of relevant subreddits and annotated each
subreddit based on the risk level associated with specific
substances discussed. The rationale behind annotating at the
subreddit level rather than the post level is the structural
organization of Reddit itself. Subreddits are often named after
or centered on a specific topic, suggesting that a majority of
posts within a given subreddit, such as r/fentanyl, likely align
with a particular risk profile related to fentanyl. Furthermore,
subreddits are typically guided by a set of rules and guidelines
enforced by moderators to ensure that the content remains
relevant to the subreddit’s central theme. The presence of these
regulations provides a level of consistency in the nature and
risk associated with the content, making it more practical to
assess and annotate at the subreddit level.

To create a comprehensive list of relevant subreddits, we used
a methodology similar to the previous research [36]. We began
by compiling an extensive lexicon of terms related to substance
use, focusing on keywords that encompass various facets of the
experience and treatment of substance use disorders. This
included a range of drug names, incorporating substances
available over the counter or through prescription or those
considered illicit. For every generic drug name, we also
incorporated the corresponding trade names and combination
products, drawing upon insights from substance use research
and from collaboration with coauthors specializing in clinical
psychology. We found 152 keywords in this process. We then
used these 152 keywords to query Reddit posts through
BigQuery (Google). Our focus was not limited to the most
popular or active subreddits; instead, we aimed to encompass
a diverse representation of the substance use spectrum, including
active use, harm reduction, and recovery. This process led to
the curation of 73 drug-related subreddits.

Using a set of 73 drug-related subreddits, we collected all the
posts and comments from Google Big Query [37]. Google Big
Query is the publicly available data warehouse containing all
the posts and comments made on Reddit. We used Google’s
BigQuery application programing interface to query publicly
available Reddit data from December 2015 to December 2019.
With increasing privacy concerns and changes in data protection
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laws, researchers frequently find themselves limited to using
dated historical data to gain insights from social media
platforms. In the Discussion section, we revisit the limitation
of the temporal restriction of our data set. In total, we collected
2,291,356 posts and 29,372,044 comments created by 1,426,621
Reddit users. We excluded 4321 authors with usernames
beginning or ending with “bot” and deleted accounts. We also
removed those with <1 year of posting and commenting
activities in our collected data set to ensure we had enough
historical data to conduct the analysis. After these steps, 313,846
authors remained in our data set.

Ethical Considerations
Although we use publicly accessible historical Reddit data from
Google BigQuery that do not qualify for ethics board approval,
we are committed to protecting the privacy of the data owners.
Following the prior work on sensitive topics on social media
[28,38,39], we have removed any personally identifiable
information and have paraphrased all quotations in this paper
to avoid traceability. The authors of this paper have backgrounds
in both computer science and data analytics, as well as clinical
psychology and addiction medicine. Such a diverse knowledge
base enhances our understanding of the privacy considerations
of this group and allows an interdisciplinary approach to
understanding our findings.

Annotation Approach
The coauthors in this study, who are substance use domain
experts, used inductive and deductive approaches to develop a
risk level codebook based on substance type. First, substance
use literature was reviewed, and a rough structure was developed
for the codebook based on respective risks related to each
substance (ie, the risk for overdose, dependence, risky routes

of administration, etc). Next, coders systematically examined
each of the 73 subreddits in our data set to understand the
substances and the level of risk discussed in each community
and to refine the categories in the codebook. This process
involved 2 independent coders (Kevin Davet and Nina Kaiser)
searching the subreddit name on Reddit, reviewing the first 25
posts and their associated comments listed in each subreddit,
and then assigning a risk category to this subreddit based on
the substance and substance use behaviors mentioned in this
community. Interrater reliability was 96% for the initial risk
category assigned by the 2 independent coders, and the
remaining discrepancies were discussed among a group and
resolved by a third coder (EK). Once a final codebook was
established, coders worked to assign a risk level to each
subreddit ranging from 0 to 4, with 0 denoting no risk and 4
indicating of the highest level of risk. Multimedia Appendix 1
[40-49] provides the details on risk level definitions by substance
used in this study.

The domain expert coauthors determined that 1 subreddit in our
data set (r/supplements) did not constitute a risky substance
subreddit. This was the only subreddit that was assigned to level
0. Due to the underrepresentation of the risk level 0, we excluded
the subreddit (r/supplements) from our subsequent analysis. We
also excluded 7 subreddits annotated as risk level mixed
(r/drugtesthelp, r/DrugNerds, r/REDDITORSINRECOVERY,
r/addiction, r/ReagentTesting, r/Drugs, r/drugsarebeautiful).
These subreddits discussed multiple substances and different
aspects of substance use behaviors that were placed in the
high-risk category. In the end, we had the following data set for
the subsequent analysis: risk level 1 had 3 subreddits, risk level
2 had 22 subreddits, risk level 3 had 8 subreddits, and risk level
4 had 32 subreddits (Textbox 1). Among these subreddits, we
had 133,220 Reddit users with 9,205,558 posts and comments.

Textbox 1. Categorization of subreddits according to risk levels.

Categorization

• Risk level 0: r/Supplements

• Risk level 1: r/SMARTRecovery, r/secularsobriety, r/AtheistTwelveSteppers

• Risk level 2: r/TokeSpot, r/vaporents, r/CannabisExtracts, r/EntExchange, r/Kanna, r/GetOutAndVape, r/quittingkratom, r/AthleticEnts, r/kratom,
r/cannabis, r/mod quittingkratom, r/trees, r/Petioles, r/leaves, r/entshop, r/portabledabs, r/abv, r/Waxpen, r/vapebonging, r/StonerEngineering,
r/eldertrees, r/treedibles

• Risk level 3: r/researchchemicals, r/Tianeptine, r/tryptonaut, r/TripSit, r/pharms, r/Psychonaut, r/Nootropics, r/afinil

• Risk level 4: r/OpiatesRecovery, r/HeroinHeroines, r/MDMA, r/lean, r/naltrexone, r/heroin, r/suboxone, r/gabapentin, r/opiates, r/opiatesmemorial,
r/ObscureDrugs, r/phenibut, r/pillhead, r/pregabalin, r/loperamide, r/Opiatewithdrawal, r/meth, r/Methadone, r/askdrugs, r/fentanyl, r/drugwar,
r/benzodiazepines, r/stimcirclejerk, r/Stims, r/heroinaddiction, r/benzorecovery, r/oxycodone, r/OurOverUsedVeins, r/OpiateChurch,
r/Thewarondrugs, r/drugscirclejerk, r/Carfentanil

• Risk level mixed: r/drugtesthelp, r/DrugNerds, r/REDDITORSINRECOVERY, r/addiction, r/ReagentTesting, r/Drugs, r/drugsarebeautifu

Approach Overview
Our study aimed to investigate the gateway hypothesis on Reddit
through 3 RQs: analyzing social media behaviors that support
the gateway hypothesis (RQ1), predicting transitions between
substances (RQ2), and comparing the linguistic differences
between escalating and de-escalating risk transitions (RQ3). To
tackle these RQs, we began by categorizing Reddit users into
groups based on their historical trajectories and analyzed their

behaviors to answer RQ1. We then constructed a risk transition
data set using the trajectories of Reddit users from our collected
data sets. For RQ2, we used the risk transition data set to
develop and compare different machine learning and deep
learning models for forecasting the future directions of risk
transitions. In addition, we extracted coefficient scores for each
input feature from our machine learning models to identify the
most important features in distinguishing between future
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escalating and de-escalating transitions. To address RQ3, we
used an unsupervised language modeling technique to measure
the linguistic disparities in posts and comments created on initial
transition phases between escalating and de-escalating
transitions.

Modeling Trajectories and Transitions

Overview
To evaluate the gateway hypothesis on Reddit, we investigated
and analyzed the historical activity of every Reddit user in our
collected data set. Each Reddit user’s posts or comments history
with substance-related subreddits was compiled into a single
trajectory. Our approach involved constructing a trajectory for
each Reddit user in our data set, encompassing all the posts and
comments they had made across 65 substance-related subreddits.
This enabled us to investigate whether a pattern emerged among
Reddit users, beginning with discussions or interactions related
to specific substances and subsequently transitioning toward
others.

For each Reddit user’s trajectory, we replaced the subreddit
names that a Reddit user had posted or commented on with the
annotated risk levels of that subreddit as assigned by our domain
experts. By broadening our analysis beyond specific substances
and focusing on risk levels, we aimed to explore Reddit users’
overall progression and movement across different levels of
risk within the substance-related subreddit landscape.

Time Binning
We grouped posts and comments into bins by each active week
to reduce noise in our data. This grouping process involved
defining a starting time, denoted as t, which represents the time
stamp of the first post or comment created. We then established
a week-long time frame by adding the total number of seconds
in a week to t. Thus, an active week bin encompasses all posts
and comments with time stamps falling within the range of
ttot+(number of seconds in a week). To establish the subsequent
active week, we identified the time stamp t of the next post or
comment that occurs after t+(number of seconds in a week).
We assigned a majority label within each bin based on the posts
and comments in the bin. This involved computing the risk label
for the bin by converting the subreddits present within it into
their respective risk levels. We then determined the risk level
that occurred most frequently within the bin, establishing the
majority label for that particular period.

Breaking Ties
Following the process of creating time bins for each trajectory
and assigning majority labels to those bins, we found that
approximately 5% of Reddit users in our data set encountered
ties in their posting or commenting history at the subreddit level.
A tie occurs when multiple labels have the same frequency of
occurrence within a given time bin. In such cases, we used the
strategy of breaking ties by selecting the highest risk level as
the majority label. The rationale behind this tie-breaking
approach lies in the assumption that when Reddit users begin

engaging in discussions within higher risk level subreddits, they
likely already possess some level of experience or familiarity
with those particular drugs [26,28,31]. By assigning the higher
risk level as the majority label in cases of ties, we aimed to
capture the progression or transition of Reddit users toward
subreddits associated with potentially greater risk. Furthermore,
we discussed more about the limitation of this approach in
assigning majority labels in the Discussion section,
acknowledging the complexities and nuances involved in such
categorizations.

Grouping Trajectories
To understand how Reddit users exhibit different behaviors
within their trajectories, we grouped each trajectory into three
classes; these classes allowed us to categorize trajectories based
on the patterns observed in their risk levels over time. (1)
Escalating trajectories: this class includes trajectories
demonstrating a clear progression or escalation in risk levels
across the time bins within the trajectories. It indicates a pattern
where Reddit users gradually shift from lower-risk subreddits
to those associated with higher risk levels. (2) De-escalating
trajectories: in contrast to escalating trajectories, de-escalating
trajectories exhibit a pattern of decreasing risk levels over time.
(3) Trajectories with no change: trajectories falling into this
class consist of time bins labeled with the same risk level
throughout.

Creating Transitions
After transforming each Reddit user’s activity into one
continuous trajectory by applying time binning and resolving
ties, we analyzed the data by creating transitions from these
trajectories. While each Reddit user in our data set has one
trajectory, within this trajectory, a Reddit user may experience
multiple transitions that is defined as shifts from one or multiple
consecutive time bins with the same risk level to a time bin with
a different risk level.

To identify these transitions, we first located the beginning of
a transition (Figure 1). This occurs when a time bin with the
same risk level persists consecutively before encountering a
time bin with a different risk level. The beginning of a transition
signifies the period where the Reddit user’s activity remains
within a consistent risk level. Subsequently, the ending of a
transition marks the point where the risk level changes within
the trajectory, represented by a single time bin with a different
risk level than the preceding bins. Once an ending transition is
identified, the subsequent beginning transition starts with the
time bin following the ending transition. This approach allows
us to delineate the risk transitions within a Reddit user’s
trajectory, capturing the shifts in risk levels and potentially
indicating the escalation transitions or de-escalation transitions
in their engagement with substance-related subreddits. We
removed all the transitions that contained <100 words at the
beginning of the transitions to ensure that we had enough data
to conduct the following analyses.
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Figure 1. A flowchart showing risk transition across 3 time bins. A transition within a trajectory represents a change in the risk level from one time
bin to the next. The beginning of a transition is indicated by a series of consecutive time bins with the same risk level, followed by a time bin with a
different risk level. Each bin evaluates posts or comments marked with risk levels, depicted by numbered circles. Bin 1 and bin 3 use majority voting,
while bin 2 considers both majority and maximum values in case of a tie.

Predicting the Future Risk Transitions

Overview
For prediction, we used a logistic regression model, a popular
interpretable machine learning model, to perform text
classification tasks. Using transformer-based pretrained models
has become the norm in various natural language processing
fields and has achieved state-of-the-art performances [50].
Motivated by this, we used BERT [51] and its extension,
RoBERTa [52], as additional methods.

Logistic Regression Model
The logistic regression model was developed to predict the
direction of transitions between subreddit risk levels by using
a binary dependent variable indicative of the transition direction
(escalating transitions vs de-escalating transitions). Independent
variables, or predictors, were derived from textual features and
user engagement metrics extracted at the beginning of identified
transitions. Four categories of predictors were extracted from
the model:

1. Psycholinguistic attributes: the Linguistic Inquiry and Word
Count (LIWC) lexicon [53-55] is a well-validated
psycholinguistic lexicon used for extracting psycholinguistic
characteristics from texts. It analyzes texts across various
dimensions, such as emotions, perceptions, interpersonal
focus, and social and personal concerns. For each transition,
we used the LIWC lexicon to obtain normalized occurrences
of words in each LIWC category for each individual.

2. Open vocabulary (n-grams): the concept of open
vocabulary, which refers to the unrestricted and diverse set
of words or word combinations a person can use, has been
used to investigate the psychological attributes of
individuals in multiple previous studies [38,56,57]. We
calculated the distribution of the top 500 uni- and bigrams
at the beginning of the transition as open vocabulary
features.

3. Part-of-speech tagging: the Stanford Log-linear
Part-Of-Speech Tagger [58] was used to identify nouns,
verbs, and adjectives in posts and comments. This tool

calculates the ratios of nouns, verbs, and adjective words
in the posts and comments.

4. Activities: for each Reddit user in our collected data set,
we measured the average number of Reddit posts or
comments made within our data set per bin and the number
of words per bin.

After extracting these 4 sets of features from the posts and
comments made during the initial stages of the transition, we
constructed a logistic regression model. This model predicts
whether an individual’s transition is escalating or de-escalating.
It considers the independent variables, in this case, the extracted
features: psycholinguistic attributes, open vocabulary,
part-of-speech tagging, and activities, and outputs a binary
prediction of whether the transition will escalate or de-escalate
in the future. To ensure the optimal performance of our model
and reduce the noisy features, we applied a feature selection
strategy, determining to retain the top 100 features that exhibit
the highest levels of mutual information with the classification
output. This approach allowed us to focus on the most critical
features and facilitate a more effective predictive model.

We randomly split our entire transitions data set into training
and testing sets in an 8:2 ratio to evaluate our logistic regression
model. During the training phase of the model, we used
cross-validation to ensure that our model generalizes well to
unseen data and does not overfit. Specifically, we adopted a
-fold cross-validation approach, where is set to 5. The
performance across all iterations was then averaged to provide
a more accurate measure of the model’s performance.

Deep Learning Model
To tackle the multifaceted problem of predicting future risk
levels for each substance-related transition, we used BERT [51]
and its extension, RoBERTa [52]. As a pioneer in
transformer-based models, BERT revolutionized the natural
language processing field with its bidirectional training
approach. RoBERTa further improved upon it by modifying
key hyperparameters in the model architecture, such as removing
the next-sentence pretraining objective and training with much
larger minibatches [52]. Both models have been adapted to solve
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various domain-specific tasks, such as suicidal ideation [53],
mental disorders detection [59], web-based social support [60],
and social dimensions describing human relationships [61].

We fine-tuned pretrained BERT and RoBERTa models using
concatenated texts at the beginning of transitions as inputs and
the corresponding escalation directions as outputs. To assess
the performance of the fine-tuned models, we randomly split
the entire transition data set into training and testing sets in an
8:2 ratio and used a k-fold cross-validation (=5) approach on
the training data set. In our training setting, we set the epoch
count to 5, a decision guided by initial tests that observed
marginal improvement of the model beyond this epoch number.
We set the batch size to 32, considering our computational

capacity. The learning rate was chosen as 5 ×10−5 by default.

Analyzing the Linguistic Cues
We used an unsupervised language modeling technique known
as the Sparse Additive Generative Model (SAGE) [62] to
investigate the linguistic indicators at the concatenated texts
created during the beginning phase of escalating or de-escalating
transitions. This approach enabled us to compare the parameters
of 2 multinomial models with the logistic regression, allowing
us to identify significant terms. The regularization parameter
in SAGE was self-tuned, and this balanced the importance of
common and rare terms in the selection process. We applied
the SAGE technique specifically to differentiate between
n-grams (n=2, 3) present in the posts and comments at the

beginning of transitions between escalating and de-escalating
transitions.

During our analysis, a positive SAGE value (>0) suggested that
an n-gram was more representative of escalating transitions,
indicating its association with an increase in risk levels.
Conversely, a negative SAGE value suggested greater
representativeness for the absence of escalating transitions,
indicating its association with a decrease in risk levels. By
examining these linguistic indicators using the SAGE technique,
we gained insights into the specific language patterns and
characteristics that distinguished escalating and de-escalating
transitions within our data set. This analysis helped us better
understand the linguistic dynamics and factors that influenced
the progression or regression of risk levels on Reddit.

Results

Modeling Trajectories and Transitions
Table 1 provides an overview of the activity of Reddit users
within drug-related subreddits, highlighting the number of
Reddit users, the frequency of posts and comments, and the
instances of risk level transitions. A subset of users displayed
at least 1 transition in risk level behavior, with variations in the
length and frequency of their posts and comments. These data
show the analysis of transitions between subreddits of differing
risk levels (Table 1).

Table 1. Summary of Reddit users across 65 drug-related subreddits, their post and comments, and transitions statistics.

ValuesVariable

133,220Reddit users, n

58,279 (43.75)Reddit users who have at least 1 transition, n (%)

9,205,558Posts and comments, n

169,811Transitions, n

Posts and comments length (by words)

36.67 (65.49)Mean (SD)

18 (1-9688)Median (range)

Subreddits that Reddit users posted or commented

2.69 (2.00)Mean (SD)

2 (1-48)Median (range)

Unique risk levels per Reddit users

1.67 (0.68)Mean (SD)

2 (1-4)Median (range)

Posts and comments per Reddit user

69.10 (280.91)Mean (SD)

15 (1-36,533)Median (range)

Posts and comments at the beginning of transition

18.12 (97.58)Mean (SD)

3 (1-6650)Median (range)

Table 2 presents the number of Reddit users based on their
historical trajectories in our collected data set, specifically their

risk transition patterns. The table categorizes Reddit users into
3 types based on their trajectories: escalation trajectories,
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de-escalation trajectories, and no change. For each category,
the table shows the starting and ending risk levels of the
transition within trajectories, the total number of users who
exhibited the corresponding transition in their trajectories in

our collected data set, and the average transition time (ATT)
duration in weeks. Note that no ATT is recorded for users
showing no change in risk levels.

Table 2. Distribution of Reddit users categorized by their historical behavior patternsa.

ATTb (weeks), mean (SD; range)Risk level transitionTrajectories type and users, n (%)

EndStart

No change (n=39,000)

—c2226,381 (67.6)

—447814 (20)

—334805 (12.3)

Escalation (n=8,428)

39.08 (42.55; 1.00-240.30)423706 (44)

39.71 (42.30; 1.00-224.04)323617 (42.9)

28.71 (35.97; 1.02-220.40)431105 (13.1)

De-escalation (n=4925)

32.73 (36.48; 1.00-231.16)242065 (41.9)

35.79 (38.36; 1.00-227.81)231936 (39.3)

29.51 (35.93; 1.00-210.12)34924 (18.8)

aNote that no average transition time is recorded for Reddit users, showing no change in risk levels.
bATT: average transition time.
cNot available.

Regarding Reddit users with trajectories indicating only the
escalation in risk levels across the time bins, Reddit users
predominantly showed transitions from risk level 2 to 4,
followed by transitions from 2 to 3 and 3 to 4. The chi-square
test for goodness of fit on the number of Reddit users in
escalation trajectories showed significant differences

(χ2
3=1552.4, P<.001). For example, one Reddit user wrote about

their first-time kratom (risk level 2) experience in the risk level
2 subreddit:

Yesterday I had my first experience taking Kratom...

After around 39 weeks, the same user wrote another post
disclosing their own experiences with phenibut (risk level 3),
varying dosages, frequency, and the effects of combining it with
other substances:

I’ve been using phenibut ranging from once every 2
weeks to 3 times a week...I took 2g followed by 2, 1g
redoses...I took 2g early on the day and decided to
drink like 3 beers probably 12 hours later.

The ATT for these transitions ranged from 28.71 (from risk
level 3 to risk level 4) to 39.71 weeks (from risk level 2 to risk
level 3). In the group with de-escalating trajectories, Reddit
users primarily showed transitions from risk level 4 to 2

(χ2
3=475.7, P<.001), with the ATT being 32.73 weeks.

Transitions from 3 to 2 and 4 to 3 also occurred, with average
active use ranging from 29.51 to 35.79 weeks. For the group
with no-change trajectories, most Reddit users in our data set
remained at risk level 2 without any transition as indicated by

a significant chi-square result. (χ2
3=21,008.0, P<.001).

Predicting the Future Risk Transitions
We implemented and evaluated multiple classifiers on our
transition data set to predict the future transitions of risk level,
including the logistic regression, BERT, and RoBERTa models.
Table 3 summarizes the performance of our models and includes
the accuracy, precision, recall, F1-score, and area under receiver
operating characteristic curve score (Figure 2). These metrics
are critical for evaluating the performance of machine learning
and deep learning models [63,64]. On the basis of these results,
we found that the fine-tuned BERT and RoBERTa models had
better performance than the logistic regression model. The
BERT model, after fine-tuning, achieved an accuracy of 78.48%
and an F1-score of 79.2%, while logistic regression had an
accuracy of 75.5% and an F1-score of 76.08%. The differences
in their performance might suggest the complex language
patterns found in substance use–related discussions. Overall,
these models showed promise in predicting the future risk level,
with the fine-tuned BERT and RoBERTa models demonstrating
better performance than logistic regression.
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Table 3. Comparative performance metrics of logistic regression, Bidirectional Encoder Representations from Transformers (BERT), and Robustly
Optimized BERT Approach (RoBERTa) models on a 5-fold cross-validation and test data set.

ROC-AUCaF1-scoreRecallPrecisionAccuracyModel

5-fold cross-validation, mean (SD)

81.99 (0.29)75.45 (0.29)70.97 (0.39)80.55 (0.30)75.29 (0.29)Logistic regression

87.93 (0.37)79.98 (0.75)77.85 (2.25)82.34 (1.96)79.14 (0.27)BERT

87.86 (0.52)79.14 (1.04)74.13 (2.68)84.97 (1.15)79.09 (0.53)RoBERTa

Test data set (%)

82.3476.0871.7880.9275.51Logistic regression

87.2979.275.8782.8478.48BERT

87.0978.5273.5184.2678.28RoBERTa

aROC-AUC: area under the receiver operating characteristic curve.

Figure 2. Receiver operating characteristic curves comparing the performance of Bidirectional Encoder Representations from Transformers (BERT)
and Robustly Optimized BERT Approach (RoBERTa) models on a test data set. AUC: area under the curve.

Although the BERT and RoBERTa models showed better
performance metrics than the logistic regression model, it is
crucial to recognize the interpretability and explainability of
the logistic regression model. As an explainable model, logistic
regression allows for the extraction and examination of the most
influential features in its decision-making process [65]. Table
4 shows the top 20 predictive features (independent variables)
with the β coefficients and significance from the logistic
regression. A subreddit with a positive β coefficient indicates
that the occurrence of the features in the posts increases its
possibility of future escalation into a higher risk level subreddit
(escalating transition from a lower risk level subreddit to a

higher risk level). A subreddit with a negative β coefficient
indicates that the occurrence of the features in the posts increases
its possibility of future de-escalating into a lower risk level
subreddit (de-escalating transition from a higher risk level
subreddit to a lower risk level). In the predictors associated with
future risk escalations, we found many n-gram features related
to substance names, including kratom, weeds, marijuana, tree,
buds, and cannabis, showing high relative importance. We also
observed words related to substance-related behaviors or tools,
such as bong, vape, smoke, smoking, and smoked, showing high
relative importance.
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Table 4. Top 20 features in the logistic regression classifier with the β coefficients. P values reported after Bonferroni correction. Positive features
indicate the most predictive features for identifying escalating transitions, and negative features suggest the most predictive features for identifying
de-escalating transitions.

P valueβFeature

Positive

<.001.510kratom

<.001.261bong

<.001.249weed

<.001.246smoke

<.001.216smoking

<.001.214marijuana

<.001.202vape

<.001.190bud

<.001.179joint

<.001.167strain

<.001.166bowl

<.001.158edible

<.001.156tree

<.001.130oil

<.001.123high

<.001.099cannabis

<.001.095legal

<.001.094glass

<.001.087green

<.001.084smoked

Negative

<.001−.351phenibut

<.001−.265mdma

<.001−.258pill

<.001−.234xanax

<.001−.225meth

<.001−.220opiate

<.001−.191roll

<.001−.138LlWCa:bio

<.001−.111LlWC:insight

<.001−.110heroin

<.001−.105trip

<.001−.097LlWC:time

<.001−.082take

<.001−.081benzos

<.001−.079LlWC:you

<.001−.075LlWC:death

<.001−.064shit

<.001−.063took
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P valueβFeature

<.001−.062mg

<.001−.060experience

aLIWC: Linguistic Inquiry and Word Count.

In n-gram features associated with future risk de-escalation
transitions, the n-gram features indicated possible treatments,
such as phenibut, pills, and xanax. We also found that the
n-gram features around “harder substances” are reported to have
high relative importance in predicting future risk de-escalation
transitions such as mdma, meth, heroin, and opiate. LIWC
features, including biological processes, insight, time, you
(second pronouns), and death, contributed significantly to
predicting future risk de-escalation transitions. This might be
because Reddit users used these words to describe their
symptoms or give suggestions or warnings at the beginning of
their de-escalating transitions.

Analyzing the Linguistic Cues
To investigate the most salient linguistic cues at the beginning
of escalating and de-escalating transitions, we adopted the SAGE
analysis [62] and reported the top salient n-grams in Table 5.
A positive SAGE score indicates the terms frequently associated
with the beginning of escalation transitions, while a negative
SAGE score points to the terms linked with the beginning of
de-escalation transitions.

We discovered that keywords such as taking kratom, smoking
weed, and dryherb related to substance use frequently appear
in individuals’ self-motivated texts before transitioning into
higher-risk subreddits. For instance, one person described their
experiences with kratom:

I was taking kratom for over a year or two and had
positive experiences. However...

Approximately 31 weeks later, the same author wrote in a risk
level 4 subreddit:

I was in a temporary role, and they offered me a
full-time position, contingent on passing a drug test.
I usually don’t consume opiates, but I took 6 pills on
December 24th...

We noted that keywords describing substance use; purchase
locations; and feelings associated with use, such as head shop,
smell like, and get high, were more salient in the language of
escalating transitions (eg, “I went to the head shop,” “My room
smells like cannabis,” and “I get high from it.”).

In contrast, keywords indicating harm reduction and recovery,
such as test kit, get clean, and stay safe were prevalent at the
beginning of de-escalating transitions. We observed these
keywords frequently in texts describing individuals’ recovery
experiences from substance misuse and providing suggestions
for others. For example, a post reads as follows:

To get clean, I reduced my intake gradually over two
months, decreasing my dosage by 25% at each step.

Roughly 20 weeks later, the same poster sought suggestions
and support in a lower-risk subreddit regarding severe
withdrawal symptoms:

I used to struggle with anxiety...and a strong desire
for Xanax. While many of these symptoms have
subsided, I often find myself without an appetite...I
am inquiring whether Xanax withdrawal can lead to
this issue.

We also observed many time-related keywords with high
salience scores in de-escalating transitions, such as 3 months,
hour late, year clean, and 3 days. This suggests that before
posting or commenting on lower-risk subreddits, Reddit users
might have previously shared their experiences on higher-risk
subreddits. Additionally, keywords suggesting reduced substance
use, such as take half, half pill, and extended release, appeared
more frequently in de-escalating transitions. This might indicate
that individuals transitioning to lower-risk subreddits are sharing
their harm reduction strategies and experiences that involve
reducing the amount of substance consumed.
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Table 5. Top salient n-grams (n=2, 3) associated with escalating and de-escalating transitions in posts, as identified by Sparse Additive Generative
Model (SAGE) analysis. A positive SAGE score indicates the terms frequently associated with the beginning of escalation transitions, while a negative
SAGE score points to the terms linked with the beginning of de-escalation transitions.

SAGEn-gram

Top salient n-grams in escalating transitions

0.155legal, state

0.144taking, kratom

0.141look, like

0.141illegal, state

0.136coconut, oil

0.134started, smoking

0.128smoking, weed

0.119maeng, da

0.106using, kratom

0.101smoke, spot

0.090dry, herb

0.087different, strain

0.086mason, jar

0.086green, malay

0.080like, weed

0.079stop, smoking

0.078red, bali

0.078medical, marijuana

0.076want, smoke

0.075take, kratom

0.073head, shop

0.072people, smoke

0.072smell, like

0.072tolerance, break

0.071peanut, butter

0.071get, high

0.069smoke, weed

0.068kratom, use

0.067pax, 2

0.066drug, test

0.065plant, matter

0.064time, day

0.063arizer, air

0.061fellow, ents

0.060smoke, much

0.060one, hitter

Top salient n-grams in de-escalating transitions

−0.130test, kit

−0.093get, clean
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SAGEn-gram

−0.089stay, safe

−0.077first, time

−0.076harm, reduction

−0.0693, month

−0.058half, life

−0.057take, mdma

−0.056stay, clean

−0.055hour, later

−0.054taking, phenibut

−0.052getting, clean

−0.052sound, like

−0.051third, eye

−0.050take, phenibut

−0.049pressed, pill

−0.049take, half

−0.0493, day

−0.048happy, nod

−0.047rebound, anxiety

−0.047never, done

−0.047day, row

−0.046taking, mdma

−0.045poppy, seed

−0.045got, clean

−0.044extended, release

−0.044drug, use

−0.044pure, mdma

−0.043half, pill

−0.043first, roll

−0.042would, take

−0.042methadone, clinic

−0.042year, clean

−0.042xanax, bar

−0.041next, day

−0.041get, script

Discussion

Principal Findings
Overall, the results of this study analyzing substance use–related
social media behavior on Reddit show preliminary support for
the gateway hypothesis; however, these results were mixed and
require greater contextualization and examination; that is, while
some of the proponents of the gateway hypothesis were
supported based on patterns of escalation trajectories (marijuana
subreddits to higher-risk subreddits), other patterns noted for
escalation and de-escalation trajectories were more complex

and were not supported by the original gateway framework. For
example, we did observe that engagement in marijuana-related
subreddits along with the pattern of specific n-grams such as
kratom, weeds, and marijuana were predictive of future risk
escalation transitions. This aligned with the gateway hypothesis,
suggesting a potential progression from substances perceived
as lower risk to ones associated with higher risks. However,
most individuals who began in marijuana and other low-risk
subreddits did not progress to higher-risk subreddits, a finding
that does not support the “causal” notions of the original
gateway hypothesis. This finding aligns with the
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earlier-mentioned research from the National Institute on Drug
Abuse in the United States, which found that while marijuana
use typically precedes the use of “harder” drugs, most marijuana
users do not transition to these more potent substances [6]. This
consistency between web-based drug use behavior on subreddits
and real-world drug consumption patterns is noteworthy. It
underscores the relevance and potential utility of social media
analysis as a complementary tool to traditional survey research,
highlighting its capacity to offer insights into one’s behavior
and progression trends. As noted by previous literature [3], there
are numerous confounds that could impact the risk for
progression from one substance to another, particularly
escalation transitions from marijuana to higher-risk substances,
given the rapid changes in accessibility, legality, and medical
use of marijuana in recent decades. Furthermore, we did note
instances of de-escalation transitions from higher-risk subreddits
to marijuana subreddits, contrary to the gateway hypothesis and
consistent with recent literature on the use of marijuana and
other substances (eg, kratom) to mitigate withdrawal from
higher-risk substances such as opioids [32,66,67]. Similarly, in
line with this literature, we found terms related to harm reduction
and recovery methods across high-risk subreddits, such as test
kit, getclean, and stay safe, to be predictive of de-escalation
transitions. These findings suggested that individuals might
leverage a range of strategies and substances to manage and
reduce their substance use, a perspective aligned with harm
reduction theory.

A significant observation based on the historical behaviors was
the relatively short time span within which users tend to escalate
or de-escalate transitions to their risk levels. This novel finding
is salient for clinicians and health care providers. By
understanding these timelines, health care professionals can
proactively strategize and implement interventions tailored to
these predictive timelines. In addition, providing individuals
with insights about the potential expectations can serve as a
form of preventative care, making them aware of the potential
risks and the rapidity with which transitions can occur. Our
study underscored the significant potential of using machine
learning and deep learning models, specifically BERT and
RoBERTa, in understanding and predicting substance use
transitions. The models, leveraging deep learning techniques,
outperformed the traditional logistic regression model, indicating
their effectiveness in capturing and learning from the complex
language patterns found in substance use–related discussions.
Furthermore, our findings emphasized the value of linguistic
features as predictors of risk escalation and de-escalation
transitions. This suggested that individuals’ narratives and
discussions around their experiences, including their feelings
and perceptions, could provide important clues about their
trajectory of substance use. Interestingly, the prevalence of
time-related terms among salient features in de-escalating
transitions suggested the potential role of timing in substance
use management. These findings highlight the need for timely
interventions, which could potentially alter an individual’s
substance use trajectory if the associated language patterns were
detected early.

This study marks an initial step in understanding the role of
social media data in substance use research, advocating for

cautious interpretation and deeper investigation. By
understanding the patterns of language use, more effective
policies and therapeutic interventions could be designed to
address substance use disorders. Policy makers could
specifically use these findings to develop more complex and
all-encompassing approaches to manage substance use disorders
at both the individual and community levels, specifically taking
into consideration the prevention approaches among youth as
well as treatments that address polysubstance use. However,
we should proceed cautiously when considering how to apply
these discoveries. While our work shows that machine learning
and deep learning models could be used to predict progressions
of substance use, they should not be used in isolation. A
thorough, multifaceted approach to addressing substance use
disorders is required due to human behavior’s complexity and
individual experiences’differences. Consequently, these models
should serve as one tool among many, contributing to a better
understanding of substance use patterns that could inform more
effective intervention strategies.

Limitations and Future Work
We note that our study has some limitations, some of which
might suggest future research. This study is limited by selection
biases. We have gathered historical data only from individuals
who were active on a certain number of substance-related
subreddits. For example, some Reddit users might stop using
web-based communities to discuss substance-related experiences
or seek suggestions. This is especially true, considering the
stigma and discrimination experienced by individuals with
substance use disorders. The selection biases in our study are
also compounded by an uneven distribution of Reddit users
across different risk levels, as well as a large number of
marijuana-related subreddits in risk level 2. These imbalances
may reflect a nonrepresentative sample of the broader
population, further skewing our results and influencing the
likelihood of associations between marijuana-related discourse
and escalation transitions. Thus, our observations might not be
generalizable to other web-based communities or
population-level trends.

It is important to note that our study adopts a broad definition
of risk transitions. We cannot claim that the transitions in which
a Reddit user begins posts and comments in different risk level
subreddits directly correspond to clinical substance–using status.
The predictors and linguistic cues that we have identified are
preliminary and require further validation within a clinical
setting. Our approach, while informative, cannot be directly
translated into definitive assessments of substance use disorders.
Future research has the potential to merge these insights with
clinically validated assessments and social media data. Our
method of modeling transitions might not fully capture the
long-term fluctuating escalating or de-escalating behaviors of
individuals. It highlights the need for more nuanced
methodologies that can accurately reflect the dynamic and
potentially fluctuating nature of substance use behavior over
time. By doing so, a more comprehensive and generalizable
understanding could be developed, providing deeper insights
into substance misuse prevention, harm reduction, and recovery
strategies.
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In addition, our study’s approach to assigning majority labels
within time bins based on the most frequent risk level presents
a limitation. By focusing solely on the frequency of
engagements, this method may overlook critical but less frequent
high-risk interactions, potentially misrepresenting a user’s actual
risk exposure. For instance, an individual’s occasional but
significant high-risk activity within a predominantly low-risk
engagement period could be overshadowed by the majority
labeling process. Despite this limitation, it is important to
underscore that our approach remains exploratory and holds
significant value. It provides a foundational understanding of
user trajectories in substance-related subreddit activities and
offers a novel perspective on risk engagement over time. Future
research might benefit from exploring methodologies that better
capture the complexity of web-based behaviors, ensuring a more
accurate depiction of risk levels in substance-related subreddit
activities.

We highlight the limitation of the temporal restriction of our
data set. The Reddit data that we used were collected from
Google BigQuery spanning from 2015 to 2019. In recent years,
collecting such data has become increasingly restricted due to
rising privacy concerns and the evolving landscape of data

protection regulations. As a consequence, researchers are often
constrained to working with historical data when aiming to
extract insights from such platforms. This limitation introduces
the potential for outdated linguistic and behavioral references
in our data set. As web-based communities and their dynamics
evolve rapidly, it is possible that patterns and behaviors from
2015 to 2019 do not accurately reflect the current situation.
Future studies aiming to capture a more contemporary
perspective might need to explore alternative data sources that
comply with current privacy standards and ethical policies.

Conclusions
In conclusion, this study successfully used machine and deep
learning models to predict future risk transitions in substance
use, leveraging a rich longitudinal data set from Reddit. The
fine-tuned BERT and RoBERTa models notably outperformed
logistic regression models in predicting risk escalation and
de-escalation transitions, with specific n-gram features playing
a pivotal role in these predictions. Highlighting the critical role
of language patterns in understanding substance use trajectories,
the findings open avenues for future research, particularly in
developing these methods with social media data to inform
potential interventions in substance use behaviors.

Acknowledgments
The authors thank Kevin Davet and Nina Kaiser for their contributions to coding the Reddit data and developing the code book,
which were essential to the success of this research. The valuable assistance of Sanjana Garg is also acknowledged. The authors
appreciate the computational resources provided by the Aalto Science-IT project. This work was partially supported by a grant
from the National Institute of Mental Health (R01MH117172) with MDC as the principal investigator and funds from the Centers
from Disease Control and Prevention. The content herein is the sole responsibility of the authors and does not necessarily represent
the official views of the sponsors. The National Institute on Drug Abuse (grant: K02 DA043657) also provided partial funding
for this work. The authors would like to thank the members of the Social Dynamics and Well-Being Lab at Georgia Tech for
their feedback on early iterations of the research.

Conflicts of Interest
PCR is a consultant for Rissana, LLC, and PredictView.

Multimedia Appendix 1
Classification of subreddits by risk level with examples and definitions.
[DOCX File , 22 KB-Multimedia Appendix 1]

References

1. Drug overdose death rates. National Institute on Drug Abuse. Jun 30, 2023. URL: https://nida.nih.gov/research-topics/
trends-statistics/overdose-death-rates [accessed 2023-11-03]

2. Kandel DB. Examining the gateway hypothesis: stages and pathways of drug involvement. In: Kandel DB, editor. Stages
and Pathways of Drug Involvement: Examining the Gateway Hypothesis. Cambridge, UK. Cambridge University Press;
2002;3-15.

3. Degenhardt L, Dierker L, Chiu WT, Medina-Mora ME, Neumark Y, Sampson N, et al. Evaluating the drug use "gateway"
theory using cross-national data: consistency and associations of the order of initiation of drug use among participants in
the WHO World Mental Health Surveys. Drug Alcohol Depend. Apr 01, 2010;108(1-2):84-97. [FREE Full text] [doi:
10.1016/j.drugalcdep.2009.12.001] [Medline: 20060657]

4. DuPont RL, Han B, Shea CL, Madras BK. Drug use among youth: national survey data support a common liability of all
drug use. Prev Med. Aug 2018;113:68-73. [doi: 10.1016/j.ypmed.2018.05.015] [Medline: 29758306]

5. Rebellon CJ, Van Gundy K. Can social psychological delinquency theory explain the link between marijuana and other
illicit drug use? A longitudinal analysis of the gateway hypothesis. J Drug Issues. Aug 03, 2016;36(3):515-539. [doi:
10.1177/002204260603600302]

JMIR Form Res 2024 | vol. 8 | e54433 | p. 15https://formative.jmir.org/2024/1/e54433
(page number not for citation purposes)

Yuan et alJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=formative_v8i1e54433_app1.docx&filename=60806a2cd999c1f7e793cd69ca19acbf.docx
https://jmir.org/api/download?alt_name=formative_v8i1e54433_app1.docx&filename=60806a2cd999c1f7e793cd69ca19acbf.docx
https://nida.nih.gov/research-topics/trends-statistics/overdose-death-rates
https://nida.nih.gov/research-topics/trends-statistics/overdose-death-rates
https://europepmc.org/abstract/MED/20060657
http://dx.doi.org/10.1016/j.drugalcdep.2009.12.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20060657&dopt=Abstract
http://dx.doi.org/10.1016/j.ypmed.2018.05.015
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29758306&dopt=Abstract
http://dx.doi.org/10.1177/002204260603600302
http://www.w3.org/Style/XSL
http://www.renderx.com/


6. Is marijuana a gateway drug? National Institute on Drug Abuse. URL: https://nida.nih.gov/publications/research-reports/
marijuana/marijuana-gateway-drug [accessed 2024-04-05]

7. Kandel DB. Stages and Pathways of Drug Involvement: Examining the Gateway Hypothesis. Cambridge, UK. Cambridge
University Press; 2002.

8. Kandel D, Yamaguchi K. From beer to crack: developmental patterns of drug involvement. Am J Public Health. Jun
1993;83(6):851-855. [doi: 10.2105/ajph.83.6.851] [Medline: 8498623]

9. Nkansah-Amankra S, Minelli M. "Gateway hypothesis" and early drug use: additional findings from tracking a
population-based sample of adolescents to adulthood. Prev Med Rep. Dec 2016;4:134-141. [FREE Full text] [doi:
10.1016/j.pmedr.2016.05.003] [Medline: 27413674]

10. McCarthy J. One in eight U.S. adults say they smoke marijuana. Gallup Poll News Service. 2016. URL: https://tinyurl.com/
mrhacwe9 [accessed 2023-11-03]

11. Saha K, Seybolt J, Mattingly SM, Aledavood T, Konjeti C, Martinez GJ, et al. What life events are disclosed on social
media, how, when, and by whom? In: Proceedings of the 2021 CHI Conference on Human Factors in Computing Systems.
2021. Presented at: CHI '21; May 8-13, 2021;1-22; Yokohama, Japan. URL: https://dl.acm.org/doi/10.1145/3411764.
3445405 [doi: 10.1145/3411764.3445405]

12. Andalibi N, Forte A. Announcing pregnancy loss on Facebook: a decision-making framework for stigmatized disclosures
on identified social network sites. In: Proceedings of the 2018 CHI Conference on Human Factors in Computing Systems.
2018. Presented at: CHI '18; April 21-26, 2018;1-14; Montreal, QC. URL: https://dl.acm.org/doi/10.1145/3173574.3173732
[doi: 10.1145/3173574.3173732]

13. Yuan Y, Saha K, Keller B, Isometsä ET, Aledavood T. Mental health coping stories on social media: a causal-inference
study of Papageno effect. In: Proceedings of the 2023 ACM Web Conference. 2023. Presented at: WWW '23; April 30-May
4, 2023;2677-2685; Austin, TX. URL: https://dl.acm.org/doi/10.1145/3543507.3583350 [doi: 10.1145/3543507.3583350]

14. Bunting AM, Frank D, Arshonsky J, Bragg MA, Friedman SR, Krawczyk N. Socially-supportive norms and mutual aid of
people who use opioids: an analysis of Reddit during the initial COVID-19 pandemic. Drug Alcohol Depend. May 01,
2021;222:108672. [FREE Full text] [doi: 10.1016/j.drugalcdep.2021.108672] [Medline: 33757708]

15. Kim SJ, Marsch LA, Hancock JT, Das AK. Scaling up research on drug abuse and addiction through social media big data.
J Med Internet Res. Oct 31, 2017;19(10):e353. [FREE Full text] [doi: 10.2196/jmir.6426] [Medline: 29089287]

16. Dwoskin E. Instagram has a drug problem. Its algorithms make it worse. The Washington Post. URL: https://tinyurl.com/
3d4b5yjv [accessed 2018-09-25]

17. Balsamo D, Bajardi P, De Francisci Morales G, Monti C, Schifanella R. The pursuit of peer support for opioid use recovery
on reddit. Proc Int AAAI Conf Weblogs Soc Media. Jun 02, 2023;17:12-23. [doi: 10.1609/icwsm.v17i1.22122]

18. Kasson E, Filiatreau LM, Davet K, Kaiser N, Sirko G, Bekele M, et al. Examining symptoms of stimulant misuse and
community support among members of a recovery-oriented online community. J Psychoactive Drugs. Jun 29, 2023.:1-11.
[doi: 10.1080/02791072.2023.2228781] [Medline: 37381990]

19. D'Agostino AR, Optican AR, Sowles SJ, Krauss MJ, Escobar Lee K, Cavazos-Rehg PA. Social networking online to recover
from opioid use disorder: a study of community interactions. Drug Alcohol Depend. Dec 01, 2017;181:5-10. [FREE Full
text] [doi: 10.1016/j.drugalcdep.2017.09.010] [Medline: 29024875]

20. Zhou Z, Hultgren KE. Complementing the US Food and Drug Administration adverse event reporting system with adverse
drug reaction reporting from social media: comparative analysis. JMIR Public Health Surveill. Sep 30, 2020;6(3):e19266.
[FREE Full text] [doi: 10.2196/19266] [Medline: 32996889]

21. Li Y, Jimeno Yepes A, Xiao C. Combining social media and FDA adverse event reporting system to detect adverse drug
reactions. Drug Saf. Sep 08, 2020;43(9):893-903. [FREE Full text] [doi: 10.1007/s40264-020-00943-2] [Medline: 32385840]

22. Nasralah T, El-Gayar O, Wang Y. Social media text mining framework for drug abuse: development and validation study
with an opioid crisis case analysis. J Med Internet Res. Aug 13, 2020;22(8):e18350. [FREE Full text] [doi: 10.2196/18350]
[Medline: 32788147]

23. Kasson E, Filiatreau LM, Kaiser N, Davet K, Taylor J, Garg S, et al. Using social media to examine themes surrounding
fentanyl misuse and risk indicators. Subst Use Misuse. Apr 05, 2023;58(7):920-929. [doi: 10.1080/10826084.2023.2196574]
[Medline: 37021375]

24. Simpson SS, Adams N, Brugman CM, Conners TJ. Detecting novel and emerging drug terms using natural language
processing: a social media corpus study. JMIR Public Health Surveill. Jan 08, 2018;4(1):e2. [FREE Full text] [doi:
10.2196/publichealth.7726] [Medline: 29311050]

25. Lu J, Sridhar S, Pandey R, Hasan MA, Mohler G. Investigate transitions into drug addiction through text mining of reddit
data. In: Proceedings of the 25th ACM SIGKDD International Conference on Knowledge Discovery & Data Mining. 2019.
Presented at: KDD '19; August 4-8, 2019;2367-2375; Anchorage, AK. URL: https://dl.acm.org/doi/10.1145/3292500.
3330737 [doi: 10.1145/3292500.3330737]

26. Balsamo D, Bajardi P, Panisson A. Firsthand opiates abuse on social media: monitoring geospatial patterns of interest
through a digital cohort. In: Proceedings of the 2019 World Wide Web Conference. 2019. Presented at: WWW '19; May
13-17, 2019;2572-2579; San Francisco, CA. URL: https://dl.acm.org/doi/10.1145/3308558.3313634 [doi:
10.1145/3308558.3313634]

JMIR Form Res 2024 | vol. 8 | e54433 | p. 16https://formative.jmir.org/2024/1/e54433
(page number not for citation purposes)

Yuan et alJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

https://nida.nih.gov/publications/research-reports/marijuana/marijuana-gateway-drug
https://nida.nih.gov/publications/research-reports/marijuana/marijuana-gateway-drug
http://dx.doi.org/10.2105/ajph.83.6.851
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=8498623&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2211-3355(16)30033-X
http://dx.doi.org/10.1016/j.pmedr.2016.05.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27413674&dopt=Abstract
https://tinyurl.com/mrhacwe9
https://tinyurl.com/mrhacwe9
https://dl.acm.org/doi/10.1145/3411764.3445405
https://dl.acm.org/doi/10.1145/3411764.3445405
http://dx.doi.org/10.1145/3411764.3445405
https://dl.acm.org/doi/10.1145/3173574.3173732
http://dx.doi.org/10.1145/3173574.3173732
https://dl.acm.org/doi/10.1145/3543507.3583350
http://dx.doi.org/10.1145/3543507.3583350
https://europepmc.org/abstract/MED/33757708
http://dx.doi.org/10.1016/j.drugalcdep.2021.108672
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33757708&dopt=Abstract
https://www.jmir.org/2017/10/e353/
http://dx.doi.org/10.2196/jmir.6426
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29089287&dopt=Abstract
https://tinyurl.com/3d4b5yjv
https://tinyurl.com/3d4b5yjv
http://dx.doi.org/10.1609/icwsm.v17i1.22122
http://dx.doi.org/10.1080/02791072.2023.2228781
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37381990&dopt=Abstract
https://europepmc.org/abstract/MED/29024875
https://europepmc.org/abstract/MED/29024875
http://dx.doi.org/10.1016/j.drugalcdep.2017.09.010
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29024875&dopt=Abstract
https://publichealth.jmir.org/2020/3/e19266/
http://dx.doi.org/10.2196/19266
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32996889&dopt=Abstract
https://europepmc.org/abstract/MED/32385840
http://dx.doi.org/10.1007/s40264-020-00943-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32385840&dopt=Abstract
https://www.jmir.org/2020/8/e18350/
http://dx.doi.org/10.2196/18350
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32788147&dopt=Abstract
http://dx.doi.org/10.1080/10826084.2023.2196574
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37021375&dopt=Abstract
https://publichealth.jmir.org/2018/1/e2/
http://dx.doi.org/10.2196/publichealth.7726
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29311050&dopt=Abstract
https://dl.acm.org/doi/10.1145/3292500.3330737
https://dl.acm.org/doi/10.1145/3292500.3330737
http://dx.doi.org/10.1145/3292500.3330737
https://dl.acm.org/doi/10.1145/3308558.3313634
http://dx.doi.org/10.1145/3308558.3313634
http://www.w3.org/Style/XSL
http://www.renderx.com/


27. Balsamo D, Bajardi P, Salomone A, Schifanella R. Patterns of routes of administration and drug tampering for nonmedical
opioid consumption: data mining and content analysis of reddit discussions. J Med Internet Res. Jan 04, 2021;23(1):e21212.
[FREE Full text] [doi: 10.2196/21212] [Medline: 33393910]

28. Chancellor S, Nitzburg G, Hu A, Zampieri F, De Choudhury M. Discovering alternative treatments for opioid use recovery
using social media. In: Proceedings of the 2019 CHI Conference on Human Factors in Computing Systems. 2019. Presented
at: CHI '19; May 4-9, 2019;1-15; New York, NY. URL: https://dl.acm.org/doi/10.1145/3290605.3300354 [doi:
10.1145/3290605.3300354]

29. Garg S, Taylor J, El Sherief M, Kasson E, Aledavood T, Riordan R, et al. Detecting risk level in individuals misusing
fentanyl utilizing posts from an online community on Reddit. Internet Interv. Dec 2021;26:100467. [FREE Full text] [doi:
10.1016/j.invent.2021.100467] [Medline: 34804810]

30. Chi Y, Chen HY. Investigating substance use via Reddit: systematic scoping review. J Med Internet Res. Oct 25,
2023;25:e48905. [FREE Full text] [doi: 10.2196/48905] [Medline: 37878361]

31. Jangra H, Shah R, Kumaraguru P. Effect of feedback on drug consumption disclosures on social media. Proc Int AAAI
Conf Weblogs Soc Media. Jun 02, 2023;17:435-446. [doi: 10.1609/icwsm.v17i1.22158]

32. De Aquino JP, Bahji A, Gómez O, Sofuoglu M. Alleviation of opioid withdrawal by cannabis and
delta-9-tetrahydrocannabinol: a systematic review of observational and experimental human studies. Drug Alcohol Depend.
Dec 01, 2022;241:109702. [FREE Full text] [doi: 10.1016/j.drugalcdep.2022.109702] [Medline: 36434879]

33. van Amsterdam J, Opperhuizen A, Koeter M, van den Brink W. Ranking the harm of alcohol, tobacco and illicit drugs for
the individual and the population. Eur Addict Res. Jul 2, 2010;16(4):202-207. [doi: 10.1159/000317249] [Medline: 20606445]

34. Kandel D, Faust R. Sequence and stages in patterns of adolescent drug use. Arch Gen Psychiatry. Jul 01, 1975;32(7):923-932.
[doi: 10.1001/archpsyc.1975.01760250115013] [Medline: 1156108]

35. Yamaguchi K, Kandel DB. Patterns of drug use from adolescence to young adulthood: III. Predictors of progression. Am
J Public Health. Jul 1984;74(7):673-681. [doi: 10.2105/ajph.74.7.673] [Medline: 6742253]

36. ElSherief M, Sumner SA, Jones CM, Law RK, Kacha-Ochana A, Shieber L, et al. Characterizing and identifying the
prevalence of web-based misinformation relating to medication for opioid use disorder: machine learning approach. J Med
Internet Res. Dec 22, 2021;23(12):e30753. [FREE Full text] [doi: 10.2196/30753] [Medline: 34941555]

37. Bisong E. Building Machine Learning and Deep Learning Models on Google Cloud Platform: A Comprehensive Guide
for Beginners. Berkeley, CA. Apress; 2019.

38. Saha K, Torous J, Kiciman E, De Choudhury M. Understanding side effects of antidepressants: large-scale longitudinal
study on social media data. JMIR Ment Health. Mar 19, 2021;8(3):e26589. [FREE Full text] [doi: 10.2196/26589] [Medline:
33739296]

39. Saha K, Sugar B, Torous J, Abrahao B, Kıcıman E, De Choudhury M. A social media study on the effects of psychiatric
medication use. Proc Int AAAI Conf Weblogs Soc Media. Jul 06, 2019;13:440-451. [doi: 10.1609/icwsm.v13i01.3242]

40. Scheier LM, Griffin KW. Youth marijuana use: a review of causes and consequences. Curr Opin Psychol. Apr 2021;38:11-18.
[doi: 10.1016/j.copsyc.2020.06.007] [Medline: 32653770]

41. Baggio S, Deline S, Studer J, Mohler-Kuo M, Daeppen JB, Gmel G. Routes of administration of cannabis used for nonmedical
purposes and associations with patterns of drug use. J Adolesc Health. Feb 2014;54(2):235-240. [FREE Full text] [doi:
10.1016/j.jadohealth.2013.08.013] [Medline: 24119417]

42. Edinoff AN, Sall S, Beckman SP, Koepnick AD, Gold LC, Jackson ED, et al. Tianeptine, an antidepressant with opioid
agonist effects: pharmacology and abuse potential, a narrative review. Pain Ther. Oct 2023;12(5):1121-1134. [FREE Full
text] [doi: 10.1007/s40122-023-00539-5] [Medline: 37453966]

43. Aday JS, Mitzkovitz CM, Bloesch EK, Davoli CC, Davis AK. Long-term effects of psychedelic drugs: a systematic review.
Neurosci Biobehav Rev. Jun 2020;113:179-189. [doi: 10.1016/j.neubiorev.2020.03.017] [Medline: 32194129]

44. Simonsson O, Goldberg SB, Chambers R, Osika W, Simonsson C, Hendricks PS. Psychedelic use and psychiatric risks.
Psychopharmacology (Berl) (forthcoming). Oct 24, 2023. [doi: 10.1007/s00213-023-06478-5] [Medline: 37874345]

45. Jones G, Ricard JA, Lipson J, Nock MK. Associations between classic psychedelics and opioid use disorder in a
nationally-representative U.S. adult sample. Sci Rep. Apr 07, 2022;12(1):4099. [FREE Full text] [doi:
10.1038/s41598-022-08085-4] [Medline: 35393455]

46. Gomes T, Tadrous M, Mamdani MM, Paterson JM, Juurlink DN. The burden of opioid-related mortality in the United
States. JAMA Netw Open. Jun 01, 2018;1(2):e180217. [FREE Full text] [doi: 10.1001/jamanetworkopen.2018.0217]
[Medline: 30646062]

47. Lyons RM, Yule AM, Schiff D, Bagley SM, Wilens TE. Risk factors for drug overdose in young people: a systematic
review of the literature. J Child Adolesc Psychopharmacol. Aug 2019;29(7):487-497. [FREE Full text] [doi:
10.1089/cap.2019.0013] [Medline: 31246496]

48. Duhart Clarke SE, Kral AH, Zibbell JE. Consuming illicit opioids during a drug overdose epidemic: illicit fentanyls, drug
discernment, and the radical transformation of the illicit opioid market. Int J Drug Policy. Jan 2022;99:103467. [FREE Full
text] [doi: 10.1016/j.drugpo.2021.103467] [Medline: 34662847]

49. High risk substance use in youth. Centers for Disease Control and Prevention. URL: https://www.cdc.gov/healthyyouth/
substance-use/index.htm [accessed 2024-02-29]

JMIR Form Res 2024 | vol. 8 | e54433 | p. 17https://formative.jmir.org/2024/1/e54433
(page number not for citation purposes)

Yuan et alJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

http://hdl.handle.net/2318/1768936
http://dx.doi.org/10.2196/21212
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33393910&dopt=Abstract
https://dl.acm.org/doi/10.1145/3290605.3300354
http://dx.doi.org/10.1145/3290605.3300354
https://linkinghub.elsevier.com/retrieve/pii/S2214-7829(21)00107-X
http://dx.doi.org/10.1016/j.invent.2021.100467
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34804810&dopt=Abstract
https://www.jmir.org/2023//e48905/
http://dx.doi.org/10.2196/48905
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37878361&dopt=Abstract
http://dx.doi.org/10.1609/icwsm.v17i1.22158
https://europepmc.org/abstract/MED/36434879
http://dx.doi.org/10.1016/j.drugalcdep.2022.109702
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36434879&dopt=Abstract
http://dx.doi.org/10.1159/000317249
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20606445&dopt=Abstract
http://dx.doi.org/10.1001/archpsyc.1975.01760250115013
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=1156108&dopt=Abstract
http://dx.doi.org/10.2105/ajph.74.7.673
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=6742253&dopt=Abstract
https://www.jmir.org/2021/12/e30753/
http://dx.doi.org/10.2196/30753
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34941555&dopt=Abstract
https://mental.jmir.org/2021/3/e26589/
http://dx.doi.org/10.2196/26589
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33739296&dopt=Abstract
http://dx.doi.org/10.1609/icwsm.v13i01.3242
http://dx.doi.org/10.1016/j.copsyc.2020.06.007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32653770&dopt=Abstract
https://serval.unil.ch/notice/serval:BIB_2EDE64479FCE
http://dx.doi.org/10.1016/j.jadohealth.2013.08.013
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24119417&dopt=Abstract
https://europepmc.org/abstract/MED/37453966
https://europepmc.org/abstract/MED/37453966
http://dx.doi.org/10.1007/s40122-023-00539-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37453966&dopt=Abstract
http://dx.doi.org/10.1016/j.neubiorev.2020.03.017
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32194129&dopt=Abstract
http://dx.doi.org/10.1007/s00213-023-06478-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37874345&dopt=Abstract
https://doi.org/10.1038/s41598-022-08085-4
http://dx.doi.org/10.1038/s41598-022-08085-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35393455&dopt=Abstract
https://europepmc.org/abstract/MED/30646062
http://dx.doi.org/10.1001/jamanetworkopen.2018.0217
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30646062&dopt=Abstract
https://europepmc.org/abstract/MED/31246496
http://dx.doi.org/10.1089/cap.2019.0013
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31246496&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0955-3959(21)00372-8
https://linkinghub.elsevier.com/retrieve/pii/S0955-3959(21)00372-8
http://dx.doi.org/10.1016/j.drugpo.2021.103467
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34662847&dopt=Abstract
https://www.cdc.gov/healthyyouth/substance-use/index.htm
https://www.cdc.gov/healthyyouth/substance-use/index.htm
http://www.w3.org/Style/XSL
http://www.renderx.com/


50. Wolf T, Debut L, Sanh V, Chaumond J, Delangue C, Moi A, et al. Transformers: state-of-the-art natural language processing.
In: Proceedings of the 2020 Conference on Empirical Methods in Natural Language Processing: System Demonstrations.
2020. Presented at: EMNLP '20; November 16-20, 2020;38-45; Punta Cana, Dominican Republic. URL: https://aclanthology.
org/2020.emnlp-demos.6.pdf [doi: 10.18653/v1/2020.emnlp-demos.6]

51. Devlin J, Chang MW, Lee K, Toutanova K. BERT: pre-training of deep bidirectional transformers for language understanding.
arXiv. 2018. Preprint posted online October 11, 2018 . [FREE Full text]

52. Liu Y, Ott M, Goyal N, Du J, Joshi M, Chen D, et al. RoBERTa: a robustly optimized BERT pretraining approach. arXiv.
Preprint posted online on July 26, 2019. [FREE Full text]

53. Coppersmith G, Leary R, Crutchley P, Fine A. Natural language processing of social media as screening for suicide risk.
Biomed Inform Insights. Aug 27, 2018;10:1178222618792860. [FREE Full text] [doi: 10.1177/1178222618792860]
[Medline: 30158822]

54. De Choudhury M, Kiciman E, Dredze M, Coppersmith G, Kumar M. Discovering shifts to suicidal ideation from mental
health content in social media. Proc SIGCHI Conf Hum Factor Comput Syst. May 2016;2016:2098-2110. [FREE Full text]
[doi: 10.1145/2858036.2858207] [Medline: 29082385]

55. Tausczik YR, Pennebaker JW. The psychological meaning of words: LIWC and computerized text analysis methods. J
Lang Soc Psychol. Dec 08, 2009;29(1):24-54. [doi: 10.1177/0261927X09351676]

56. Coppersmith G, Ngo K, Leary R, Wood A. Exploratory analysis of social media prior to a suicide attempt. In: Proceedings
of the 3rd Workshop on Computational Linguistics and Clinical Psychology. 2016. Presented at: CLPsych '16; June 16,
2016;106-117; San Diego, CA. URL: https://aclanthology.org/W16-0311.pdf [doi: 10.18653/v1/w16-0311]

57. Schwartz HA, Eichstaedt JC, Kern ML, Dziurzynski L, Ramones SM, Agrawal M, et al. Personality, gender, and age in
the language of social media: the open-vocabulary approach. PLoS One. 2013;8(9):e73791. [FREE Full text] [doi:
10.1371/journal.pone.0073791] [Medline: 24086296]

58. Toutanova K, Klein D, Manning CD, Singer Y. Feature-rich part-of-speech tagging with a cyclic dependency network. In:
Proceedings of the 2003 Conference of the North American Chapter of the Association for Computational Linguistics on
Human Language Technology - Volume 1. 2003. Presented at: NAACL '03; May 27-June 1, 2003;173-180; Edmonton,
AB. URL: https://dl.acm.org/doi/10.3115/1073445.1073478 [doi: 10.3115/1073445.1073478]

59. Ji S, Zhang T, Ansari L, Fu J, Tiwari P, Cambria E. MentalBERT: publicly available pretrained language models for mental
healthcare. arXiv. Preprint posted online on December 29, 2021. [FREE Full text]

60. Kim M, Saha K, De Choudhury M, Choi D. Supporters first: understanding online social support on mental health from a
supporter perspective. Proc ACM Hum Comput Interact. Apr 16, 2023;7(CSCW1):1-28. [doi: 10.1145/3579525]

61. Choi M, Aiello LM, Varga KZ, Quercia D. Ten social dimensions of conversations and relationships. In: Proceedings of
the 2020 Web Conference. 2020. Presented at: WWW '20; April 20-24, 2020;1514-1525; Taipei, Taiwan. URL: https:/
/tinyurl.com/mrxtwk2r [doi: 10.1145/3366423.3380224]

62. Eisenstein J, Ahmed A, Xing EP. Sparse additive generative models of text. In: Proceedings of the 28th International
Conference on Machine Learning. 2011. Presented at: ICML '11; June 8-July 2, 2011;1-8; Bellevue, WA. URL: https:/
/www.cs.cmu.edu/~epxing/papers/2011/Eisenstein_Ahmed_Xing_ICML11.pdf

63. Kim J, Lee J, Park E, Han J. A deep learning model for detecting mental illness from user content on social media. Sci Rep.
Jul 16, 2020;10(1):11846. [FREE Full text] [doi: 10.1038/s41598-020-68764-y] [Medline: 32678250]

64. Liu D, Feng XL, Ahmed F, Shahid M, Guo J. Detecting and measuring depression on social media using a machine learning
approach: systematic review. JMIR Ment Health. Mar 01, 2022;9(3):e27244. [FREE Full text] [doi: 10.2196/27244]
[Medline: 35230252]

65. Linardatos P, Papastefanopoulos V, Kotsiantis S. Explainable AI: a review of machine learning interpretability methods.
Entropy (Basel). Dec 25, 2020;23(1):18. [FREE Full text] [doi: 10.3390/e23010018] [Medline: 33375658]

66. Smith KE, Rogers JM, Schriefer D, Grundmann O. Therapeutic benefit with caveats?: Analyzing social media data to
understand the complexities of kratom use. Drug Alcohol Depend. Sep 01, 2021;226:108879. [FREE Full text] [doi:
10.1016/j.drugalcdep.2021.108879] [Medline: 34216869]

67. Chancellor S, Mitra T, De Choudhury M. Recovery amid pro-anorexia: analysis of recovery in social media. Proc SIGCHI
Conf Hum Factor Comput Syst. May 2016;2016:2111-2123. [FREE Full text] [doi: 10.1145/2858036.2858246] [Medline:
28840201]

Abbreviations
ATT: average transition time
BERT: Bidirectional encoder representations from transformers
LIWC: Linguistic Inquiry and Word Count
RoBERTa: Robustly Optimized Bidirectional Encoder Representations from Transformers Approach
RQ: research question
SAGE: Sparse Additive Generative Model

JMIR Form Res 2024 | vol. 8 | e54433 | p. 18https://formative.jmir.org/2024/1/e54433
(page number not for citation purposes)

Yuan et alJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

https://aclanthology.org/2020.emnlp-demos.6.pdf
https://aclanthology.org/2020.emnlp-demos.6.pdf
http://dx.doi.org/10.18653/v1/2020.emnlp-demos.6
http://arxiv.org/abs/1810.04805
http://arxiv.org/abs/1907.11692
https://journals.sagepub.com/doi/10.1177/1178222618792860?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/1178222618792860
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30158822&dopt=Abstract
https://europepmc.org/abstract/MED/29082385
http://dx.doi.org/10.1145/2858036.2858207
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29082385&dopt=Abstract
http://dx.doi.org/10.1177/0261927X09351676
https://aclanthology.org/W16-0311.pdf
http://dx.doi.org/10.18653/v1/w16-0311
https://dx.plos.org/10.1371/journal.pone.0073791
http://dx.doi.org/10.1371/journal.pone.0073791
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24086296&dopt=Abstract
https://dl.acm.org/doi/10.3115/1073445.1073478
http://dx.doi.org/10.3115/1073445.1073478
http://arxiv.org/abs/2110.15621
http://dx.doi.org/10.1145/3579525
https://tinyurl.com/mrxtwk2r
https://tinyurl.com/mrxtwk2r
http://dx.doi.org/10.1145/3366423.3380224
https://www.cs.cmu.edu/~epxing/papers/2011/Eisenstein_Ahmed_Xing_ICML11.pdf
https://www.cs.cmu.edu/~epxing/papers/2011/Eisenstein_Ahmed_Xing_ICML11.pdf
https://doi.org/10.1038/s41598-020-68764-y
http://dx.doi.org/10.1038/s41598-020-68764-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32678250&dopt=Abstract
https://mental.jmir.org/2022/3/e27244/
http://dx.doi.org/10.2196/27244
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35230252&dopt=Abstract
https://www.mdpi.com/resolver?pii=e23010018
http://dx.doi.org/10.3390/e23010018
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33375658&dopt=Abstract
https://europepmc.org/abstract/MED/34216869
http://dx.doi.org/10.1016/j.drugalcdep.2021.108879
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34216869&dopt=Abstract
https://europepmc.org/abstract/MED/28840201
http://dx.doi.org/10.1145/2858036.2858246
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28840201&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


Edited by A Bucher; submitted 09.11.23; peer-reviewed by M Jenkins, J Chen, A Paradise Vit; comments to author 08.02.24; revised
version received 15.03.24; accepted 01.04.24; published 07.05.24

Please cite as:
Yuan Y, Kasson E, Taylor J, Cavazos-Rehg P, De Choudhury M, Aledavood T
Examining the Gateway Hypothesis and Mapping Substance Use Pathways on Social Media: Machine Learning Approach
JMIR Form Res 2024;8:e54433
URL: https://formative.jmir.org/2024/1/e54433
doi: 10.2196/54433
PMID:

©Yunhao Yuan, Erin Kasson, Jordan Taylor, Patricia Cavazos-Rehg, Munmun De Choudhury, Talayeh Aledavood. Originally
published in JMIR Formative Research (https://formative.jmir.org), 07.05.2024. This is an open-access article distributed under
the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted
use, distribution, and reproduction in any medium, provided the original work, first published in JMIR Formative Research, is
properly cited. The complete bibliographic information, a link to the original publication on https://formative.jmir.org, as well
as this copyright and license information must be included.

JMIR Form Res 2024 | vol. 8 | e54433 | p. 19https://formative.jmir.org/2024/1/e54433
(page number not for citation purposes)

Yuan et alJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

https://formative.jmir.org/2024/1/e54433
http://dx.doi.org/10.2196/54433
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

