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Introduction

The social and political climate surrounding cannabis has con-
tinued to evolve in the United States. On the November 2016
ballot, 5 states (California, Arizona, Massachusetts, Nevada,
and Maine) voted on adult-use cannabis legalization and 4
states on medical cannabis (Florida, Arkansas, Montana, and
North Dakota).! Although Arizona was the only adult-use
states not to pass their initiative, all 4 medical states approved
those measures.! With these new states, a total of 28 states and
Wiashington, DC have implemented laws that permit medical
or recreational use as of March 2017.1? Given the passing of
these state laws permitting cannabis, differences in medical,
recreational, and illicit consumption have implications for per-
sonalizing treatment and prevention programs to a wide variety
of cannabis consumers.

To date, a number of clinical and epidemiologic studies in
the United States have investigated common health conditions,
psychosocial functioning, consumption patterns, and service
utilization among cannabis users. In California, the largest
market in the United States, medical cannabis patients most
commonly report chronic pain (80%-90%).% Similar clinical
registry studies throughout the United States have also found
that 40% to 50% of medical cannabis patients report muscle
spasms, headaches, sleep problems, and anxiety.** In a study of
686 emergency department (ED) patients, cannabis-only users
were less likely than illicit drug users to have concomitant
problems such as psychiatric morbidity and low self-efficacy
for avoiding drug use in service settings.” Although some med-
ical cannabis users have demonstrated comparably lower rates
of drug problems and comorbidities than recreational users in

ED settings,® others have reported higher frequency of days,

more money spent on cannabis, and lower readiness to change
consumption patterns than illicit users.%!0

Among community samples of medical cannabis patients in
California, the vast majority also report chronic pain as well as
daily use to provide symptom relief from functional impair-
ments.!"13 Some patients also indicate a desire to participate in
free clinical services offered at dispensaries, such as psychoedu-
cation and harm reduction strategies.!* Similarly, collective and
compassion models have predominated throughout the United
States, which emphasize integration of social support, peer
counseling, harm reduction, and chronic disease management
into service delivery at dispensaries.” Federal laws, however,
preclude the ability to establish a clinical service milieu for
medical cannabis dispensaries.”®!> As such, there remains a
need for research that identifies distinguishable populations of
cannabis consumers that may not use traditional clinical ser-
vices, make regular health visits, or appear in public health sur-
veillance systems.

Over the past 10 years, a number of novel design and sam-
pling approaches have been increasingly adapted to epidemio-
logic studies involving large-scale data collection of substance
use among hard-to-reach populations. Indeed, a growing
body of research has demonstrated the feasibility in adapting
methods such as street ethnography, respondent-driven
sampling, and targeted sampling to access these hidden
populations, including people who inject drugs, nonmedical
prescription opioid users, sexual minorities, and youth who fre-
quent music festivals.!”-22 Such approaches, however, incur
great costs through rigorous screening processes and outreach
practices in disparate service and communities settings. In
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addition, considerable formative work and community mobili-
zation are necessary to identify the geographic distribution and
clustering of hidden populations.

More recently, the ongoing big data revolution has provided
innovations to streamline the collection and dissemination of
health-related data from large social media platforms such as
Twitter.232¢ In particular, several emergent computational
methods have shown great promise in reducing the many bur-
dens with collecting clinical and epidemiologic data from rep-
resentative populations who consume cannabis. As such data
would provide important insights for the public health surveil-
lance of cannabis,?”?8 this formative study extends a computa-
tional method called stochastic block modeling to identify
communities of cannabis consumers connected to a sample of
dispensary accounts on Twitter. We provide a description of
data collection and modeling procedures for the Twitter
accounts, highlight the utility of multimode content analyses to
characterize the derived blocks of consumers, and detail the
implications for population identification, intervention design,
and targeted surveillance.

Methods
Collecting Twitter data

The social media Web site Twitter is a massive social network.
On Twitter, a user connects to another user by following them.
If we take 2 example users, A and B, when user A follows user
B, user A elects into seeing user B’s public messages as soon as
they are created. This followership relationship can be modeled
using network analysis.?’ Social networks have 2 components:
nodes, which are the actors of interest in an analysis, and edges,
which are the relationships among the nodes. In this study, the
nodes are Twitter accounts of the users of interest and follow-
ership indicates an edge.

Using the Twitter REST API and scripts written in the
Python programming language,’® we collected data from a
2-hop network seeded by 6 dispensaries in Oakland. The 6
seed accounts were selected as a targeted, geographically related
sample of medical dispensary accounts we have previously vali-
dated on Twitter. A 1-hop network represents an ego network
of the accounts that follow the 6 dispensary accounts. A 2-hop
network is built of accounts that follow the accounts from the
1-hop network. This extended network provides additional
contextual information and a more comprehensive data set to
understand large networks.

After all the relevant accounts were collected, accounts that
only followed one other account in the network sample were
removed. Because this research deals with communities and
shared followers, having accounts with a single connection
adds noise to the block model. This stage removed 75% of the
accounts we had collected in the original 2-hop network. With
this final set of accounts with multiple following links in our
network, we then made another request to the Twitter API to
collect the user information for each of these accounts. This

Table 1. Twitter account collection details.

COLLECTION STAGE CHANGE CUMULATIVE
ACCOUNTS
Seed accounts (dispensaries) 6 6
1 hop 2514 2520
2 hop 9297351 9299871
Remove single-follower accounts ~ -7099047 2200824
Remove protected accounts -1782 2199042
Final count 2199042

request returns data such as friend counts, follower counts,
account creation date, and other metrics that are helpful in
characterizing the Twitter accounts. At this stage, we also
removed protected accounts for which the Twitter API returns
no user information.

A summary of the number of accounts collected and filtered
out at each stage is presented in Table 1.

The final result of this stage is a network of almost 2.2 mil-
lion nodes and their associated followership relationships. We
use these data to model community structure in the next step.

Inferring network structure with stochastic block

modeling

Understanding the structure of a network is one of the key
tasks undertaken in network analysis. One way of understand-
ing structure is to look at groups or clusters of nodes, typically
called communities. More specifically, a community is a group
of nodes that are more densely connected with intracommunity
nodes than other nodes in the network.3! This type of analysis
is especially critical to understanding large networks, as com-
munities provide aggregate levels of analysis for examining
individual nodes across entire networks. For the purposes of
this study, we focus on the potential of Twitter data to uncover
hidden populations of cannabis consumers and examine their
network structure.

The process of finding distinguishable groups or clusters of
nodes in networks is called community detection. One com-
mon community detection algorithm, the Louvain method,
uses modularity to assess the presence of modules or communi-
ties and as a function to optimize in unsupervised learning
algorithms.3233 Although our conceptual approach to commu-
nity detection broadly resembles this method, we use nonpara-
metric probabilistic models that optimize for statistical
likelihood rather than a specific community function.

Nonparametric probabilistic models have recently emerged
as a robust methodology for understanding network struc-
ture.3* Recent studies have shown that generative models are
also able to find network structure outside of the typical modu-
lar community structure, including graphs that may have
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Table 2. Oakland dispensaries (seed accounts)—basic Twitter statistics.

SCREEN NAME NAME ACCOUNT CREATED FOLLOWERS FRIENDS TWEETS
OCP_info OakCommunityPartners June 12, 2012 142 164 251
7STARSHHC 7 Stars HHC September 5, 2012 210 103 110
BlumOakland Blum Oakland October 29, 2012 895 5 178
OaklandOrganics Oakland Organics April 11, 2013 525 169 575
magnoliaoakland Magnolia Oakland September 11, 2013 992 379 5112
PhytologieWell Phytologie Oakland November 22, 2013 532 383 864

different network structures (eg, bipartite, core-periphery).®
Instead of finding community structure with an algorithm that
optimizes a modularity function, probabilistic models optimize
the likelihood of several possible models, including community
structure and then outputs the specific model with the highest
likelihood given the data.’»3 For this type of inference, we
need 2 components: the data themselves and a generative
model of networks that incorporates communities of nodes in
its definition.

A standard stochastic block model is a generative probabilis-
tic model for networks that tends to produce community struc-
ture. The output of this model gives an assignment of a block, or
community, for each node. For this study, we specify a hierarchi-
cal stochastic block model, which allows us to aggregate more
granular, lower level blocks into larger, higher level blocks. To do
this, we create a meta-graph, where each node is a block and an
edge is the number of nodes that is connected between blocks.
With this graph, one can again build a model that finds blocks
given the network structure, except this time they are blocks of
blocks themselves. This pattern can continue until the entire
network falls under one block. Each tier, and corresponding
block assignments, of this hierarchical model is called a level.

Coding of blocks

Hierarchical stochastic block models identify groups of nodes
that form communities, all of which can be further character-
ized. To describe the communities derived from the model, we
conducted multimode content analysis of the Twitter accounts
to classify the blocks.?® This involved a close inspection of
blocks with inductive approaches, which yielded a core set of
60 codes including specific codes for medical, recreational, and
illicit users. With these codes, each block was then manually
categorized. Given the diversity of accounts contained in the
blocks, most of the blocks had approximately 5 codes. As such,
the codes were weighted based on the relevance for a given
block, with the first code having the most weight and proceed-
ing iteratively to the last code.

Following the inductive content analyses, the initial codes
for each block were cross-referenced with a digital dashboard
that displayed account names, aggregate Twitter account

metrics (eg, average friends and followers per account in each
block), and the most common words used in profile descrip-
tions for accounts in that block. Metrics to detect spam
accounts, similar to those used by sites such as Twitter Audit,’”
were created to classify blocks with spam accounts. Based on
these data-driven heuristics, we validated the inductive codes
and refined each block as needed. This coding scheme was also
applied up the hierarchy of levels, whereby codes in lower level
blocks had larger weights in the aggregated block. After the
final codes were determined, the authors computed the pair-
wise correlations between the 20 most common codes.

Technical overview

All data collection, analysis, and modeling were performed in
the python programming language. Analysis and data process-
ing was completed with the pandas python library.3¥ Network
analysis was completed with the graph-too/ python library.3
The data were temporarily stored using MongoDB and
PostgreSQL databases.

Results

Seed dispensaries

The 6 dispensaries targeted as seeds for data collection have
varying levels of Twitter metrics. Table 2 contains basic Twitter
statistics on the 6 seed accounts. The 6 accounts were created
between June 2012 and November 2013, indicating overall
account age and time to build a base of followers. The number
of followers for each account ranges from 142 to 992. The
number of friends, or accounts followed by the 6 accounts,
ranges from 5 to 379. The total number of tweets published by
each account ranges from 110 to 5112.

Hierarchical block structure

The stochastic block model uncovered 359 different blocks of
accounts at level 1—the most granular level. The average block
contains 6125 accounts at this level and the median number of
accounts per block is only 4, indicating high right skew due to
several blocks with many accounts. The presence of spam
accounts was prevalent in the network, although the block
model tended to group spam accounts into the same block.
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Table 3. Hierarchical block model summary statistics.

LEVEL

NO. OF BLOCKS

AVERAGE
BLOCK SIZE

MEDIAN
BLOCK SIZE

As the hierarchy proceeds upward, the average number of
accounts per block increases as blocks from lower levels merge
together. The number of blocks and block size logarithmically
change by a factor of 2 as we move up the hierarchy. That is,

8 ! 2199042 2199042.0 each level of the hierarchy halves the number of blocks and
7 2 1099521 1099521.0 doubles the average block size. Table 3 illustrates the change in
6 4 549760 0015735 average block size as the hierarchy is traversed. Figure 1 illus-
trates the structure of the hierarchical block model.
5 15 146603 1095.0
4 40 54976 7575 Block coding. 'Table 4 shows the top 20 codes for the 359 blocks
at level 1. The most frequent codes include promotion (145),
3 84 26179 457.5 lifestyle (128), business (120), recreational (98), and professional
> 183 12017 20.0 (86). The pairwise correlations between block codes range
from -0.3 to 0.8 (Figure 2). The strongest correlation (0.81) is
1 359 6125 4.0 for spam-international, followed by dispensary-collective (0.45).
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Figure 1. A visualization of the hierarchical block model, with blocks labeled by level and block ID. The highest level, 8, with its single block of the entire
network, labeled L8:B0, at the center. Moving outward, the next level of the block structure is level 7, with its 2 blocks represented by L7:B0 and L7:B1.
This pattern continues to the outermost radius of the diagram representing level 1, the most granular level, with its 359 blocks.
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Table 4. Level 1—block code frequencies (top 20).

CODE NO. OF USES

promotion 145
lifestyle 128
business 120
recreational 98
professional 86
illicit 79
entertainment 79
aggregate 78
advocacy 57
collective 54
medical 46
dispensary 40
meme 35
organization 30
spam 29
cultivation 27
international 27
science 23
marketing 22
music 19

Small to moderate associations (]0.2-0.29]) are found for
recreational-promotion (-0.28), professional-advocacy (0.29),
business-marketing (0.26), and entertainment-meme (0.26).

For the 3 consumer population codes, recreational occurs the
most frequently (n=98), followed by i//icit (n=79) and medical
(n=46). For the i/licit code, small correlations are shown for
professional (-0.19), entertainment (0.19), and /ifestyle (0.16).
Several codes have small to moderate correlations with recrea-
tional, including promotion (-0.28), aggregate (-0.20), and
lifestyle (0.21). For medical, only 2 small correlations emerge
for science (0.24) and entertainment (-0.18). All 3 possible
pairwise correlations consumer codes demonstrate small to
moderate absolute values that range from 0.01 to 0.23.

Ldentifying types of cannabis consumers. For the purpose of ana-
lyzing 3 comparable consumer populations, we will focus on
the blocks at level 3 of the hierarchical structure. In this level,
there are 84 blocks, with an average block size of 26179
accounts and median size 457. To further characterize these
blocks, as well as validate our content analysis, we examine the
most common words used in the profile descriptions of
accounts within each block. We profile 9 total blocks at level 3,
containing consumers in the illict, recreational, and medical

blocks. To arrive at these level 3 blocks, we selected 3 of the
most prominent blocks with illicit, recreational, and medical
codes at level 1 and then followed them up the block hierarchy.
This allows us to understand the context in which these blocks
exist through aggregation with other blocks to higher levels. As
such, it is important to note that these groups are not mutually
exclusive and that each group contains lower level blocks with
diverse characteristics. Figure 3 shows an example of a level 3
block (block 33—medical) and its associated sub-blocks.

Table 5 contains the most common aggregated codes as well
as the most common words used in profile descriptions for

each level 3 block.

Tilicit. Blocks 6, 54, and 61 at level 3 contain consumers who
exhibit patterns of illicit use based on the content analyses.
These blocks contain explicit evidence of daily consumption,
abuse of concentrates, and prosocial behavior. There are also
groups of users under the age of 21 years contained within
these blocks. In addition to the media and marketing-related
codes, less prevalent codes such as memes, entertainment, and
sexualization emerge within several of the sub-blocks. The
corresponding codes from the account descriptions indicate
similar sentiments of cannabis as part of a mainstream lifestyle,
with block 61 emerging as a predominantly Oakland-based set
of accounts.

Medical. Blocks 16,28, and 33 at level 3 represent clusters of
account blocks characterized as containing medical consum-
ers. These blocks were also heavily composed of dispensaries,
collectives, and related businesses. In block 33, many users also
self-identify as professionals and list their place of employ-
ment in their profiles. In addition, the 3 blocks have the advo-
cacy tag frequently occurring, which indicates a key component
of medical. One block has a common profile description word
of notmeus, a social justice organization based out of Califor-
nia. A closer examination of the most common codes from the
account descriptions reveals more explicit affiliation with
medical and patient groups from San Francisco, especially for
block 16.

Recreational. Blocks 4,7, and 34 contain consumers coded as
recreational consumers. These users show the most diversity of
all the groups, with overlap between illicit and medical blocks.
This group also contains accounts from dispensaries, medical
users, professionals, businesses, advocacy, and entertainment.
The account descriptions further demonstrate the heterogene-
ity of these blocks, with block 4 sharing similarities with the
medical blocks, block 7 resembling illicit blocks, and block 34
falling in between.

Discussion

This study used stochastic block modeling to identify com-
munities of illicit, recreational, and medical cannabis users
connected to dispensary accounts on Twitter. With an initial
sample of 6 dispensary accounts in Oakland, California, we
yielded approximately 2 million accounts that were consolidated
and coded into 359 blocks at the lowest level. The hierarchical
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Figure 2. A heatmap of the pairwise correlations among the top 20 most frequent codes.

L2:B111-e

L2:B115-—
L3:B33-e—=

L.2:B58 -#——

L2:B89-e

= (L1:B192) Professionals; business; advocacy

« (L1:B201) Professional; promotion; lifestyle; entertainment
» (L1:B282) Aggregate; illicit

« (L1:B318) Aggregate; dispensary; entertainment; promotion

« (L1:B331) Business; promotion; lifestyle; concentrates
» (L1:B91) Professional; medical; advocacy

» (L1:B145) Professional; business; medical; promotion

Figure 3. This visual representation of block 33 at level 3 contains 4 subblocks at level 2 and 7 subblocks at level 1. This illustrates the context given to
level 1 blocks related to medical use: both intrablock, relationships illustrated by what other codes were used for that block, as well as an interblock

understanding of which nonmedical blocks relate at a higher level.

nature of the model gave us the flexibility to characterize the
blocks at the most granular level and determine how these
coded blocks aggregated into larger populations of cannabis
consumers at higher levels. This aggregation also provided a
perspective on the overlap between consumer populations and
interconnections with regional cannabis networks. In addition,
the dashboard developed for this project served as a data-driven
tool that streamlined the content analysis and allowed for the
rapid identification of distinct consumer groups. Based on these
findings, this study demonstrates the utility of stochastic block

modeling and multimode content analysis for identifying
hidden populations of cannabis consumers on Twitter.

The initial seed of dispensaries allowed for a positional
network approach where choices about nodes were purposely
made based on known affiliations with the cannabis
industry.*® Through this approach, the distribution of con-
sumer blocks corresponded to distinguishable populations of
medical, recreational, and illicit cannabis users with connections
to multiple segments of the cannabis industry, including dispen-
saries, patient collectives, growers, and private investors.36#
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Table 5. Aggregate tags and account descriptions for profiled level 3 blocks.

MOST FREQUENT AGGREGATED TAGS

MOST FREQUENT WORDS USED IN ACCOUNT
DESCRIPTIONS

ILLICIT

RANK/BLOCK ID 6 54 61 6 54 61

1 consumers lifestyle promotion love cannabis oakland
2 lifestyle promotion entertainment life love lie

3 entertainment entertainment lifestyle follow life bay

4 prosocial aggregate music artists music marijuana get

5 youth medical consumers cannabis music food
MEDICAL

RANK/BLOCK ID 16 28 33 16 28 33

1 dispensary lifestyle promotion cannabis cannabis marijuana
2 business promotion professional medical marijuana cannabis
3 aggregate business business marijuana medical best

4 advocacy advocacy lifestyle patients new new

5 collectives aggregate advocacy sanfrancisco high notmeus
RECREATIONAL

RANK/BLOCK ID 4 7 34 4 7 34

1 business consumers lifestyle cannabis cannabis *a

2 dispensary prosocial promotion marijuana love cannabis
3 lifestyle entertainment professionals medical life hemp

4 prosocial medical consumers weed marijuana day

5 collectives advocacy business follow music got

a% is a Unicode character used in account profiles for formatting or aesthetic reasons.

For example, several large blocks were predominantly
comprised of self-reported medical users who clustered with
dispensaries actively promoting alternative lifestyles and adver-
tising the potential therapeutic benefits of cannabis. Conversely,
there were numerous blocks of illicit users that were composed
of youth and emergent adults, 2 populations that have been
shown to have higher rates of cannabis use compared with
older age groups.*>* These users were also highly connected
with large aggregate accounts that frequently post prosocial
depictions of daily cannabis use, including regular consump-
tion of concentrates and edibles.** In addition, the recreational
users demonstrated significant heterogeneity, with blocks rang-
ing from working professionals and social activists to musicians
and promoters in the entertainment industry. As such, the
results of our study suggest that the distribution and character-
istics of the consumer blocks could be used to create repre-
sentative samples of illicit, recreational, and medical users
nested within regional cannabis markets. Follow-up studies
that leverage these samples in Internet-mediated studies will

determine the generalizability of the blocks to clinical and
population-based samples of cannabis users.

The scalability of the targeted consumer blocks and
dashboard capabilities also has the potential to inform digital
interventions and eHealth programs.*# Because health
departments and community organizations have increasingly
leveraged Twitter for public health campaigns, the characteris-
tics of blocks may inform the personalization of health mes-
sages and creation of network measures that can be integrated
into traditional program evaluations.*’ There has been a similar
proliferation of health service and support portals that could be
adapted as mechanisms to further target consumer blocks and
digitally connect consumers to skilled practitioners who can
intervene in high-risk behavior.#-0 Moreover, the identifica-
tion of several illicit blocks comprised of youth suggests that
selective and indicated prevention strategies may be warranted
to address prosocial depictions of daily consumption and
abuse of high potency products as part of a mainstream life-
style.2728:42:43 Additional efforts will be necessary to determine
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the feasibility of tailoring strategies based on demographics
such as sex, race, and sexual identity.

Regarding the blocks specific to Oakland and San Francisco,
the account biographies in this study provided complementary
information to the block codes, which allowed for geolocated
consumer groups with strong affinity for communities of dis-
pensaries and collectives. Although less than 20% of Twitter
accounts provide geolocation data, the targeted sampling
approach for the dispensaries in this study could be replicated to
create state samples that yield geographically clustered consum-
ers who follow dispensaries on Twitter.5! Moreover, the accounts
from the 3 consumer groups could also be used for public health
surveillance and pharmacovigilance of high-risk consumption
patterns,®>>3 especially as California continues to formalize
separate medical and recreational regulatory systems under
Proposition 64. Further exploration with natural language pro-
cessing techniques such as rweer2vec and semantic network
analysis will be necessary to create valid surveillance measures to
monitor how state policies affect consumer behavior over time
and perform case studies of the industry workforce, including
cultivators, distributors, and dispensary staff.>¢

Several limitations of this formative study are discussed. The
computational requirements to handle larger samples limited
this study to only 6 dispensaries and also precluded the feasibil-
ity of longitudinal analyses. However, the targeted and theory-
driven nature of the sample facilitated an appropriately
manageable volume of data from the block model, which can
easily be scaled to other state and community samples of dis-
pensaries once computational demands have been balanced.
With regard to the content analysis platform developed for this
study, the small to moderate correlations between the qualitative
codes suggest that additional refinements will be necessary to
examine the relationships between blocks. In particular, cluster
analytic techniques and epidemiologic methods such as latent
class analysis may be better suited to examine relationships
between codes and identify combinations of codes that
transcend the pairwise correlations used in this study.’”-
Fortunately, both the stochastic block model and content analy-
sis platform greatly reduced the noise typically associated with
Twitter data. Given the ability of these methods to rapidly iden-
tify spam and fraudulent accounts, future studies will determine
whether decision rules for metadata such as friend:follower
ratios and account activity can improve the classification of con-
sumer populations. Finally, the results from this Twitter study
may not generalize to other social networks such as Facebook,
Instagram, and YouTube. As many blocks of accounts in this
study had content linked across platforms, a more thorough
examination of social media data sources will be necessary to
determine the feasibility of cross-network studies.

This study represents the first application of stochastic
block modeling to empirically derive populations of cannabis
consumers from a sample of dispensary accounts on Twitter.
The multimode content analysis platform in this study signifi-
cantly reduced the time and burden with processing large

amounts of social network data. Moving forward, the creation
of state repositories of dispensary accounts will serve as the
basis for monitoring cannabis consumers while incorporating
Internet-related measures into intervention design and out-
comes evaluation. This synergy between substance use, clinical
epidemiology, public health, and data science represents a key
piece of understanding how complex networks of cannabis
consumers behave in a dynamic political landscape.
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