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ABSTRACT. Objective: Twitter data offer new possibilities for tracking
health-related communications. This study is among the first to apply
advanced information processing to identify geographic and content fea-
tures of cannabis-related tweeting in the United States. Method: Tweets
were collected using streaming Application Programming Interface
(March–May 2016) and were processed by eDrugTrends to identify geo-
location and classify content by source (personal communication, media,
retail) and sentiment (positive, negative, neutral). States were grouped by
cannabis legalization policies into “recreational,” “medical, less restric-
tive,” “medical, more restrictive,” and “illegal.” Permutation tests were
performed to analyze differences among four groups in adjusted percent-
ages of all tweets, unique users, personal communications only, and pos-
itive-to-negative sentiment ratios. Results: About 30% of all 13,233,837
cannabis-related tweets had identifiable state-level geo-information.
Among geolocated tweets, 76.2% were personal communications, 21.1%
media, and 2.7% retail. About 71% of personal communication tweets

expressed positive sentiment toward cannabis; 16% expressed negative
sentiment. States in the recreational group had significantly greater aver-
age adjusted percentage of cannabis tweets (3.01%) compared with other
groups. For personal communication tweets only, the recreational group
(2.47%) was significantly greater than the medical, more restrictive
(1.84%) and illegal (1.85%) groups. Similarly, the recreational group had
significantly greater average positive-to-negative sentiment ratio (4.64)
compared with the medical, more restrictive (4.15) and illegal (4.19)
groups. Average adjusted percentages of unique users showed similar
differences between recreational and other groups. Conclusions: States
with less restrictive policies displayed greater cannabis-related tweet-
ing and conveyed more positive sentiment. The study demonstrates the
potential of Twitter data to become a valuable indicator of drug-related
communications in the context of varying policy environments. (J. Stud.
Alcohol Drugs, 78, 910–915, 2017)
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THERE IS A GROWING RECOGNITION that social
media data can broaden the scope of existing substance

use monitoring systems by enhancing their capacity for
early identification of emerging trends (Corazza et al., 2013;
Mounteney & Haugland, 2009). With changing cannabis le-
galization policies (Pacula et al., 2015; Room, 2014), public
health professionals require timely information on cannabis
use practices and trends.

Twitter, a microblogging service provider and social
network platform, reports 310 million monthly active users
(Twitter, 2016) who generate more than 500 million tweets

per day (Internet Live Stats, 2016). Because of the avail-
ability of geo-identifiable information, Twitter data provide
an opportunity to examine regional differences in terms of
tweeting activity related to selected topics or substance use
issues (Daniulaityte et al., 2015; Lamy et al., 2016).

The content of tweets, although brief and limited to 140
characters, can also be used to provide insights into user
attitudes and behaviors related to drugs (Hanson et al.,
2013; Thompson et al., 2015). Several prior studies used
manual coding to classify substance use–related tweets by
sentiment (Cavazos-Rehg et al., 2015a; Lamy et al., 2016;
Shutler et al., 2015). Sentiment analysis seeks to identify
positive, negative, and neutral attitudes toward cannabis
expressed in tweet content. Prior research has also used
manual coding to classify tweets by source/type of com-
munication (Cavazos-Rehg et al., 2015b; Lamy et al.,
2016). The ability to identify personal communications
versus media and/or retail might help increase data qual-
ity for monitoring trends in communications of substance
use (Kim et al., 2016; Yin et al., 2014). Although a few
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prior studies reported development of automated tools to
process substance use–related tweets (Alvaro et al., 2015;
Cole-Lewis et al., 2015; Myslín et al., 2013), most prior
analyses of cannabis and other drug-related Twitter data
were limited to relatively small samples of tweets.

This study is the first to deploy custom-developed ad-
vanced information processing techniques to analyze a com-
plete sample of collected Twitter data. Further, the study is
among the first to integrate geographic and content analysis
features to better understand trends in substance use–related
communications on Twitter. The key goals of the study are
to identify type of communication and sentiment expressed
in cannabis-related tweets and to analyze regional variability
in relation to state-level cannabis legalization policies.

Method

Data collection

A Twitter data processing framework was available
through the eDrugTrends platform (Daniulaityte et al., 2016;
Sheth et al., 2014). Tweets were collected using Twitter’s
streaming Application Programming Interface that provides
free access to 1% of all tweets (Internet Live Stats, 2016).
eDrugTrends collects an average of 150,000 tweets per day,
which is well below the allowable limit (1% constitutes
about 5 million tweets per day, assuming 500,000,000 daily
total volume). Thus, it is safe to assume that our data col-
lection captures all or most tweets with relevant keywords
selected for our study (Morstatter et al., 2013).

Data were collected March 1–May 31, 2016. Data collec-
tion was limited to English language content. Collected data
included not only original tweets, but also retweets, because
by retweeting, individuals actively participate in information
sharing.

The following keywords were used to collect tweets: can-
nabis, weed, marijuana, spliff, ganja, kush, sativa, indica,
chronic, blunt, hydro, dro, skunk, reefer, joint, pot, herb,
loud, #420, THC, gravs, mj, jay. They were identified based
on prior research (National Institute on Drug Abuse, 2014)
and examination of Twitter and web forum discussions of
cannabis-related content. Selected keywords were pre-tested.
To increase accuracy of collected tweets, the following fil-
tering strategies were used: (a) ambiguous keywords (“pot,”
“herb,” “skunk,” “loud,” “hydro,” “jay,” “mj,” “gravs”) were
modified by adding smoke/smoked/smoking (e.g., “smoke
skunk”); (b) a number of blacklist words/phrases were used
to filter out irrelevant tweets (e.g., “blunt statement”).

The university institutional review board approved the
study under Human Subjects Research Exemption 4 because
it is limited to publicly available tweets. To protect anonym-
ity, cited tweet content was modified slightly, and Global
Positioning System (GPS) coordinates were converted into
state-level information and analyzed in aggregate form.

Data processing

Geolocation information of tweets was processed by the
eDrugTrends platform (Sheth et al., 2014). Twitter users
may indicate geolocation information in their user profiles or
enable their tweets to contain GPS coordinates via a mobile
phone that supports the feature. Tweets that contained geo-
location information indicating a state in the United States
were extracted for further analysis.

To adjust for the different level of tweeting activity in
each state, the eDrugTrends platform concurrently collects
a general sample of tweets (tweet collection without use of
any keywords, which results in a “default” random sample
of 1% of tweets provided by the Twitter API). The general
sample is processed by eDrugTrends to identify geolocation
information of extracted tweets.

To analyze tweet content, the study used eDrugTrends
automated source and sentiment analysis classifiers that were
developed using supervised machine-learning algorithms
(Daniulaityte et al., 2016). The source classifier automati-
cally classifies tweets into one of three types or sources—
personal communication, official/media related, and retail
related—with fairly high accuracy. Sentiment classification is
applied to personal communication tweets only. Tweets that
express positive qualities/effects of the drug or indicate or
encourage use of the drug are classified as positive tweets;
in contrast, tweets that express negative qualities/effects or
discourage usage are classified as negative. The “neutral/
unidentifiable” group includes tweets that do not express
an opinion or do not contain enough textual information to
determine the sentiment (for more information on the devel-
opment and accuracy of source and sentiment classifiers, see
Daniulaityte et al., 2016).

Data analyses

To examine regional patterns of general cannabis-related
tweeting (all tweets), raw numbers of cannabis-related tweets
for each state were extracted. Next, tweet-volume-adjusted
state-level percentages of cannabis-related tweets for the
3-month period were computed by dividing the number
of cannabis-related tweets for each state by the number of
general sample tweets for the same state during that period.
These percentages were then rescaled by dividing each by
the sum across states and multiplying by 100, resulting in ad-
justed state-specific percentages of cannabis-related tweets.

A permutation test with 10,000 replications was per-
formed using R 3.3.1 (Team, 2016) to examine differences
in the adjusted percentages of cannabis-related tweets among
U.S. states with different cannabis legalization policies. We
tested the null hypothesis of no difference in mean adjusted
percentage between groups of states defined by legal status.
Two-sided pairwise comparisons between four groups were
adjusted for six multiple comparisons using the Hommel
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procedure (Hommel, 1988) via SAS PROC MULTTEST in
SAS 9.4 (SAS Institute Inc., Cary, NC) to maintain a family-
wise α = .05 level of significance. As a sensitivity analysis
to check the impact of the potential for some individuals to
tweet far more than others, making them highly influential
in the analysis and introducing dependence, the same analy-
sis was repeated to compare mean adjusted percentages of
unique users who posted cannabis-related content.

States’ legal statuses were classified into four groups
(Table 1). The “recreational” group comprised Alaska, Colo-
rado, the District of Columbia, Oregon, and Washington. As
of February 2016, they all had at least started implementa-
tion of recreational marijuana laws. We recognize that the
group is not homogenous in terms of roll-out of recreational
marijuana markets. For example, unlike other recreational
states, the District of Columbia did not provision sales
for recreational use. States that have medical marijuana
programs were grouped into two categories based on their
restrictiveness (Chapman et al., 2016) and medical/nonmedi-
cal orientation scores (Williams et al., 2016) as of February
2016. The “medical, less restrictive” group comprised 11
states classified as having less regulated programs. “Medi-
cal, more restrictive” comprised 8 states classified as having
more restricted and “medicalized” programs. The “illegal”
group was made up of the 27 states that had no comprehen-
sive medical cannabis laws implemented as of February 2016
(Table 1).

For content analysis, eDrugTrends source classifier was
used to process all cannabis-related tweets to identify per-

sonal communication, media, and retail-related tweets. Next,
personal communication tweets were processed further to
identify positive and negative sentiment.

To analyze regional variation in cannabis-related personal
communication tweeting, numbers of cannabis-related per-
sonal communication tweets for each state were extracted
and adjusted by the general sample numbers. To examine
regional differences in sentiment expressed toward cannabis,
numbers of personal communication tweets that were identi-
fied as positive and negative were extracted for each state.
Positive-to-negative ratios were calculated for each state by
dividing positive tweet numbers by negative tweet numbers.
Permutation tests were conducted using the same methods
as for the general cannabis-related tweeting.

Results

Regional variation in cannabis-related tweeting

Between March and May of 2016, the eDrugTrends
platform collected 13,233,837 cannabis-related tweets;
3,948,402 (30%) of those tweets had identifiable state-
level geolocation information and were posted by 965,610
unique users. Raw counts of cannabis-related tweets
were the highest in California, Texas, Florida, and New
York, which are also the most populous states. However,
after we adjusted for the different levels of tweeting activ-
ity (obtained from the general sample), Colorado (4.65%)
and Oregon (3.42%) had the highest adjusted proportion

TABLE 1. Adjusted proportion of cannabis-related tweets by states with different cannabis legalization policies

D.
Ratio of

C. positive to
Personal negative

A. B. communication sentiment
Groups of states by All tweets Unique users tweets tweets
cannabis legal status M % (SD) M % (SD) M % (SD) M (SD)

(1) Recreational 3.01 (1.06) 2.31 (0.35) 2.47 (0.57) 4.64 (0.58)
AK, CO, DC, OR, WA

(2) Medical, less restrictive 2.13 (0.26) 2.10 (0.15) 2.08 (0.25) 4.32 (0.29)
AZ, CA, HI, IL, MA, ME,
MI, MT, NM, NV, RI

(3) Medical, more restrictive 1.79 (0.22) 1.95 (0.15) 1.84 (0.30) 4.15 (0.31)
CT, DE, MD, MN, NH, NJ,
NY, VT

(4) Illegal 1.75 (0.27) 1.84 (0.22) 1.85 (0.28) 4.19 (0.27)
AL, AR, FL, GA, IA, ID,
IN, KS, KY, LA, MO, MS,
NC, NE, ND, OH, OK, PA,
SC, SD, TN, TX, UT, VA,
WI, WV, WY

Hommel-adjusted p values 1 vs. 2: .0204 1 vs. 2: .2837 1 vs. 2: .1468 1 vs. 2: .3168
for pairwise comparisons 1 vs. 3: <.0001 1 vs. 3: .0473 1 vs. 3: .0055 1 vs. 3: .0490

1 vs. 4: <.0001 1 vs. 4: .0008 1 vs. 4: .0033 1 vs. 4: .0340
2 vs. 3: .3616 2 vs. 3: .3130 2 vs. 3: .2848 2 vs. 3: .5760
2 vs. 4: .1401 2 vs. 4: .0175 2 vs. 4: .2136 2 vs. 4: .6318
3 vs. 4: .8538 3 vs. 4: .3130 3 vs. 4: .9129 3 vs. 4: .7466

Note: Bold indicates statistical significance at the family-wise .05 level of significance.
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of cannabis-related tweets, whereas Wyoming (1.14%)
and Arkansas (1.31%) had the lowest. Permutation tests
revealed that the recreational group had a statistically sig-
nificantly greater average adjusted percentage of cannabis-
related tweets (3.01%) compared with the other three
groups after adjusting for multiple comparisons (Table
1, column A). Analysis of adjusted proportions of unique
Twitter users revealed similar differences between recre-
ational and other states (Table 1); it also showed that the
medical, less restrictive group (2.31%) was significantly
greater than the illegal group (1.84%) (Table 1, column B).

Regional variation in cannabis-related tweeting by source/
type

Of the total sample of 3,948,402 geolocated tweets, the
majority (76.2%) were identified as personal communication
tweets. They expressed personal opinions and experiences:
“I need a blunt”; “Hit this weed cause it might calm you
down.” About 21.1% were identified as media-related com-
munications (“Board of #health cautious on medical #mari-
juana benefits. News source: https://t.co/NzEfG6pj3W”),
and 2.7% were retail-related, promoting cannabis products
and businesses (“Check out our newly renovated space and
receive $10 off your first purchase! #cannabis https://t.co/
qxvLY9PGc”).

States varied in the volume and percentage of media-
and retail-related tweets. For example, the raw percentage
of retail-related tweets, out of all cannabis-related tweets
in each state, ranged from 1.3% in Mississippi to 5.6% in
Washington. Similarly, percentages of media-related tweets
ranged from 12.6% in Mississippi to 44.4% in Colorado.

Given such variability in media- and retail-related tweet-
ing in each state, the next step was to examine differences
among states in personal communication tweeting only, after
removing media- and retail-related tweets. The adjusted per-
centages of personal communication cannabis-related tweets
were the greatest in Colorado (3.17%), Oregon (2.77%), and
Alaska (2.49%). Permutation tests revealed that the recre-
ational group had the greatest average adjusted percentage
of personal communication tweets (2.47%) in comparison
with the other groups, significantly greater than the medical,
more restrictive (1.84%) and illegal (1.85%) groups, but not
significantly different than the medical, less restrictive group
(Table 1, column C).

Regional variation in ratio of positive to negative
cannabis-related tweets

Out of all personal communication tweets, the majority
(70.9%; 2,132,720) were classified as expressing positive
sentiment toward cannabis. For example, “Weed is the most
important meal of the day”; “Smoke good weed with a bad
bitch”; “You should start smoking weed”; “Companies that

marijuana test are missing out on great employees”; “Legal-
ize weed in California 2016”; “Leaving work. Today was so
stressful. Need a blunt LOL a fat one.”

About 16% (483,819) of personal communication
tweets were classified as expressing negative sentiment.
For example, “So tired of people’s need to always smoke
weed”; “Marijuana is supposed to relieve anxiety not make
it worse”; “I don’t even smoke weed”; “Do y’all know
how hard it is to stop smoking weed, like the hardest.”
The remaining 13.1% (392,973) were classified as neutral/
unidentifiable.

Overall, tweets expressed overwhelmingly positive sen-
timent toward cannabis, with positive-to-negative ratio of
4.4:1 for the country as a whole. Although all states showed
mostly positive attitudes toward cannabis, there was some
variation across states, ranging from the low of 3.61 in Dela-
ware to the highest of 5.38 in Colorado. Permutation tests
revealed that the recreational group had the greatest average
positive-to-negative ratio (4.64) in comparison with the other
groups, significantly greater than the medical, more restric-
tive and illegal groups (Table 1, column D).

Discussion

This is the first study to integrate content and geographic
analysis features to better understand Twitter data about
cannabis-related communications. Our analysis shows that
states that allow recreational marijuana were significantly
different from more restrictive states in terms not only of
general tweeting but also of personal communication tweets
and of positive sentiment expressed in tweet content.

This is the first study to apply automated content classi-
fication to process almost 4 million cannabis-related tweets.
Most prior studies were limited to small, manually coded
samples. Our automated content analysis revealed that the
majority of tweets (76%) were personal communication
tweets, whereas media comprised about 21%, and retail less
than 3% of all tweets. Sentiment expressed in personal com-
munication tweets was overwhelmingly positive—with about
71% expressing positive attitude toward cannabis and only
about 16% conveying negative sentiment. Predominantly
positive attitudes toward cannabis-related products have been
also identified by prior studies (Cavazos-Rehg et al., 2015a;
Lamy et al., 2016).

For all four measures of cannabis-related tweeting (all
tweets, unique users, personal communication tweets, and
positive-to-negative tweet ratio), Colorado, Oregon, and
Washington consistently ranked among the very top states.
Colorado and Washington were the first states to legalize
recreational cannabis use and have established booming
commercial markets for cannabis products (Kleiman, 2015).
Oregon recreational cannabis laws became operational in
2015, and the state has one of the oldest medical marijuana
programs in the United States (Oregon Health, 2015).
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Similar regional differences were identified in relation to
marijuana concentrates and marijuana edible-related tweet-
ing activity, with legal recreational states ranking higher
than states with more restrictive policies (Daniulaityte et
al., 2015; Lamy et al., 2016). However, there was an even
greater variability in marijuana concentrate–related tweeting
(Daniulaityte et al., 2015), which was possibly attributable to
their status as emerging products.

This study describes deployment of powerful new meth-
ods for monitoring social media communications related to
substance use trends and demonstrates the potential of Twit-
ter data for becoming a valuable indicator of drug-related
communications in the context of varying policy environ-
ments, one that could be used to complement traditional
epidemiologic indicators.

Several limitations are noted. First, our study is limited to
English language content. Second, our source classification
was based on the content of tweets. It is possible that some
retailers may post messages that resemble personal commu-
nications. Further research should improve classification of
Twitter data by integrating analysis of both tweet content and
public user account metadata. Last, more research is needed
to evaluate the relationship between drug-related commu-
nications via social media and actual drug use practices
and prevalences. For example, one approach would include
analyzing correlations between drug-related Twitter data
and drug use data collected through national epidemiologic
surveys.

Ongoing data collection by eDrugTrends will allow us
to examine changes in tweeting activity over time, across
regions, and within states that experience rapid changes in
cannabis policies. Further development of automated infor-
mation extraction methods will help conduct more powerful,
in-depth analyses of Twitter and other social media data
related to substance use communications, including assess-
ment of regional and temporal patterns in reported adverse
health experiences or motivations of use. It will also help
identify emerging communications related to new cannabis-
related products and trends that could provide timely alerts
to inform policy makers and epidemiologists.

In the age of expanding use of digital communication
technologies and growing importance of social media–based
interactions, analysis of social media–based communica-
tions on substance use trends is an increasingly important
task for early warning systems across the globe (Corazza et
al., 2013; NDEWS, 2016). This study contributes important
methodological advancement to this rapidly expanding but
still very new field that is set to gain greater significance in
the future.
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