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Abstract—Utilizing emojis to understand sentiments of online
social media posts has received much attention recently. In this
work, we perform an emoji-based sentiment analysis and classifier to gain insights into users’ emotional reactions to marijuanarelated posts on Facebook. We collected about 15,000 posts and 14
million users’ reactions from the High Times Magazine Facebook
page, a top ranking marijuana-related content provider with
a longstanding monthly publication for advocation of cannabis
legalization. We developed R scripts and utilized the Google
Cloud Prediction API to estimate the sentiment of the posts from
posted texts and emoji-based reactions. Our analysis revealed that
“LIKE” and “LOVE” are the most frequently used reactions, and
they are strongly correlated by a correlation coefficient of 0.82.
Our analysis also showed that the correlation between number
of comment and reactions are similar across all emoji types,
except “SAD”. Interestingly, we found that words with negative
sentiment occurred much more often than words with positive
sentiment. Particularly, “weed” was used more than 800 times
while that of “love” was used 310 times. Our study can be utilized
as an alternative tool for revealing insights into users’ opinions
towards marijuana that may potentially benefit public health
surveillance applications.

I. I NTRODUCTION
Together with the fast pace of individual state legalization
of recreational marijuana, the number of Americans with
access to marijuana has increased accordingly, leading to a
high prevalence rate of marijuana use, abuse, and dependence.
In 2015, a report by the National Survey on Drug Use
and Health (NSDUH) [1] estimated that about 22.2 million
Americans aged 12 years or older had consumed cannabis
in the past month in the U.S. There are approximately 2.4
million people aged ≥ 12 years that had smoked marijuana
for the first time during the preceding 12 months, and nearly
6,600 people start to use marijuana each day [2]. While the
trend in substance consumption increases, the risk perception
considerably subsides. In particular, the NSDUH data shows
that the prevalence in the past month of marijuana exposure
among persons aged 12–17 years rose from 6.7% in 2006
to 7.1% in 2013. On the other hand, the percentage who
recognized prominent risk from smoking marijuana once a
month decreased from 34.6% in 2006 to 24.2% in 2013
[2]. That said, marijuana poses considerable danger to the
longterm health as well as safety of the consumers themselves,
their families, and their communities. Monitoring the actual
marijuana demographics use and concerns would be very

helpful for health care professionals and authorities to develop
appropriate public health regulation and interventions.
Currently, the prevailing approaches for monitoring marijuana use as well as other addictive substances, such as tobacco
or alcohol, chiefly rely on traditional telephone or face-toface interviews or gathering data from clinic departments.
For example, NSDUH has carried out health risk behavior
surveillance nationwide, including illicit drug use, and the
result is published only once a year [3]. Obviously, this method
is time-consuming, labor-intensive, and costly. Furthermore,
public health regulation and intervention will be ineffective
and lags behind due to long delays of data collection, which
covers only a small portion of actual consumers. More importantly, this approach may not be able to obtain the actual
level of addictive substance usage, as the interviewees have a
tendency to hide the actual usage. Therefore, it is important
to develop an effective and accurate surveillance system to
collect marijuana related information across the country.
Recently, with the popularity of social media platforms,
such as Twitter, Facebook, Instagram, and Snapchat, public
health monitoring based on health-related data from social
media in real-time is very appealing. Due to the massive,
instant, and crowd-sourced nature of social media content,
this emerging approach has several advantages that potentially address the drawbacks of the existing system, such
as automated operation, large geographic and demographic
coverage, low cost and near real-time data collection. In
this paper, we investigate Facebook user reactions towards
marijuana-related posts on a Facebook page for High Times
Magazine. With nearly 6 million followers, the page is one of
the largest marijuana-advocating online communities on social
media. We performed sentiment analysis and constructed a
classification model via the Google Cloud Prediction API to
evaluate the sentiment of the page’s followers towards the
marijuana content on this page.
The remainder of the paper is constructed as follows. Section II presents related work. Section III describes our system
architecture and analysis methodology. Section IV provides
our results and discussions. Finally, Section V draws some
concluding remarks.
II. R ELATED W ORK
Social media platforms recently have quickly become important sources for researchers to track and monitor public
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Fig. 1. Flowchart of Sentiment Analysis of FB Marijuana Related Posts

found the potential of high exposure of Internet users, especially children and adolescents, to alcohol marketing posts on
social media [12][13]. The studies suggest that new regulations are needed to impose further restrictions on marketing
campaigns regarding addictive substances.
III. M ETHODOLOGY
A. Marijuana Related FB Page Selection
Fig. 2. Metadata of posts for sentiment analysis and prediction.

health issues. For example, social media data has been successfully mined and leveraged to empower near real-time influenza
epidemic surveillance. Google Flu Trends uses query logs
to trace the daily rate of influenza in the U.S. several days
faster than the CDC reports it [4]. Also, researchers in [5]
extracted influenza-related tweets on Twitter and employed
machine learning techniques to classify actual messages regarding flu patients. Social media-based tracking methods are
also proposed to capture other chronic diseases such as cancer,
asthma, toothaches, etc. The authors in [6] examined social
media information to gain insights into obesity and diabetes
statistics by building a model that maps demographic variables
to food names mentioned on Twitter. The system achieved a
Pearson correlation of 0.77 with the existing statistics across
50 states in the U.S. Another common phenomenon, cardiac
arrest, is also monitored from Twitter. Researchers collected
tweets published from April–May 2011 with keywords “cardiac arrest”, “CPR”, “AED”, “resuscitation”, “heart arrest”,
“sudden death”, and “defib” to discover the public knowledge
about this disease [7].
More recently, many researchers have demonstrated the potential for tracking addictive substance use including alcohol,
tobacco, and marijuana in the population via social networks.
A. Nguyen et al. [8][9] used the term “420 friendly” via rental
listings on Craigslist and marijuana-related tweets on Twitter
to reveal marijuana perception. Myslı́n et al. [10] analyzed
the content of Twitter posts to detect tobacco-relevant tweets
and sentiment towards the new and emerging products, like
hookahs and electronic cigarettes. Several machine learning
classifiers were used to detect tobacco-related/unrelated tweets
as well as positive versus negative sentiment. Another application of social networks includes detecting the activity of
quit smoking social network accounts. The authors in [11]
collected Twitter users who tweeted the keywords “quit or
stop smoking” or “smoking cessation” to detect the evidence
of smoking cessation. In addition to tobacco, the researchers

High Times is a monthly magazine founded in New York
in 1974. The main objective of its publications is to promote the legalization of cannabis for recreational use and
to provide marijuana-related information to readers. Since
its establishment, High Times has been actively involved in
marijuana-using countercultures. Recently, the magazine has
provided monthly publications with a growing circulation,
audited by ABC, reaching 500,000 copies an issue; rivaling Rolling Stone and National Lampoon. Boosted by the
legalization of marijuana in several US states, its Facebook
page membership has increased rapidly to close 6 million
followers. The posts, comments, and emojis posted by the
followers of High Times Magazine would be a good indicator
for characterizing opinions and reactions towards marijuanarelated content. However, extracting opinions and mining
information from a large number of posts is very challenging
due to unstructured texts. In the following subsection, we
describe the flowchart of our text mining system.
B. System Architecture and Processing Flowchart
The flowchart of the proposed system for mining FB posts
towards marijuana related content is illustrated in Fig. 1. We
developed a Python program to collect the posts and comments
from High Times Magazine from Jan 2016 to Dec 2016. The
collected data was then stored in a MongoDB database. Next,
we used SQL queries to extract marijuana relevant posts and
comments. The extracted data corpus consisted of 14,625 posts
with their metadata, including post ID, number, and types of
reactions and comments with associated user IDs, etc. An
example of metadata of a post is illustrated in Fig. 2. We
then developed R scripts to analyze the sentiment of posted
content including tokenization, stop-word removal, and word
stemming.
• Tokenization: In this step, we break the posts into individual words called tokens. For example, tokenizing
“Germany Will Legalize Medical Marijuana in 2017”
post will produce the following tokens: {Germany, Will,
Legalize, Medical, Marijuana, in, 2017}. In this process,
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Fig. 3. Emoji-based Reaction Distribution.
TABLE I
ACTION C OUNTS
Actions
LIKE
LOVE
HAHA
WOW
SAD
ANGRY
COMMENT

Counts
11,789,077
395,716
354,270
121,032
46,955
118,056
614,808

Percentage
87.71%
2.94%
2.64%
0.90%
0.35%
0.88%
4.57%

special characters, such as blank spaces and symbols, are
removed from the texts.
• Stop-Words Removal: As not every English word is
defined in the lexicon, to get accurate sentiment summary
of the posts, we remove all common stop words in
English, such as “of”, “in”, “the”, etc. from our tokens.
Continuing our above example, the remaining tokens after
this step include {Legalize, Medical, Marijuana}.
• Word Stemming: The last step in this process is to convert
words of different forms to its original. For example,
“scarier”, “scariest”, “scarily”, “scared” are converted to
its original “scary” word. This is an important step to
ensure accurate sentiment analysis.
Next, we use different sentiment lexicons, including Bing [14]
and NRC [15], to perform sentiment analysis and opinion
summary. In addition, we employed Google Cloud Prediction
API [16] for predicting user sentiment of each post. The
outcome results are plots in different forms for visualization,
pattern extraction, and knowledge discovery.
IV. R ESULTS AND D ISCUSSIONS
A. Emoji-based Reactions
In 2016, Facebook introduced additional “reactions” that
allow users to express their non-verbal emotions toward a
post, rather than just the classic LIKE. The five new emotional reactions are LOVE, HAHA, WOW, SAD, and ANGRY.
This improvement is significant, as users can easily express
their opinions or emotions towards a post in a non-verbal
manner via these emojis. Analyzing sentiment of texts with
embedded emoticons and emojis in online social networks
has been conducted extensively [17]. However, this is a very
challenging task, as an emoticon or emoji may totally change
the meaning of the texts. It has been shown that if texts
and emojis/emoticons are analyzed separately, the message
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sentiment may be inaccurate or wrong [18]. In this research,
we focus on analyzing text and emoji sentiments of related
marijuana posts from High Times Magazine. By understanding
the user’s opinions, it will be beneficial for developing public
health regulations and policies on marijuana use.
B. Emoji-based Reaction Analysis
1) Emoji-based Reaction Distribution: We first perform
emoji-based reaction statistics of marijuana posts. Particularly,
we calculated statistics of the collected data to plot a general
opinion picture of user activities towards marijuana content.
Fig. 3 presents the emoji reaction distribution of High Times
article respondents. As we can see, the number of LOVE
reactions is greater than the number of any other reactions.
More interestingly, the total number of all three positive
reactions including LOVE, HAHA, and WOW, is over 5.3 times
greater than that of the total negative reactions, ANGRY and
SAD. Because the publication mainly advocates marijuana
consumption, this distribution would indicate that the post
respondents generally advocate marijuana use and legalization.
Table I shows details of user activity, including the number
of LIKEs and comments. Specifically, for 14, 625 posts about
marijuana, there are 11, 789, 077 LIKEs, 395, 716 LOVEs,
121, 032 WOWs, 354, 270 HAHAs, 46, 955 SADs, 118, 056
ANGRYs and 614, 808 comments. As expected, the number of
LIKEs overwhelms the number of all other reactions, accounting for 87.7% of user activities. The explanation for this could
be due to LIKE having a long history on Facebook. Users are
very familiar with the “Like” action, which is accomplished
with one mouse click on computers or a single touch on
a mobile device. This is in contrast to the other available
reactions that require additional user action like hovering the
mouse over the LIKE button so that the other reaction icons
appear. It is also worth noting that users must then select
one, and only one, of the six reactions. Additionally, users
can comment multiple times, but may only provide a single
reaction type. Given the simplicity of “liking” a post and the
additional effort users must expend to provide one or more

Fig. 5. Words Contribution to Sentiment Using NRC Lexicon

comments, the number of LIKEs is 19 times more than that
of comments, the second highest reaction to posts.
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2) Emoji-based Reaction Correlation: We next look into
the correlation of these emoji-based reactions to the posts. In
our analysis, we constructed a table where rows correspond
to a post and columns represents the number of emoji reactions (e.g., “LIKE”, “LOVE”, “WOW”, etc.) to that post.
We then calculated the correlation coefficients across these
emojis in Fig. 4. As we can see, “LIKE” and “LOVE” emojis
are strongly correlated with each other representing by the
correlation coefficient of 0.82. We observed that the correlations of the emojis tend to be clustered into two groups of
positive and negative sentiments. The positive sentiment group
includes “LIKE”, “LOVE”, “WOW”, and “HAHA” whereas
the negative sentiment group includes “ANGRY” and “SAD”.
We also noticed that there was a strong correlation represented
by a coefficient of 0.43 between “WOW” and “ANGRY’. This
could represent strong reactions of users towards some posts
with tendency of a negatively surprising feeling. Interestingly,
we observed that the “COMMENTS” are equally spread across
all emojis, except the “SAD” emoji.
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Fig. 6. Words Contribution to Sentiment Using Bing Lexicon

C. Textual Sentiment Analysis
Next, we performed textual sentiment analysis of the posts
via popular lexicons, including NRC and Bing. Fig. 5 shows
contributions of words to the sentiments of the posts using the
NRC lexicon. We should note that in the NRC lexicon, text
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Fig. 7. Sentiment Wordcloud Using Bing Lexicon

Fig. 8. Sankey Diagram of Sentiment Constribution

sentiments include “anger”, “anticipation”, “disgust”, “fear”,
“joy”, “negative”, “positive”, “surprise” and “trust”. In our
analysis, we identified the most frequently used words of
the posts corresponding to different sentiments on the y-axis,
while the x-axis represents how many times the words have
been used across the posts. In addition, to filter out words
that were used less frequently in the posts, we set a minimum
use count of 200. As we can see, the most frequently used
words in “positive” and “negative” sentiments were “grow”
and “war” with more than 2,500 and 1,000 times, respectively.
Furthermore, we plot word contributions to sentiments of the
posts using Bing lexicon in Fig. 6. In Bing lexicon, the words
were identified and clustered in “positive” and “negative”
sentiments. As shown, “weed” and “love” are the two most
frequently used words in the two sentiments with frequencies
of more than 800 and 320, respectively. In addition, we plot
a wordcloud of the posts using Bing lexicon in Fig. 7. In our
wordcloud, we used two different colors, red and green, for
“negative” and “positive” sentiments, respectively. The sizes of
the words are proportional to number of the times a word has

(a)
Fig. 9. Modeling User vs. Emotional Reactions (y-axis in logarithmic scale).

been used across the posts. Not surprisingly, the words “weed”
and “smoke”, which are in “negative” sentiment group, have
been used most often in the marijuana related posts. Finally,
we use a Sankey diagram to plot the sentiment contributions of
the words, in Fig. 8. As we can see, in the positive sentiment,
the sentiment contribution spreads about equally to all the
positive words, while “weed” and “smoke” contribute the most
to the negative sentiment.
D. Modeling Users vs. Reactions over Time
1) Users vs. Reactions: : It is worthwhile to examine the
density of the users who give a certain number of emotional
reactions over the long term because ones engaging with
marijuana content online are likely to use marijuana in real
life. To conveniently formulate the relationship between the
user counts versus the emotional reactions, we present the
reaction counts according to logarithmic bins. Particularly, we
used 1, 2 − 4, 5 − 8, 9 − 16, 17 − 32, 33 − 64, 65 − 128, 129 −
256, 257 − 512, and 513 − 1024 bins. Fig. 9 presents the
number of users versus the range of emotional reaction counts
in bin units with a linear vertical axis. As we observed,
the figure shows that the number of followers having only
one comment is about 200, 000, while the user counts for
subsequent bins reduce exponentially. Based on the collected
data, we fitted a model to represent the relationship between
the number of users and reactions as y = −0.543 ∗ x + 5.956,
r2 = 0.995 in which x is the reaction counts (in bin units) and
y is the number of users in log10 scale. In other words, the
number in linear scale is y = 10−0.543∗x+5.956 . Clearly, the
number of users with two, three, or more comments reduces
exponentially. The number of users giving more than 512
comments is just two. In the same way, we can formulate
the best-fitting lines for other emotional reactions: LOVE:
y = −0.461∗x+5.493, r2 = 0.996, HAHA: y = −0.541∗x+
5.203, r2 = 0.993, WOW: y = −0.607∗x+5.874, r2 = 0.995,
SAD: y = −0.573 ∗ x + 4.823, r2 = 0.994, and ANGRY:
y = −0.555 ∗ x + 5.262, r2 = 0.984.
2) Most Active Followers: Fig. 10 illustrates the ten most
active members in terms of number of LIKEs and comments.
From it, we see a high frequency of activity for those users.
From 08/2016 to 11/2016, the top ten users produced more

are the most frequently used reactions and strongly correlated.
The study exhibits some interesting patterns, including the
frequencies of emotional reaction types, likes, and comments.
Our research shows the widespread viewing of marijuana
content on social media and its popularity to large number of
online users. This phenomenon suggests that a new generation
of online and automated monitoring systems leveraging the
availability of related social media data can be developed to
empower health care professionals and authorities.
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