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Abstract

The recent rise of e-cigarettes and vaping products has increased concerns that another young generation
may become addicted to nicotine. Recently, it becomes evident that several health issues are related to the
use of e-cigarettes and vaping products. The objective of this paper is to understand and identify such health
issues by collecting and analyzing social media data. The analysis reflects the most important themes and
topics discussed by online user’s about e-cigarettes, vaping, and associated health issues. Using topic
modeling techniques, we were able to identify several health issues related to the use of e-cigarettes and
vaping products. These issues include lung diseases, coughing and breathing issues, heart related issues,
throat burn, respiratory related risks, dizziness, addiction, bronchitis, and cancer.

Keywords
Vaping, e-cigarettes, social media, topic modeling

Introduction

Electronic cigarettes (e-cigarettes), a battery-operated product designed to deliver nicotine, flavor, and
other chemicals in aerosol form (Zhan et al. 2017), are widely used around the world. The e-cigarettes
market is expected to have an increasing growth rate by 2023, reaching to $48 billion (Paek et al. 2020).

Nowadays, e-cigarettes are becoming popular product used by millions of adults and youth in the United
States and worldwide (Allem et al. 2019). In the United States, the number of youth who used e-cigarettes
and never smoked before has increased 3-fold between 2011 and 2013 (Chu et al. 2015). In addition, e-
cigarettes use among high school students has increased from 1.5% to 16.0% (Zhou et al. 2018). More than
5 million middle and high school students used e-cigarettes in 2019, and almost one million were using e-
cigarette on a daily basis (Cullen et al. 2019; FDA 2020).

Since the introduction of e-cigarettes, awareness concerning the use of such products has risen significantly.
The use of e-cigarettes could lead to the initiation of cigarettes use among adolescents, and may recruit
youth and non-smokers to nicotine experimentation and dependence (Allem et al. 2019). Despite the fact
that some e-cigarette products might be less harmful than combustible products because they do not burn
tobacco and produce aerosols with fewer chemicals, e-cigarettes use is not harm free (Hua et al. 2020). The
long-term health effects of e-cigarette use are largely unknown (Kim et al. 2017). However, according to the
literature, e-cigarette contains nicotine could lead to many health-related issues (Alexander et al. 2019).

Nowadays, social media is considered a promising and viable source of data for gaining insights of various
health conditions (Nasralah et al. 2019). However, there is a limited number of studies that utilize social
media data to address health related issues associated with the use of e-cigarettes and vaping products, and
such studies utilized frequency analysis for identifying such issues. The objective of this research is to
investigate e-cigarettes and vaping health related issues by collecting and analyzing recent social media
posts. Specifically, we collected tweets that relate to the vaping epidemic from social media users. The
collected tweets are analyzed using machine learning techniques to understand the recent themes and
perceptions toward the vaping epidemic.
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From a theoretical perspective, this study provides a deeper understanding of the overall discussion about
vaping and e-cigarettes and highlights important concerns and healthcare related issues of the use of such
products comparing to the prevailing beliefs that such products are better than cigarettes and do not cause
any healthcare complications. Form a practical perspective, given the popularity of social media platforms
for information and opinions sharing, it is important to highlight the misconceptions about the use of e-
cigarettes and vaping products, which in turns could be used to increase awareness about healthcare related
issues associated with vaping and e-cigarettes and defy rumors that such products are not harmful and
much better than regular cigarettes.

The remainder of the paper is organized as follows: the next section provides an overview of existing
literature related to vaping, e-cigarettes, and social media data analytics. The research design and
methodology section discuss data collection, preparation, and analysis. The results and discussion section
summarize the findings. The paper concludes with a summary of contributions and limitations.

Literature review

In the literature, a number of studies have addressed several aspects related to vaping and e- cigarettes. At
the marketing, commercial, and consumers level, Lazard et al. (2016) addressed the overarching themes
and insights for trending topics on e-cigarette from commercial and consumer users. Data were collected
using a set of keywords and tweets were then separated into two groups for analysis, tweets and retweets.
Authors used text mining to determine patterns and important topics for e-cigarette. Data were processed
into tokens and then used to generate a term by frequency matrix for further analysis. Results from topic
analysis showed that most of the themes were marketing-focused, where the majority of the remaining
themes addressed policies, personal experiences, and the differentiation of e-cigarettes from traditional
tobacco. While Paek et al. (2020) investigated marketing and promotional activities about e-cigarettes on
social medial and how such activities differ between social media platforms. The authors collected and
analyzed data from Twitter, news article, and Google trends about e-cigarette. Data was analyzed using
frequency analysis, and manual and automatic coding of data into five mutually exclusive themes. Results
showed that the most popular themes were product evaluation, promotion, policy, health, and price. The
average retweet count of product evaluation tweets was the lowest, where the average retweet count of
promotion tweets was the highest. Furthermore, with respect to correlation with the search engine query
count, the product evaluation theme count was the highest and the promotion theme count was the lowest.
With respect to correlation with online news item count, the health theme count was the highest and the
promotion theme count was the lowest. Focusing on the e-cigarette market, Kim et al. (2015) explored
marketing trends about e-cigarettes and locations where people use e-cigarettes. The authors collected data
from Twitter using a set of keywords, then a random subset was manually labeled as advertising or non-
advertising. Classification algorithms were used to code the remaining data. For location information,
manual coding and natural language processing were used to indicate locations where e-cigarettes were
used. Results showed that the majority of the tweets were advertising, given the fact that most of the tweets
were about e-cigarette brands, affiliate marketers, and resellers of e-cigarette products. Finally, only a small
number of tweets addressed location information, and findings showed that e-cigarette use was prominent
in home/room/bed, school, in public, the bathroom, and at work.

At the flavor, vaping liquid and juice level, E-cigarette flavors have also garnered research attention. For
example, Wang et al. (2015) systematically mined e-cigarette and flavor content on Reddit. Data was
collected from the top ten popular and relevant subreddits using seven keywords related to electronic
cigarette, flavors, and juices. Data were collected based on a set of keywords used in the search and then by
ranking the data by relevance, hot spot, importance, up-to-date information, and reply count. Sample of
the collected data was used to classify the flavors based on their ingredients. Furthermore, the number of
times that each flavor occurred in posts was counted. Finally, characteristics of a variety of flavors were also
identified to gain a better understanding regarding flavors popularity. Results showed that fruit flavors were
mentioned the most and were popular flavors used in mixed blends and strawberry and vanilla flavors were
the most popular for e-juice mixing. Chu et al. (2015) examined message content on Twitter from e-cigarette
brands to determine if messages about flavors are more likely than non-flavor messages to be passed along
to other viewers. Data were collected from tweets about two e-cigarette brands, Blu and V2, and then
processed by identifying messages that contained terms related to e-cigarette flavors. For each tweet,
authors counted how many times it was retweeted and collected profile information from the users. A list
of search terms was used in automatic content analysis to identify flavor-related messages. A random

Americas Conference on Information Systems 2



Health Risks of e-cigarettes: Analysis of Twitter Data Using Topic Mining

sample of the results was checked and validated by a human coder. The authors used chi-square test, t-test,
and multiple logistic regression for testing the assumptions. Results showed that flavor-related posts were
retweeted at a significantly higher rate by e-cigarette brands and other Twitter users than non-flavor posts.
While Zhou et al. (2018) addressed the influence of flavors on e-cigarette related information propagation
on social media platform. E-cigarette—related data were collected from Facebook based on a set of keywords
generated by a domain expert. A total of eleven binary variables for flavor categories are used to characterize
the influence of flavors on information propagation. Topic modeling was used to extract three hidden topics
namely, “details about products (product), methods of consuming e-cigarettes (method), and other related
discussions (other)”. Regression models and hurdle negative binomial model were used to characterize the
influence of different flavors on e-cigarette—related information propagation. Results showed that five
flavors, sweet, dessert & bakery, fruits, herbs & spices, and tobacco have negative influences on e-cigarette
related information propagation, and that the mention of a flavor in a post does not enhance popularity of
e-cigarette related information. Furthermore, some flavors reduced the popularity of information, while a
set of non-flavor related factors were associated with information propagation. Also related to flavors, Li et
al. (2018) systematically mined users’ e-liquid usage patterns from online reviews using opinion
summarization techniques. Online users’ reviews, consisting of the review text, an overall rating and a set
of e-liquid aspect ratings were collected from JuiceDB. For data analysis, reviews were labeled positive,
neutral, and negative. Data were analyzed using an ID3-based influential aspect analysis model and
sentiment analysis. Results showed that flavor accuracy and value were the two most important aspects that
affected users’ sentiments toward e-liquids, fruity and sweet were the two most popular flavors, great and
sweet tastes, reasonable value, and strong throat hit made users satisfied with fruity and sweet flavors.
Furthermore, users complained about some e-liquids’ prices, bad quality, and harsh throat hit.

At the product design level, Allem et al. (2019) studied product design features that may increase the use of
e-cigarette. Data related to e-cigarette product reviews was collected from popular e-cigarette-related sub-
reddit network. Each review consisted of several sub-sections, related to one product, while others related
to all products. Only subsections relating to positive features and negative features in each review were
examined. For data analysis and findings, authors read through the most commonly occurring set of words
and phrases and identified ten themes. These themes were mainly related to the product’s build quality,
color, tip model, battery quality, price, screw quality, power mode performance, coil performance,
temperature control performance, and tank quality.

At the e-cigarettes and healthcare level, Hua et al. (2020) extracted and analyzed online forum posts related
to e-cigarette and health. A subset of posts related to seven health subforums was selected. Authors
annotated the data with medical concepts and analyzed two semantic types, sign or symptoms and disorder
or syndrome. Each post was assigned a positive, negative, or neutral sentiment. In order to measure health
affects related to electronic cigarettes use, authors used the Random Forest classifier on sample posts that
were manually labeled by the authors and predicted the sentiment for unseen posts. Symptom and disorder
data were categorized into twelve organ systems or anatomical regions. Results showed that headache,
coughing, malaise, asthma, dehydration, and pharyngitis were the most frequent symptoms and disorders.

Several studies have analyzed e-cigarettes related data on the web. These studies addressed aspects of e-
cigarettes related to user experience, trials, and adoption (Barrientos-Gutierrez et al. 2019; Chen et al.
2015), products and products design features (Allem et al. 2019; Myslin et al. 2013), flavors and liquids
(Chu et al. 2015; Li et al. 2018), online e-cigarettes content and discussion (Glowacki et al. 2017; Kim et al.
2017; Zhan et al. 2017; Zhou et al. 2018), as well as marketing and promotions (Clark et al. 2016; Kim et al.
2015; Lazard et al. 2016; Paek et al. 2020). However, there is a limited number of studies that have
addressed health related issues associated with the use of e-cigarettes and vaping products (Hua et al.
2020). Furthermore, such studies have used frequency analysis to determine the most frequently reported
symptoms and disorders associated with the use of e-cigarettes.

Research Design and Method
Data Collection and Preparation
The data was collected from Twitter using Crimson Hexagon tool. Crimson Hexagon (CH) is a social media

analytics tool employs an unsupervised and supervised machine learning techniques and text analysis
model developed by Hopkins and King (2010).
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We collected all tweets from 01-01-2019 to 02-15-2020. The time frame was selected because it reflects
discussions about recent concerns and news regarding the partial and temporary e-cigarette ban. To
retrieve the relevant tweets, we used the search query in Figure 1 that includes several health-related
keywords (Hua et al. 2020), such as pain, lung, heart, and cancer. The collected tweets are all selected based
on the criteria of having at least one health related keyword and e-cigarette/vaping related keyword, and
we excluded retweets. The size of data collected is 69,860 tweets.

To prepare the tweets, we removed numbers, URLSs, stop words, and represented each tweet using the well-
known Term Frequency Inverse Document Frequency (TF-IDF) weighting scheme (Ramos 2003).

(vap* OR E-Cigarette OR e-cigarette OR ecig* OR e-cig* OR (electronic AND cig¥*))

AND

(pain OR nausea OR dizziness OR dizz* OR lightheadedness OR coughing OR cough* OR wheezing OR wheez¥
OR dyspnea OR breathing OR breath* OR heartburn OR Cancer OR cancer OR heart* OR cramping OR cramp¥*
OR integumentary OR throat OR flatus OR constipation OR voice OR pharyngeal OR itching OR itch* OR
skin OR chestOR fatigue OR tired OR malaise OR disorder* OR symptom OR Symptom OR symp* OR headache
OR mouth OR neurological OR asthma OR pharyngitis OR dehydration OR dehydr* OR Respiratory OR respir¥*
OR lung OR doctor OR physician OR digestive OR cold OR flu OR immune OR halitosis OR blood OR COPD
OR chronic OR pneumonia OR bronchitis OR aptyalism OR ulcer OR migraine OR bronchio* OR obliterans)

AND -
(http OR https OR RT OR VICKS OR vick¥)

Figure 1. Search Query

Topic Modeling

Topic models are types of statistical algorithms for extracting the main topics in a collection of documents.
Latent Dirichlet Allocation (LDA) is one of the common topic modeling algorithms used (Blei et al. 2003).
The algorithm produces a set of topics with probability distribution over words in each topic. The algorithm
also generates probability distributions over topics for each document (Al-Ramahi et al. 2017; Bao and
Datta 2014). We used Python to build and run LDA algorithm and identified 50 topics and within each topic
showed the top-10 words and their relative weight (i.e. probability). The naming of topics was first
conducted by the first author and confirmed by the second author. Naming was initially based on the
identification of a logical connection between the 10 most frequent words for a topic.

Results and Discussion

Data analysis using topic modeling revealed a number of health-related issues caused by e-cigarettes and
vaping products. These issues were mainly related to the vaping epidemic, lung diseases and injuries,
coughing, heart diseases, throat burn, respiratory related risks, dizziness, addiction, stomach issues,
bronchitis, and cancer.

Vaping epidemic reflects the popularity of different e-cigarettes and vaping devices among teenagers and
youth, and associated healthcare issues. According to Figure 2, tweets related to “epidemic”, “vaping”,
“ban”, and “lung” dominated this category. Example tweets include “'there’s an epidemic spreading - it's
vaping” and “e-cigarette use among teens is officially an epidemic.

epidemic -

vaping

proguct
anesses associated vape due
e cartridges confimed o the 2
o dozens
dbongino decades “EZ”"Sﬂavored causes evali o
. industry . B
oo il teens disease 2 cigarette according_, ., l l I I Sk
5 "~ flavors vapes state
nicotine _ Smoking oes cases people States
b n cigarettes died S\ .
a ac
= o \injury diseasg -
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2 g PEOpPIe
e & entirs B health AV Sy
cause thc legal niceting outbreak cd
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LaRbs contro deaths

punlic tobacco

diseases
illegal

Injuries prevention

Figure 2. Vaping Epidemic Figure 3. Lung Diseases and Injuries
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The use of e-cigarette or vaping products resulted in an outbreak in lung diseases. According to Figure 3,
tweets related to “vaping”, “lung”, “disease”, and “injury” dominated this category followed by “centers”,
“control”, and ‘deaths”. Example tweets include “there have been several reports of severe lung disease in
young people. Most were using regular vape and marijuana’, “this generation seriously created a new
type of lung disease from vaping”, and “as nicotine is a drug that impacts the cardiovascular systems and
the chemicals in vaping solutions are causing lung disease”. Our findings are in agreements with
information available on Centers for Disease Control and Prevention (CDC). In November 2019, CDC has
confirmed 2,290 e-cigarette or vaping related lung injury cases, with 47 deaths as of February 4, 2020 (CDC
2020).

Many different reasons could lead to coughing. Vaping techniques and the use of e-cigarettes are considered
one of the main reasons for coughing, especially when the body is exposed to vapors from e-cigarettes
(Qasim et al. 2017). Furthermore, the use of e-cigarette or vaping is also related to symptoms such as
shortness of breath and chest pain (Fumerton et al. 2019). Our findings are in agreements with existing
literature. According to Figure 4, tweets related to “cough” and “chest” dominated this category followed
by “coughing” and “vaping”. Example tweets include “if you start coughing get to the doctor fast. My
roommate got pneumonia from the vapers causing moisture” and “I like vaping, but I started coughing
up phlegm with bits of vape oil in it”.
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products
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Figure 4. Coughing Figure 5. Heart Diseases

The use of e-cigarette or vaping products is related to heart related health issues. The long-term use of e-
cigarette or vaping products could cause lethal cardiopulmonary issues such as heart attack, stroke, and
congestive heart failure (Perez et al. 2019; Wiebel et al. 2019). Our findings are in agreements with existing
literature. According to Figure 5, tweets related to “health”, “heart”, “issues” dominated this category.
Example tweets include “e-cigarette flavors can damage the cells that line your blood vessels and perhaps
your heart health down the line” and “my chest and lungs and heart were all tight and I had tunnel vision
so I am done vaping now”.

The use of e-cigarette or vaping products is related to throat burn, which could lead to mouth and throat
irritation. Such burn could be caused because the nicotine is to string or if the smoker is new to vaping and
has no experience. Our findings are in agreements with existing literature (Balkissoon 2019). According to
Figure 6, tweets related to “vapor”, “throat”, and “hot” dominated this category. Example tweets include
“most vape juices make my throat burn” and “all the people switch to menthol and start having throat
burns from drinking cold liquid after vaping for extended periods of time”.
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Figure 6. Throat Burn Figure 7. Respiratory Related Risks

The use of e-cigarette or vaping products is related to several respiratory illnesses and diseases.
Dicpinigaitis et al. (2019) reported that respiratory failure could happen due to oils inhaled through a
variety of vaping products. Respiratory illnesses and diseases caused by vaping products one of the most
concerning issues that still need further investigation as quickly as possible (FDA 2020a). Our findings are
in agreements with existing literature and information available from the FDA and CDC. According to
Figure 7, tweets related to “vaping” and “respiratory” dominated this category. Example tweets include “I
can’t be active when my respiratory system is being damaged by unhealthy vapors and or cigarette smoke”,
and “black market THC cartridges are what's killing people. It had vitamin E acetate in it, that when inhaled,
causes respiratory failure”.

The use of e-cigarette or vaping products is related to dizziness. Dizziness is not mainly related to vaping in
general, it is more related to vaping nicotine. According to Hua et al. (2020), dizziness was on the most
frequent symptom related to e-cigarette or vaping products usage. Furthermore, according to a number of
reports, dizziness was one of the most commonly reported adverse symptoms of e-cigarettes. Our findings
are in agreements with existing literature. According to Figure 8, tweets related to “dizzy” followed by “vape”
dominated this category. Example tweets include “breathing xylene vapors in small amounts can cause
headache, dizziness, drowsiness, and nausea” and “I eventually vaped flavorless nicotine till cigarettes
seemed stupid and tasted horrible. A mere 5 years later I got sick of wavering quality and import rules
and quit nicotine. Two years of cramps and dizziness. I ain’t going back though”.
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Figure 8. Dizziness Figure 9. Addiction

The use of e-cigarette or vaping products could lead to addiction-like behaviors by making changes in the
symbolic significance and embodied experience of nicotine addiction (Keane et al. 2017). Furthermore,
juicy, fruity, or sweet liquid flavor might make users dependent on or be addicted to the product (Li et al.
2018). Our findings are in agreements with existing literature. According to Figure 9, tweets related to
“vaping” followed by “addiction” dominated this category. Example tweets include “slurping down 5 coffees
a day and vaping to the point of imminent popcorn lung: I'm so glad I've managed to overcome my
addictions” and “I think the severity of my respiratory symptoms this time around had convinced me I need
to kick the vaping habit, and finally free myself of my nicotine addiction”.
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The use of e-cigarette or vaping products could cause upset stomach, a disorder of digestive function
characterized by discomfort or heartburn or nausea (Blumenauer et al. 2003). Our findings are in
agreements with existing literature. According to Figure 10, tweets related to “stomach” followed by
“vaping” dominated this category. Example tweets include “vaping helped a lot & would still be using it,
but it hurt my stomach” and “I haven’t had that issue, just the upset stomach when I smoke a higher
percent of nicotine”.
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Figure 10. Stomach Issues Figure 11. Bronchitis

Chronic bronchitis , sometimes referred to as chest cold, is defined as chronic cough and sputum production
for three months a year for two consecutive years (Kim and Criner 2015). Bronchitis causes inflammation
of the lining of the bronchial tubes and leads obstruction in airflow (Makh et al. 2018). It could lead to many
different consequences including but not limited to hastening lung function decline, exacerbations risks,
reducing health related quality of life, and possibly increase mortality. Our findings are in agreements with
existing literature. According to Figure 11, tweets related to “bronchitis” and “chest” followed by “vaping”
dominated this category. Example tweets include “My doctor was extremely pleased I quit smoking and
started vaping. I haven't been sick or had bronchitis since I've been vaping”, “I have bronchitis don’t vape
kids”, and “I got chemical bronchitis from an illegal vape”

The use of e-cigarette or vaping products could cause cancer because the vapor from such products contains
cancer-causing chemicals. In general, smoking could lead to different kinds of cancers including but not
limited to stomach cancer, bladder cancer, throat cancers, and is the cause of nearly 90% of lung cancer
cases (Lin 2019). Our findings are in agreements with existing literature. According to Figure 12, tweets
related to “vaping” and “lung cancer” followed by “cancer” dominated this category. Example tweets include
“suffering from lung cancer after using ‘dank vape cartridges”, “this would be the second death out of
over two hundred cases linked to lung cancer caused by vaping”, and “there have been cases of young
people dying in the past month or two in the US from vaping. They are linking it to a case of lung cancer
found in a 19yr old boy recently as well”.
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Conclusion and Limitations

In this research, we explored health issues related to the use of e-cigarettes and vaping products on social
media by collecting and analyzing recent Twitter data. We used machine learning techniques, topic
modeling, to automatically analyze the content of the collected tweets. Results showed a number of health-
related issues are being discussed on social media. These issues are mainly related to lung diseases and
injuries, coughing, heart diseases, throat burn, respiratory related risks, dizziness, addiction, stomach
issues, bronchitis, and cancer. Findings from the analysis could help increase the awareness about the
vaping epidemic and the health impact of e-cigarettes and vaping products.

This research expanded the existing literature on the use of social media data to address aspects related to
e-cigarettes and vaping products. This research addressed an important aspect of e-cigarettes and vaping
products, namely the health aspect. While the existing literature focused on aspects related to product
design, flavors, marketing, and promotion; limited research addressed health issues related to e-cigarettes
and vaping products use. Our findings support existing literature that reported headache, coughing,
malaise, asthma, dehydration, and pharyngitis as the most frequently reported symptoms and disorders
associated with e-cigarettes. Furthermore, we were able to identify more issues related to dizziness,
addiction, stomach issues, bronchitis, and cancer.

The study provides an understanding of information shared on social media platforms, such as Twitter,
about vaping and e-cigarettes and highlights important concerns and healthcare related issues associated
with such products. Furthermore, it helps fight the misconceptions and defy rumors that such products are
not harmful and much better than regular cigarettes. The research could be further improved by identifying
a more focused set of tweets by looking at specific age group or products and flavors. Also, additional social
media data from other platforms could help improve and strengthen the findings.
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