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Abstract

Introduction: Vaping product use (i.e., e-cigarettes) has been rising since 2000 in the United 

States. Negative health outcomes associated with vaping products have created public uncertainty 

and debates on social media platforms. This study explores the feasibility of using social media as 

a surveillance tool to identify relevant posts and at-risk vaping users.

Methods: Using an interdisciplinary method that leverages natural language processing and 

manual content analysis, we extracted and analyzed 794,620 vaping-related tweets on Twitter. 

After observing significant increases in vaping-related tweets in July, August, and September 

2019, additional human coding was completed on a subset of these tweets to better understand 

primary themes of vaping-related discussions on Twitter during this time frame.

Results: We found significant increases in tweets related to negative health outcomes such 

as acute lung injury and respiratory issues during the outbreak of e-cigarette/vaping associated 

lung injury (EVALI) in the fall of 2019. Positive sentiment toward vaping remained high, even 

across the peak of this outbreak in July, August, and September. Tweets mentioning the public 

*Corresponding Author Dezhi Wu, PhD, Department of Integrated Information Technology, University of South Carolina Columbia, 
SC, USA, dezhiwu@cec.sc.edu.
Authors’ Statement: All the authors substantially contributed to the conceptualization or design of the study, or data extraction, or 
analysis and interpretation of data; drafting the article or revising it critically for important intellectual content; and final approval of 
the version to be published.

Conflicts of interest: None of the authors has any relevant conflicts of interest or financial disclosures that should be reported here.

Ethics and Institutional Review Board approval: Ethics and Institutional Review Board (IRB) approval was obtained from 
Washington University – IRB Approval #202101009.

Publisher's Disclaimer: This is a PDF file of an unedited manuscript that has been accepted for publication. As a service to our 
customers we are providing this early version of the manuscript. The manuscript will undergo copyediting, typesetting, and review 
of the resulting proof before it is published in its final form. Please note that during the production process errors may be discovered 
which could affect the content, and all legal disclaimers that apply to the journal pertain.

HHS Public Access
Author manuscript
Int J Med Inform. Author manuscript; available in PMC 2022 November 01.

Published in final edited form as:
Int J Med Inform. 2021 November ; 155: 104574. doi:10.1016/j.ijmedinf.2021.104574.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



perceptions of youth risk were concerning, as were increases in marketing and marijuana-related 

tweets during this time.

Discussion: The preliminary results of this study suggest the feasibility of using Twitter 

as a means of surveillance for public health crises, and themes found in this research could 

aid in specifying those groups or populations at risk on Twitter. As such, we plan to build 

automatic detection algorithms to identify these unique vaping users to connect them with a digital 

intervention in the future.
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1 Introduction

From 2011 to 2018, the number of e-cigarette users increased from approximately 7 million 

to nearly 40 million users with approximately 3.2% of US adults reporting use of vaping 

products in 2018 [1, 2]. Of further concern, 4.7% of middle school and 19.6% of high 

school students reporting use of these products in 2020 [3, 4] and the US Food and Drug 

Administration (FDA) declared youth vaping an epidemic in 2018 [5, 6]. In the fall of 2019, 

there was a spike in acute health consequences related to vaping, including lung injury, 

respiratory infections, seizures, and even death [7-9]. There was a rapid increase in cases 

and severity of E-cigarette or Vaping Associated Lung Injuries (now referred to as EVALI) 

during this period, with the CDC reporting 2,807 cases and 68 deaths related to this EVALI 

outbreak in 2019 [5]. This outbreak started in the spring of 2019, with US public health 

officials opening formal investigations to EVALI cases in July 2019 [10], increasing new 

coverage on this issue. On September 27, 2019, the CDC released information linking the 

use of unregulated and marijuana vaping products with the EVALI [11].

Social media platforms are often used to share personal opinions and views related to 

substance use, including the misuse of prescription drugs [12], substance effects and adverse 

side effects [13, 14], and substance use recovery [15]. This content is rich with both public 

health and clinical information, is publicly accessible, and is a viable way to examine 

substance use trends. As a social media platform heavily covering both media and news 

perspectives as well as personal opinions on a variety of topics, Twitter has the capacity 

to be used as a means of surveillance for public health crises [16], such as the EVALI 

crisis of 2019. Prior studies have documented that Twitter can be used to characterize 

and monitor public and media discussions on mental health and substance use topics 

[17-19], including vaping [20, 21] through providing valuable insights and informative 

strategies for detection and outreach for prevention and intervention. Numerous technical 

strategies have been leveraged to investigate content and public perceptions surrounding 

mental health and substance use specifically on Twitter, a social media platform heavily 

covering both media and news perspectives as well as personal opinions on a variety of 

topics. For example, text mining and statistical analysis have been used in the examination 

of depression and suicidal content on the Twitter platform [18, 22] and in the understanding 

of vaping flavors worldwide [21]. Further, sentiment analyses have been used on Twitter to 

better understand tobacco use attitudes and public perception [20, 23]. Additionally, natural 
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language processing (NLP) and machine learning (ML) have been applied to text mining 

of Twitter content to inform detection models aimed to identify tweets relevant to vaping, 

tweets with pro-vape sentiments [24] and purchasing and use behaviors surrounding illicit 

opioids and marijuana access [27].

These studies, however, were conducted prior to the EVALI outbreak in 2019. Recent 

literature related to the EVALI crisis on Twitter has used social network analysis to 

track the spread of information [26] related to negative health outcomes and infoveillance 

strategies to correlate hospital admissions and death related to vaping during this time 

[27]. Nevertheless, previously limited integration of both clinical and technical expertise 

provides an opportunity to expand possible feasibility evaluations toward a more detailed 

and clinically informed investigation of vaping and the EVALI outbreak on Twitter.

In this study, we leverage text mining techniques (e.g., NLP) along with traditional 

behavioral content analysis approaches to examine tweets related to the EVALI outbreak 

in fall 2019 on Twitter [28]. NLP techniques enable automatic analyses of a large amount 

of Twitter data via term frequency and sentiment analysis, while traditional behavioral 

content analyses allow for deeper insights into themes within a small sample of this Twitter 

data. The combined approach aims to better understand the context with which keywords, 

phrases, sentiments, and themes shifts occurred within these discussions. Our results may 

inform later development of an advanced detection algorithm based on NLP and ML for 

identifying unique Twitter users who may be at risk for vaping-related negative health 

outcomes. The current study seeks (1) to identify trends of the EVALI crisis discussions on 

Twitter across 2019 and generate main themes using NLP and human annotation methods, 

and (2) to examine sentiment surrounding vaping on Twitter in relation to negative health 

outcomes discussed during this time frame.

2 Methods

We extracted a random sample of 794,620 tweets from January 2019 to December 2019. 

This strategy of sampling pre-, during- and post-EVALI outbreak tweets gathered roughly 

40% of the extracted 2019 vaping-related tweets using specified keywords, thus providing a 

representative sample for analysis. Specific keywords for this study were clinically relevant 

keywords based on our manual reviews of nearly 200 randomly sampled tweets across the 

2019 timeframe by our clinical team. Keyword list (See Appendix 1) included “vaping/vape” 

and 60 other specifying terms from several categories guided by our primary research 

questions on exploring: (1) negative health outcomes from vaping, (2) positive health 

outcomes from vaping, (3) sentiments toward vaping products, (4) marijuana/weed or related 

unregulated product, and (5) youth and young adult age groups mentioned.

After data cleaning, we used three approaches for analysis of this dataset extracted from 

Twitter. First, we conducted a sentiment analysis to determine positive or negative sentiment 

toward vaping in tweets during each of the respective months in 2019. Second, we utilized 

frequency counts from the different keywords identified to generate trend results for these 

main themes. Third, we completed manual coding on a subset of 600 tweets (200 from 

July, August, September 2019) to more thoroughly explore those themes identified in the 
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trend and sentiment analyses from a clinical point of view. An overview of these methods is 

provided in Figure 1.

The methods of data extraction and analysis were reviewed by the Washington University 

Institutional Review Board (IRB# 202101009). As the data examined were publicly 

available social media data, this study was determined to be non-human subjects research 

and exempt from review.

2.1 Data Collection

We used an open-sourced Python library, GetOldTweets3 [29] with identified vaping 

keywords provided by our clinical team for accessing the Twitter APIs to extract a random 

sample of 794,620 tweets from January 2019 to December 2019. The Python module 

GetOldTweets3 allows us to access and extract historical tweets of any date and topic, 

specified with a constraint of the Twitter APIs providing limited access to data more than 

1 week old. There were no restrictions for scraping a large number of tweets or accessing 

historical tweets using this method, therefore providing a representative sample of tweets for 

subsequent analysis [29, 30].

2.2 Sentiment Analyses

Sentiment analysis is a common computational technique to measure the subjectivity, 

opinions, attitudes, and emotions in texts [31]. This approach quantifies the sentiment 

contents in the given texts in a continuum scale (e.g., [−1, 1]) [32]. We deployed a 

Python library for processing textual data, namely TextBlob, for sentiment analysis [33]. 

TextBlob provides a simple API for diving into common NLP tasks [34, 35]. We used 

the PatternAnalyzer module implemented in the TextBlob with the pattern library [36] to 

evaluate the sentiment of a tweet. The PatternAnalyzer reports the sentiment score and 

subjectivity of a tweet in a named tuple of the form sentiment (polarity, subjectivity). The 

polarity score is a float within the range [−1.0, 1.0]. The subjectivity is a float within 

the range [0.0, 1.0], where 0.0 is very objective and 1.0 is very subjective. Based on the 

sentiment score, our approach used in this study further classified tweets into positive, 

negative, and neutral sentiment toward vaping. We then calculated the distribution of tweets 

in terms of the three sentiment types per month.

2.3. Keyword Categorization and Trend Analysis of Primary Themes

After tokenizing each tweet into words, we removed the stop words, irrelevant words and 

special characters and calculated the frequency of each word and its monthly trend. We used 

a word cloud to visualize the top discussed words in the tweet collection, a common way to 

represent themes and frequencies by depicting specific words related to this topic found in 

the dataset in different sizes and color contrast. The bigger and brighter the word appears, 

the more often it is mentioned within all tweets.

We further manually categorized the frequently mentioned words into three important 

themes/topics relevant to our research questions and study aims. We then analyzed the 

frequencies of top mentioned words linked to the topics in the tweet corpus and their trends 
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over time on: (1) negative health outcomes, (2) marijuana or unregulated products, and (3) 

youth and young adult age groups mentioned.

2.4 Manual Coding and Analyses

During the EVALI outbreak, July, August, and September of 2019 were identified as months 

during and just prior to the dramatic increase in vaping-related discussions in September 

on Twitter based on both the content and sentiment analyses outlined above. As such, a 

random sample of 200 tweets were pulled from each of these months for in-depth human 

coding toward contextual content analysis. Specifically, members of our clinical team with 

experience in substance use research (students in psychology, social work, or public health 

at the graduate level and/or with relevant experience coding qualitative social media data 

led by author PCR, a licensed clinical psychologist) used inductive and deductive methods 

to construct a codebook based on a review of sample tweets and informed by previous 

literature [37, 38]. Three primary coding categories were used: (1) type of tweet, including 

personal, marketing, or media/news/other [39]; (2) sentiment toward vaping [40]; and (3) 

health outcomes mentioned, including both positive (e.g., quitting combustible smoking) and 

negative (e.g., lung injury, death, addiction/dependence) [39, 41]. Secondary concepts that 

were coded as either present/not present including (1) Mentions teens/adolescents/young 

adults [42]; and (2) Mentions marijuana/weed/CBD/THC [43, 44]; Two independent human 

coders reviewed each tweet and assigned applicable codes based on text content with an 

average KAPPA score of 0.62, which is deemed as a substantial agreement [45]. A third 

coder then reviewed the coding from each preliminary coder and provided final codes for 

those tweets on which there was disagreement [46], which is a third-party resolution method 

used in previous qualitative analysis literature [47]. Both frequency and qualitative themes 

were then compared to the preliminary results from the computer science analyses to aid in 

the conceptualization of the clinical themes reflected in the dataset.

3 RESULTS

Overall trends in vaping-related tweets used for both sentiment and content analyses and 

involved unique users are shown in Figure 2. The vaping-related tweets and involved unique 

users had a similar trend in 2019. Results from analysis of the 794,620 tweets collected in 

2019 indicated a spike in vaping-related discussions on Twitter in August and September, 

with a slight increase already in July.

3.1 Sentiment Keywords and Sentiment Analysis

All vaping-related tweets increase in frequency in July, August, and September, and 

positive sentiment tweets were found to outnumber negative sentiment tweets even 

throughout the peak of the EVALI crisis (see Figure 3A). As an example, in September 

2019, positive sentiment tweets reached their peak with 98,334 posts comparing to 

62,202 negative sentiment posts. In order to better understand how sentiment may 

have differed across types of users/organizations posting this content, we further 

categorized these vaping-related tweets into three categories: (1) Tweets associated 

with vaping brand advertisements (using keywords such as “JUULvapor,” “blucigs,” 

“csvape,” “ijoyglobal” etc.), for which sentiments are illustrated in Figure 3B; (2) Tweets 
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mentioned news and government agencies toward vaping (using keywords including 

“WSJ,” “time,” “washingtonpost,” “nytimes,” “ABC,” “CNN,” “CDCgov,” “US_FDA,” 

“FDACommissioner,” “FDAMedWatch,” “FDATobacco” and so on), and (3) Tweets 

mentioned vaping posted by general Twitter users for which sentiments are shown in Figure 

3C. It is expected that vaping brands posted far more positive sentiment tweets toward 

vaping, for example, in September 2019, only 18 negative sentiment tweets in comparison 

to 136 positive vaping-related tweets. Notably, among the vaping-related tweets mentioned 

in news and government agencies, positive sentiment tweets are also far exceeding negative 

sentiment tweets toward vaping in 11 out of 12 months with a peak month in September 

2019 indicating 136 positive vaping-related tweets in comparison to 61 negative tweets. The 

postings from government agencies such as the CDC were mostly to advocate for people 

to quit vaping and understand risks. It was further observed that positive sentiments from 

vaping business brands (2535 tweets, 0.319%) and the news and government agencies (1020 

tweets, 0.128%) merely represented a minor portion of overall extracted tweets (totally 

794,620 tweets) in 2019. During the EVALI outbreak period, the positive sentiment trend 

was similar to the whole year’s trend that only 0.29% of positive tweets were from vaping 

brands and 0.14% of them were from news and government agencies.

Human coding reflected a bias toward positive sentiment tweets in July and August but 

noted a shift toward negative sentiment in September 2019. Tweets with positive sentiment 

were most often defending the use of vaping products during the crisis, stating that tobacco 

vaping is distinctly different and safer than marijuana vaping and continuing to assert that 

vaping is an essential alternative to combustible tobacco smoking (see Table 1).

3.2 Content Analysis of Primary Themes

We examined the mentions of keywords on three primary themes overtime in 2019, 

including 1) negative health outcomes (NHO), 2) marijuana/unregulated products (MJ), and 

3) youth /adolescents (ADOL). Figure 4 outlines the frequency of keyword mentions for 

each of these themes across each month and visual depiction of top keywords appearing in 

July, August, and September 2019 are provided in a word cloud in Figure 5.

Human coding at the tweet level delineated positive and negative health outcomes mentioned 

related to vaping, demonstrating that positive health outcomes (e.g., mentions of quitting 

combustible smoking) were mentioned more frequently than negative health outcomes (e.g., 

EVALI) in July and August, with a shift in September during the peak of the EVALI crisis 

in 2019 (see Table 2). Nearly all tweets mentioning positive health outcomes due to vaping 

were related to the use of these products to quit combustible tobacco smoking. Further, 

mentions of health workers, researchers, and medical outcomes were most often discussed in 

tweets sharing media or news articles related to EVALI. Due to public health considerations 

about the contribution of additives and unregulated marijuana vaping products to the EVALI 

crisis, tweets mentioning marijuana and black-market products were also examined across 

2019 (see Table 3). Although trends indicate youth keywords were mentioned along the 

same trend line as negative health outcomes and unregulated product keywords, human 

coding reflected a higher rate of youth-related tweets in July, with a decreased in August and 

September (Table 4). July tweets most often mentioned adolescents and young adults as a 
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group at higher risk for vaping product use and for the need for prevention efforts among 

this group, while August and September tweets outlined public health messages toward all 

age groups regarding acute EVALI concerns.

4 Discussion

Investigations into discussions on Twitter during the EVALI crisis of fall 2019 support 

the use of Twitter as a means of public health surveillance for substance use concerns, 

including health outcomes surrounding vaping. The text mining and manual content analysis 

approaches used in this study provide insights on not only important themes and keywords 

post-crisis, and sentiment of these tweets were also examined. Furthermore, in-depth 

human coding analysis from a clinical perspective in this study also informs the design 

and development of future detection algorithms for vaping-related risks on social media 

platforms, strategies which have particular importance during the COVID-19 pandemic in 

which access to traditional recovery supports may be limited due to social distancing and 

public health precautions. A detailed understanding of public and media perceptions on 

Twitter as outlined in this study is crucial toward developing accurate ML models for 

intelligently detecting those themes most related to health risks and informing subsequent 

outreach strategies to unique Twitter users.

Notably, multiple computer science techniques as well as human coding identified higher 

rates of positive sentiment tweets than negative sentiment tweets, even when the EVALI 

concerns including death increased during July and August of 2019. Further, mentions of 

an overall teen vaping epidemic couched in long-term effects were replaced with keywords 

and discussions on the acute EVALI symptoms emerging. Human coding analysis further 

identified highly polarized viewpoints (i.e., pro-vaping vs. anti-vaping) on Twitter with 

regard to vaping, even in July prior to the dramatic increases in August and July. As negative 

health outcomes were increasing and becoming more severe, pro-vaping groups appeared 

to defend vaping as an essential form of harm reduction for combustible smoking. Policies 

in the news during this time frame regarding banning vaping products received several 

critiques, with tweets suggesting that restriction of regulated tobacco vaping products would 

drive vaping product users into the black market (where risk is higher) and would remove 

a necessary harm reduction tool for those dependent on nicotine pushing them back toward 

combustible tobacco use. While marijuana and unregulated products were later identified 

as drivers of the EVALI crisis [9], these investigations and detailed examinations of public 

perceptions inform future public health outreach efforts among the vaping community or 

those at-risk for uptake, suggesting receptivity of risk information from peers or others who 

vape may be higher than from public health or medical research sources [48, 49].

The mixed methods approach used in this study suggest the feasibility of developing 

algorithms for detecting users at risk for negative health outcomes, or those who are at 

risk for vaping product uptake. Computer science strategies allowed for a representative 

and surveillance-based overview of public perception, primary topics, and sentiment shifts 

surrounding vaping on Twitter, while more detailed clinical coding and interpretation of 

content at the individual level can inform extension of these results toward the development 

of feasible and effective methods of outreach and intervention. In July 2019, there were 
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few mentions of negative health outcomes due to vaping, and most of these tweets were 

from media or news organizations. However, in August 2019, the number of unique users 

increased, suggesting that individual users were now reacting and sharing opinions, both 

rejecting or accepting, the emerging news surrounding EVALI incidences. This increase in 

individual users suggests that such time frames may allow for targeted and timely detection 

and outreach efforts for such health crises, which has been shown in previous literature for 

behavioral health including substance use [18, 23]. Further, tweets during the peak of the 

EVALI crisis also mentioned adolescent and young groups thought to be most at risk, which 

could be used to inform algorithm development to employ strategies to directly target users 

of this age group for intervention.

The current study has several strengths, including the EVALI timeframe from which the 

data was extracted, and the interdisciplinary strategies used for analysis. Many of the studies 

using Twitter for surveillance of vaping-related content were conducted prior to the EVALI 

outbreak, and the use of 2019 data in the current study allows for identification of specific 

topics with regard to health risks and outcomes, uncertainty surrounding public health 

communications, and distinct public sentiment toward vaping during this crisis. Further, our 

inclusion of human coding and analysis of themes provides a more in-depth evaluation of 

public opinions on vaping and experiences of those who vape during such an outbreak. 

Topics identified in this study may be both unique to this 2019 timeframe, as well as 

highlight signals of on-going vaping discussions and debates on this platform. There are 

also several limitations to note. First, we were only able to delineate personal and marketing 

tweets from all other types (e.g., media/news, others) within a smaller sample using human 

coding. Second, we were unable to categorize each tweet based on demographics or user 

age and were only able to analyze age groups mentioned within the text of each tweet to 

provide an overall understanding of public perceptions of risk groups. Additionally, a more 

comprehensive extraction of tweets and a large sample of human coding throughout the 

entire 2019 timeframe could aid in better theme representation and more nuanced analyses 

to provide context for surveillance feasibility even prior to July 2019.

Overall, our interdisciplinary approach combining text mining and qualitative clinical 

coding supported the use of Twitter as a platform for surveillance of public sentiment 

and discussion surrounding vaping health outcomes. Such surveillance methods could be 

extended to other substance use and mental health concerns on both Twitter and other 

social media platforms, to better understand and inform strategies to improve public health 

outcomes at large.

ACKNOWLEDGMENTS

Funding for this work was provided by the National Institutes of Health (NIH) [Grant No: K02 DA043657 AWARD 
(Cavazos-Rehg), the University of South Carolina [Grant No: 80002838 (Wu)], and with partial support from the 
USC Big Data Health Science Center, a USC excellence initiative program [Grant No: BDHSC-2021-14]. The 
content is solely the authors' responsibility and does not necessarily represent the official views of the funding 
agencies. We would also like to acknowledge Nina Kaiser, Melissa Vazquez, and Raven Riordan for their work 
in manual coding tweets for this study, as well as Lijuan Cao who assisted with conceptualization and early data 
collection. The authors have no conflicts of interest to report.

Kasson et al. Page 8

Int J Med Inform. Author manuscript; available in PMC 2022 November 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Appendix

APPENDIX I

Keyword lists used to extract vaping-related tweets:

lung, injury, health, illness, popcorn, epidemic, disease, die, dying, breathe, breathing, 

cough, coughing, trouble, problem, sick, safer, addicted, pneumonia, hospital, healthy, 

healthcare, ecigs, ecigarette, electronic, vaper, vapor, vapers, quit, quitting, smoke, smoking, 

safe, better, cigarette, tobacco, lungs, injuries, illnesses, popcornlung, death, deaths, evali, 

respiratory, fatal, case, cases, crisis, danger, dangers, dangerous, concern, concerns, cause, 

causes, severe, threatening, doctor, risk, addiction, addictive, addicting.

Above words were combined with the words ‘vape’ and ‘vaping’.

APPENDIX II

Manual Codebook Details Instructions

Positive Sentiment toward Vaping

Choose oneNegative Sentiment toward Vaping

Neutral/Unclear Sentiment toward Vaping

Teens

Present/Not PresentMentions Marijuana/Weed or Related Unregulated Product (including 
THC, CBD)

Mentions Negative Health Outcomes (NHO)

Choose Parent Code, Subcodes as Applicable

Mentions Illness (Respiratory or other) as NHO

Mentions Hospitalization/Death as NHO

Mentions Dependence/Addiction as NHO

Mentions Positive Health Outcomes

Mentions Cessation or reduction in combustible smoking (tobacco or 
other substance) as PHO

Mentions Other/Neutral Health Outcomes

No Clinical Codes Choose if No Codes Marked Above

APPENDIX III

Keywords Manually Grouped for Negative Health Outcomes: death, illness, lung, die, 

health, kill, issue, dangerous, disease, risk, crisis, danger, sick, doctor, cancer, warn, severe, 

injury, epidemic, addiction, damage, deadly, addict, harm, respiratory, harmful, patient, 

medical, hospitalize, dead, hurt, hospital, cough, breathe, addictive, emergency, breathing, 

ill, suffer, symptom, breath, toxic, sicken, panic, pulmonary, infection, physician, diagnose, 

popcorn, pain, collapse, sickness, oxygen, copd, asthma, abuse

Keywords Manually Grouped for Marijuana/Unregulated Products: thc, oil, 

black_market, illegal, cartridge, market, cannabis, chemical, drug, high, vitamin, hit, weed, 
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street, cbd, pot, substance, unregulated, unregulated, counterfeit, illegally, bootleg, cannabi, 

contaminate, dispensary, stonerlife

Keywords Manually Grouped for Teens/Youth/Adolescents: kid, teen, child, young, 

youth, student, teenager, minor, underage, high_schooler
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Highlights:

• Positive sentiment toward vaping outweighed negative sentiment across 2019

• Mentions of lung injury and negative health outcomes peaked in September 

2019

• Manual coding identified marijuana products and youth as primary themes

• Twitter data can serve as a surveillance tool to identify changes in risk over 

time

• Themes identified on Twitter can inform public health interventions and 

outreach
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CCS CONCEPTS • content analysis • sentiment analysis • text mining
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Figure 1. 
Methods for Data Extraction and Data Analysis
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Figure 2. 
Total Tweets and Tweets from Unique Users in 2019
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Figure 3. 
Positive and Negative Sentiment Toward Vaping in 2019 Tweets
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Figure 4. 
Instances of Vaping-related keywords mentioned by primary themes across 2019
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Figure 5. 
Word Cloud for vaping-related tweets in July, August, and September 2019
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Table 1:

Sentiments for Vaping Products Mentioned in 2019 Tweets

 Month Jan Feb Mar Apr May Jun Jul Aug Sept Oct Nov Dec

N=188 N=192 N=198

Negative 
Sentiment

84 93 69

Example 
Tweets:

•(Jul) “Teenage vaping is an epidemic, and now youth are facing addiction to nicotine and some are seeing health issues after 
becoming dependent on e-cigarettes. https://wapo.st/2yjFEcC”
• (Jul) “Do you still want to take that hit? If you vape, you’re four times more likely to start smoking. #JUULisOVER”
• (Aug) “I’ve heard from several smokers, vaping is more harmful than smoking.
• (Aug) “Yeah, I knew this was coming. What about vapor bubbles accumulated in lungs? DUH. DIDN'T IT OCCUR TO PEOPLE 
THAT VAPING IS JUST AS DUMB AS SMOKING.”
• (Sept) “LMAO I don’t support the vaping ban but you all are fools if you really believe vaping is a better alternative to smoking”
• (Sept) “At least smoking kills you over 40 years, evidently vaping kills you in four, I’ll stick with my cigarettes”

Positive 
Sentiment

82 53 95

Example 
Tweets:

• (Jul) There are no circumstances in which vaping is more dangerous than smoking. None at all. Vaping is not a public health 
hazard because it is >95% safer than smoking and can replace smoking for many addicted to nicotine. It creates significant public 
health benefits.”
• (Jul) “The benefit of vaping and other non-combustibles is not just that they reduce smoking, but that they do it by user choice 
and without relying on coercive measures like taxes or stigma on users. The 'how' matters as much as the 'what' - though the 'why' 
to quit is the same.”
• (Aug) “…but if you smoke and are trying to quit, #vaping may be an excellent #harm reduction strategy—in which case: vape!”
• (Aug) “Vaping is: The most effective smoking cessation aid ever invented. 2-3 times more effective than patches, gums, 
sprays. It is no more addictive or harmful than patches. #VapingSavesLives STUDIES: https://www.nejm.org/doi/full/10.1056/
NEJMoa1808779”
• (Sept) “Even if they take all vaping products away, I will continue to stand for the truth about vaping and use whatever resources 
I have to share the truth until vaping and vapor products are supported as the life saving cessation products they are.”
• (Sept) “Your lack of empathy toward 3.3 million adult smokers who have quit by vaping, 5 million more adult vapers on the 
journey to quit, and 36 million US smokers, is awful. Talk to an adult vaper. They are not corporations. They are PEOPLE.”

Neutral/
Unclear 
Sentiment

22 47 34
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Table 2:

Health Outcomes Due to Vaping Mentioned in 2019 Tweets

Keyword
Jan Feb Mar Apr May Jun Jul Aug Sept Oct Nov Dec

Human 
Coding

N=188 N=192 N=198

Mentions Negative Health 
Outcomes

74 38 118

 Mentions EVALI 38 9 58

 Mentions Hospitalization/
Death

0 6 51

 Mentions Dependence/
Addiction

13 11 6

Mentions Positive Health 
Outcomes

57 46 31

 Vaping to Quit Combustible 
Smoking

47 41 30

Example 
Tweets:

Negative Health Outcomes
• (Jul) “Doctors suspect vaping is behind severe lung damage found in eight Wisconsin teenagers http://hill.cm/binmXMs”
• (Jul) “It's addictive. It damages lungs. It limits brain development. It's a waste of money. It's not biodegradable. It can cause 
cancer. Please keep your kids away from it and… DON'T VAPE #ecig #vapes”
• (Aug) “Quit vaping people!!! You all will be collapsed lungs like me!!”
• (Sept) “In case you have not realized, vaping is not safer than smoking. YOU ARE BEING LIED TO!”
• (Sept) “Do any of you think that all this anti vaping shit lately is a scam by big tobacco to get people already addicted to nicotine 
to start smoking cigs?”
• (Sept) “I know vaping fans will tell you how much healthier it is compared to smoking, but something is seriously wrong. The 
suggestion is that you stop immediately until they can determine why people are dying.”
Positive Health Outcomes
• (Jul) “Vaping is saving lives by helping people quit smoking traditional cigarettes”
• (Jul) “Evidence on the Safety of E-cigarette #eCig #eCigarette #vape #vapingSavesLives #TobaccoHarmReduction”
• (Aug) “My dad was a two pack a day smoker. Vaping is the only thing that worked for him to quit. Now he only vapes a few 
times each day. I consider that a miracle”
• (Aug) “Vaping is the only thing that works for me. I still have dreams of buying cigarettes six years later.”
• (Sept) “I spent 10 years of my life smoking cigarettes. 10 years of addiction that I knew would kill me. I knew my kids would 
watch me suffer. I knew I'd leave them too early…. 2 years ago, vaping saved my life. I say we #RiseAndVape.”
• (Sept) “I for one have no intention of stopping people from getting off of deadly cigarettes! I am not above civil disobedience & 
posting bail! I Cannot Allow Vaping To Die! If I have to make own mods & my own liquid and teach others how I will do it! I will 
not stop”
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Table 3:

Marijuana and Unregulated Products Mentioned in 2019 Tweets

Keyword
Jan Feb Mar Apr May Jun Jul Aug Sept Oct Nov Dec

N=188 N=192 N=198

Mentions Marijuana, 
Cannabis, CBD/THC

8 31 38

Example 
Tweets:

• (Jul) “The "vaping" hospitalizations seem entirely due to illicit drugs. This is *not the same thing* as vaping. Any journal or 
health professional who equates the two is dangerously irresponsible. & These illnesses *will happen more* as legal vaping is 
banned or restricted.”
• (Jul) “They tell us 3.6 million teens have tried vaping, but now we are supposed to believe that 8 kids got lung damage and 
hospitalized from vaping regular e-cigs? No, this was black market stuff and could have contained other drugs and chemicals.”
• (Aug) “vape usually has nicotine which is addictive so just know that before you start. weed is usually fine but make sure if you 
are smoking a joint that it isn’t laced with another drug cause that’s…. bad lol”
• (Sept) “all these vaping problems aren’t from vapes they are from dab pens but nobody wants to tell that to their parents or 
doctors”
• (Sept) “Most of these vaping illnesses are coming from black-market THC products, but the solution is to make *legal* vaping 
products *less* available? Driving more people to go to the black market? How has this irrational story become the prevalent 
one?”
• (Sept) “It wasn't even vaping stuff they got sick on, but black market THC.”
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Table 4:

Age Group and Communities Mentioned in 2019 Vape-related Tweets

 Month Jan Feb Mar Apr May Jun Jul Aug Sept Oct Nov Dec

N=188 N=192 N=198

Mentions Teens, Adolescents, 
Youth

75 21 36

 Example Tweets:
• (Jul) “The vape industry is playing kids the same exact way the cigarette companies did years ago.”
• (Jul) “Officials say it is an “epidemic of youth use,” and estimate that the number of high school students who vape has risen to about 3 
million students. Many schools have changed their response from strict discipline to education and treatment.”
• (Aug) “It's obvious why some teens think vaping is harmless. Because they see adults lie to them over & over and try to scare them away from 
vaping. People do it on a regularly. For example, you cited a bogus heart attack study.”
• (Sept) “Data shows a high use of flavored vapes among youth. Parents have a responsibility to understand the dangers that come from vaping. 
Our organization supports the removal of vapes from stores until they are approved by @US_FDA. #BeBest”
• (Sept) “Can we relax with all the vaping shit? Leave us alone to kill ourselves. It is already against the law to smoke for teens under 18. Vaping 
companies can't help that bad parents let their kids vape. #hardpillstoswallow”
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