Table 1. Overview of included articles.

	First author, year
	Study design
	Social media platforms/online forums
	Sampling
	Methods (data collection and analysis)
	Phenomena or purpose of interest
	Relevant discussion

	Allem, 2017 [1]
	Qualitative 
	Twitter
	Stratified sampling
	Data collection using GNIPa (Twitter APIb); data analysis: content analysis, chi-square test
	Track the popularity of the “Still Blowing Smoke” (anti-e-cigc campaign) and “Not Blowing Smoke” (pro-e-cig campaign) over time on Twitter, and analyze the content of the messages, and determined those involved in these discussions
	Pro-e-cig campaign (California Department of Public Health) was more referenced than anti-e-cig Twitter campaign with tweets against government regulation of e-cig refuting claims that e-cig manufactures were aligned with big tobacco and touting the health benefits of e-cig use.

	Ayers, 2017 [2]
	Quantitative and qualitative
	Twitter
	Purposive sampling
	Data collection using Twitter API; data analysis: content analysis, chi-square test
	Identify reasons for using ENDSd longitudinally from postings on Twitter
	Findings from 2012 reveal that reason for using the e-cig was quitting combustible (the most cited reason); social image; able to use indoor; choices of flavor; and safety relative to combustibles on Twitter. On the other hand, by 2015, social image (most cited reason), quitting combustibles, and favorable odor being top three reasons for use.

	Burke-Garcia, 2017 [3]
	Quantitative and qualitative
	Twitter
	Purposive sampling
	Data collection using GNIP (Twitter API) and Radian6; data analysis: context and valence (sentiment) analysis, descriptive statistics
	Compare two tools for data mining the content of social media using e-cig tweets to better understand the implications of e-cig content in social media
	[bookmark: _Hlk22116403]Themes identified were similar among the two data tools analyzing e-cig-related tweets: feasibility, poster type (individual/organization), context (tweet content analysis), and valence (positive/negative). However, there were some differences in cost and ease of use of the tools.

	Chu, 2017 [4]
	Quantitative and qualitative
	Instagram
	Stratified random sampling 
	[bookmark: _Hlk22116459]Data collection using Instagram API and MySQL database queries; data analysis: image analysis, Kruskal-Wallis tests, Dunn tests
	Investigate vaping and e-cig-related images on Instagram 
	[bookmark: _Hlk22116506]Overall, advertisement-themed images were most frequently displayed on Instagram, followed by product, activity, and then text among e-cig-related postings. Activity-themed and product-themed images appeared to have more likes and comments compared with advertisement-themed images.

	Glowacki, 2017 [5]
	Quantitative and qualitative
	Twitter
	Purposive sampling
	Data collection using MDigitalLife Health Ecosystem database; data analysis: text mining analysis
	[bookmark: _Hlk22116542]Assess how physicians from the United States and the United Kingdom talk about e-cigs on Twitter and identify the e-cig topics perceived to be salient
	[bookmark: _Hlk22116580]While the most common topic in the US tweets were related to dangerous e-cig use among teens displaying negative sentiment toward e-cig, UK tweets, on the other hand, had no mention of youth e-cig use and emphasized e-cig should be promoted widely because it can serve as an effective aid for smoking cessation.

	Lee, 2017
[6]
	Quantitative
	Instagram, Pinterest
	Stratified random sampling
	Data collection using Iconosquare; data analysis: content analysis, descriptive statistics 
	Examine e-cig content in visual materials posted on the social media platforms: Instagram and Pinterest
	Both Instagram and Pinterest revealed that the majority of postings were posted with marketing intentions. Two-thirds of users on Pinterest shared information about customizing e-cig products such as modifying e-cig devices for functional aesthetic purposes, and with marketing purposes on Instagram.

	Sharma, 2017 [7]
	Qualitative
	Reddit
	Purposive sampling 
	Data manually collected; data analysis: thematic analysis
	Understand the nature and significance of online lay discussions about e-cigs and mental illness
	[bookmark: _Hlk22117013]Themes that motivated the e-cig use (eg, cost, health, or as an alternative to psychotropic medications) were also framed as reasons to not use them. Reasons for the interest in e-cig were identified as an aid for smoking cessation, a form of self-medication, and as a hobby. 

	Wigginton, 2017 [8] 
	Qualitative
	Reddit, UK Vapers, AAECe, E-cigarette forum, Aussie Vapers, Baby Gaga, Vaping Underground, What to Expect, Momtastic (pregnancy forum), Totally Wicked E-Liquid, Baby Centre (United Kingdom), Baby Center (general)
	Purposive sampling
	Data manually collected; data analysis: thematic discourse analysis
	[bookmark: _Hlk22117128]Analyze 13 online forums that discuss vaping during pregnancy, with an intent to explore how the posts debated the safety of e-cig use during pregnancy
	Three common ways people spoke about the safety aspects of vaping during pregnancy using discursive strategies were identified: quitting (nicotine) cold turkey is not safe, vaping is yet better than smoking, and vaping is not worth the risk for babies.

	Zhan, 2017 [9]
	Qualitative 
	Reddit, JuiceDBf, Twitter
	Purposive sampling
	Data collection using JuiceDB API, manual selection for Reddit and Twitter; data analysis: NLPg, LDAh
	Gain a systematic understanding of the characteristics of various types of social media, to provide deep insights into how consumers and policy makers effectively use social media to track e-cig-related content and adjust their decisions and policies
	[bookmark: _Hlk22117266]The topic distribution between Reddit and JuiceDB were significantly different (P<.001), which indicated that the user discussions focused on different perspectives across the platforms. Various topics for each dataset were found. Reddit included topics about purchasing e-cig products; flavor-related experiences and sentiments; discussion of e-liquid components; the relationship between e-cig and traditional tobacco products; and personal experience and questions. JuiceDB revealed about the throat hiti and vapor production; flavors; product promotion and recommendations; and vaping experience. Twitter data were specified to campaigns debating e-cig ban regulations and petitions of social media campaign. 

	Dai, 2016 [10]
	Quantitative and qualitative 
	Twitter
	Purposive sampling 
	Data collection using Twitter API; data analysis: content and text mining analysis
	Seek general public attitudes regarding e-cigs using social media data
	Mixed opinions were present among organic tweets about e-cigs (neutral 19.4%, anti 17.7%, and pro 10.8%). When viewing opinion polarities by country, Canada had the highest percentages of commercial tweets (61.6%) and Malaysia had the lowest (27.8%). The United States (39.7%), the United Kingdom (39.0%), and Hungary (50.4%) had the highest number of organic tweets, with the United Kingdom having the highest rate of support for e-cig (21.2%). Within the United States, top three states with the highest rates of tweets opposing use of e-cig were Arkansas (51.3%), Kentucky (45.1%), and Utah (43.5%), while those with the lowest rates of tweets opposing e-cig use were Wyoming (11.8%), Delaware (25.3%), and Vermont (25.4%).

	Laestadius, 2016 [11]
	Qualitative
	Instagram
	Purposive sampling
	[bookmark: _Hlk22117507]Data collection using Iconosquare; data analysis: content analysis, descriptive statistics, F-statistics, Fisher exact tests
	Analyze e-cig content to highlight public health challenges created by this content and support understanding of e-cig promotion and usage
	Overall, corporate users (vendors, brands, and representatives) made up 58.5% of posts, whereas personal users (individuals and enthusiasts) made up 41.2%. There were no statistically significant differences in the presence of health and cessation content between the corporate and personal posts. There were no posts that were critical of e-cigs.

	Lazard, 2016 [12]
	Qualitative
	Twitter
	Purposive sampling
	Data collection using Twitter API and NUVI software; data analysis: text mining analysis, descriptive statistics
	Detect and analyze prevalent themes among the public conversation surrounding new regulations set by the FDAj in May 2016 that deem e-cig as a part of regulatory tobacco product. Understand initial reactions of the public, and how this participation in the current discussion fits within the current regulatory landscape
	The study revealed many expressed comments, opinions, words and phrases commonly associated with advocating for vaping and support for use of e-cig.

	Li, 2016 [13]
	Qualitative
	Reddit
	Purposive sampling
	Data manually collected; data analysis: content (symptom) analysis, descriptive statistics 
	Aim to mine the potential relationships between symptoms and e-liquid components, such as PGk, VGl, flavor extracts, and nicotine, using user-generated data 
	The majority of users reported negative sentiments about symptoms, including cough and respiratory systems problems/issues. Throat (n=150) and mouth (n=50) symptoms were the most commonly reported symptoms, and they tended to have positive sentiment. This is probably because the most direct perception of feeling after vaping an e-cig was in the throat and mouth. Many users enjoyed a slight throat hit to simulate the feeling of smoking traditional cigarettes. However, there still existed a large group of users who did not like throat hit.

	Kavuluru, 2016 [14]
	Quantitative 
	Twitter
	Random sampling
	Data collection using Twitter API; data analysis: sentiment and thematic analysis, text mining and classification model; logistic regression
	Identify e-cig proponents on Twitter via a high accuracy supervised predictive model and analyze the quantitative variation of tweeting behavior along popular themes when compared with other Twitter users
	[bookmark: _Hlk22117829]Despite the small percentage of e-cig proponents on Twitter who wrote about e-cig, the proponents tweeted more often (2-5 times) compared with other users and were 10 times more likely than others to highlight favorable, but not often scientifically corroborated, aspects of e-cig use.

	Unger, 2016 [15]
	Quantitative and qualitative 
	Twitter
	Purposive sampling
	Data collection using Twitter API and NCapture program; data analysis: content analysis, chi-square test 
	Identify and analyze the content of tweets related to secondhand e-cig aerosol
	[bookmark: _Hlk22117901][bookmark: _Hlk22117928]Overall, coding by sentiment was depicted as neutral (neutral 39.2%, pro 34.9%, and anti 25.8%). Topic was predetermined as either health, social, advertisement, or unknown where every topic could categorize into pro, anti, or neutral. Among the topics, social tweets significantly outnumbered health tweets. Social tweets predominantly portrayed as pro-e-cig, and the health-related tweets as anti.

	van der Tempel, 2016 [16]
	Quantitative and qualitative 
	Twitter
	Purposive sampling
	Data collection using Sysomos HeartBeat; data analysis: content and thematic analysis; authority-based analysis; descriptive statistics, chi-square tests
	Examine message sources, themes, and attitudes within Twitter communications about e-cigs and smoking cessation
	Among sample on Twitter, attitudes about e-cigs such as smoking cessation aids were favorable across user types (industry, press, public figures, fake accounts, and personal users), except for public health professionals, who lacked consensus and contributed negligibly to the conversation. The most common theme was the claim that e-cigs were more economical and efficient nicotine delivery systems than the conventional cigarette smoking.

	Chen, 2015 [17]
	Quantitative
	Vapor Talk, Hookah Forum, Reddit
	Purposive sampling
	Data collection using Wget, a Web crawler; data analysis: text mining (topic modeling), heat map visualization
	Examine content from the websites: Vapor Talk, Hookah Forum, and Reddit to understand people’s experiences with different tobacco products; identify contextual factors of tobacco use behaviors, such as setting, time, social relationships, and sensory experience
	E-cigs provided a different experience of e-cig use as compared with combustible cigarettes. Much of the discussion focused on symptoms that people were experiencing while using e-cigs. People using e-cigs appeared less likely to engage in the psychological battle of quitting by having e-cig divert their attention to a different activity, dealing with concrete problems to avert particular physiological symptoms associated with e-cig use.

	Chu, 2015 [18]
	Quantitative 
	GLOBALink 
	Purposive sampling
	Data collection using MySQL database; data analysis: social network and content analysis, descriptive statistics, independent t test, linear regression
	Examine how e-cigs are addressed in GLOBALink, an online international tobacco control community, and understand the characteristics of sentiment toward e-cigs in discussion topics between countries with different network characteristics
	[bookmark: _Hlk22118216]Despite the growth of e-cig message postings, the overall trend in sentiments did not noticeably become more positive or negative. Although sentiment regarding e-cigs was generally more negative than other topics discussed in GLOBALink. The network analysis found a core/periphery structure where central countries focused on active positive discussion pertaining to e-cigs, whereas isolated and peripheral countries posted negative topics without many responses.

	Cole-Lewis, 2015 [19]
	Quantitative and qualitative
	Twitter
	Random sampling 
	Data collection using GNIP (Twitter API); data analysis: content analysis; descriptive statistics, correlation analyses
	Identify key conversation trends and patterns over time using historical Twitter data about e-cig use
	Tweets were positive in sentiment (>92%) and frequently posted by everyday people (49.6%) followed by the e-cig community movement (29.3%). Retailors accounted for the majority of tweets (19.7%) containing images, and marketing-related tweets were twice as likely to contain an image (17.3%) compared with the average rate at which images occur in tweets (8.3%). Everyday people represented 62.3% of news tweets as compared with reputable news sources that accounted for 6.4% of news and 0.96% of information tweets. Foundations/organizations provided 3.98% of information tweets and 5.2% of news tweets. Also, 32.4% of marketing tweets came from everyday people compared with 26.2% from retailors and 6.4% from tobacco companies.

	Harris, 2014 [20]
	Quantitative and qualitative
	Twitter
	Purposive sampling
	Data collection using Node XL; data analysis: content analysis, descriptive statistics, network visualization
	Examine the messages and tweet patterns in social media response to the Chicago Department of Public Health e-cig campaign
	[bookmark: _Hlk22114545][bookmark: _Hlk22118409]Less than 10% were in support of e-cig regulation (propolicy), whereas 89.2% were opposed (antipolicy). Overall, propolicy tweets were most likely to focus on regulation (8.6%) and science (3.7%), whereas antipolicy tweets were most likely to focus on safety (58.8%) and lies/propaganda (36.8%). More than half of antipolicy tweets were about use of e-cigs for cessation as a healthier alternative to combustible cigarettes (58.8%). Tweet sentiment was significantly associated with location (P<.001) indicating Chicago residents were significantly more likely expected to send a propolicy tweet than other residents.

	Hua, 2013 [21]
	Quantitative 
	Electronic cigarette forum; Vapers forum; Vapor Talk
	Purposive sampling
	Data manually collected; data analysis: content analysis
	Document the positive and negative short-term health effects produced by e-cig use through an analysis of original posts from three online e-cig forums
	[bookmark: _Hlk22118482]A total of 405 different symptoms because of e-cig use were reported from three forums. Of the reported effects, 81.9% were negative, 17.8% were positive, and less than 0.1% were neutral. All systems had both positive and negative symptoms, except for urogenital, which had only negative effects. Negative symptoms were often described as persistent, worsened, or increasing. In contrast, positive effects were often described as decreased, improved, or eliminated. While the reported health effects were similar in all three forums, the forum with the most posts was analyzed in detail. Effects, which were reported for 12 organ systems/anatomical regions, occurred most often in the mouth and throat and in the respiratory, neurological, sensory, and digestive systems. Users with negative symptoms often reported more than one symptom, and in these cases, interactions were often seen between systems, such as the circulatory and neurological systems. Positive effects usually occurred singly and most frequently affected the respiratory system.


aGNIP: social media API aggregation company.
bAPI: application program interface.
ce-cig: electronic cigarette(s).
dENDS: electronic nicotine delivery system
fAAEC: All About E-Cigarettes.
eDB: database.
gNLP: natural language processing.
hLDA: latent Dirichlet allocation, a generative model for topic modeling Lexicon-based extraction approach.
ithroat hit: feeling of smoke hitting the back of the throat.
jFDA: Food and Drug Administration.
kPG: propylene glycol.
lVG: vegetable glycerin.
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