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Abstract

Introduction: YouTube is a popular social media used by youth and has e-cigarette content. We 

used machine learning to identify the content of e-cigarette videos, featured e-cigarette products, 

video uploaders, and marketing and sales of e-cigarette products.

Methods: We identified e-cigarette content using 18 search terms (e.g., e-cig) using fictitious 

youth viewer profiles and predicted four models using the metadata as the input to supervised 

machine learning: 1) video themes, 2) featured e-cigarette products, 3) Channel type (i.e., video 

uploaders), and 4) discount/sales. We assessed the association between engagement data and the 

four models.

Results: 3830 English videos were included in the supervised machine learning. The most 

common video theme was “product review” (48.9%) followed by “instruction” (e.g., “how to” 

use/modify e-cigarettes; 17.3%); diverse e-cigarette products were featured; “vape enthusiasts” 

most frequently posted e-cigarette videos (53.1%) followed by retailers (19.0%); 43.2% of videos 

had discount/sales of e-cigarettes; and the most common sales strategy was external links for 

purchasing (31.5%). “Vape trick” was the least common theme but had the highest engagement 

(e.g., >2 million views). “Cannabis” (53.9%) and “instruction” (49.9%) themes were more likely 

to have external links for purchasing (p<.001). The 4 models achieved an F1 score (a measure of 

model accuracy) of up to .87.

Discussion: Our findings indicate that on YouTube videos accessible to youth, a variety of 

e-cigarette products are featured through diverse videos themes, with discount/sales. The findings 

highlight the need to regulate the promotion of e-cigarettes on social media platforms.
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INTRODUCTION

E-cigarette use among youth is an epidemic in the United States (U.S.).[1] In 2021, past-

month e-cigarette use among U.S. high school students was 11.3%, with 43.6% of these 

students using e-cigarettes on 20 or more days in the past month. E-cigarette use among 

youth is also high around the globe.[2–4] A main source of youth appeal of e-cigarettes 

may stem from how these products are portrayed on social media. Social media is mostly 

unregulated and provides a unique opportunity for the e-cigarette industry to market and 

promote their products. E-cigarettes are promoted on social media as part of the youth 

culture with themes that appeal to youth, such as “vape tricks” (i.e., blowing large amounts 

of clouds or shapes using exhaled aerosol)[5] and images that are visually appealing, 

which could elicit youth to engage with the content by liking or sharing it on their own 

social network.[6] Proe-cigarette content on social media has the potential to shape positive 

social norms surrounding use among youth. Indeed, experimental and observational studies 

showed that youth who use social media frequently are more willing to try, have positive 

attitudes toward, have less harm perceptions to, and are more likely to initiate e-cigarettes.

[7–9] Thus, surveillance of e-cigarettes on social media is critical to inform tobacco control 

efforts.

In this study, we examined YouTube videos to understand how and which e-cigarette 

products are promoted to youth, who are promoting these content, and how e-cigarettes 

are being sold. YouTube is a social media platform that allows users to view, upload, 

post comments, and rate videos. YouTube use is steadily growing and is currently used 

by 2.1 billion users around the globe.[10] YouTube continues to be popular among youth 

despite other emerging social media platforms; recent data show that 77% of U.S. youth use 

YouTube.[11]

Most studies that examined e-cigarettes on YouTube used human coders. However, human 

coding is limited by the number of videos that could be analyzed, examining 22 to 350 

videos. YouTube provides a plethora of data that cannot be fully examined using current 

methods. One study identified that YouTube had 28,000 videos on e-cigarettes, posted by 

10,000 unique accounts, viewed over 100 million times, and commented on more than 

280,000 times.[12] Advances in methods such as machine learning (ML) can enhance 

current methods to analyze more content than with human alone.

A recent scoping review found that 32 of 74 studies that used ML to understand tobacco 

content examined social media.[13] Most of the studies in this review examined Twitter 

and only one study examined YouTube, which identified that 97% of YouTube videos had 

pro -tobacco content.[14] However, less known is whether ML could be used to identify 

complex content relevant for surveillance, such as the video content, e-cigarette products, 

video uploaders, and presence of discount/sales. Video themes, such as instructions on “how 

to” modify an e-cigarette or how to conduct vape tricks could reveal trends in use, which 

may have implications for product regulation and health messaging. For example, the U.S. 

Food and Drug Administration (FDA) can prohibit open system e-cigarette products if these 

products are used in unsafe ways.[15] Furthermore, identifying the features (e.g., flavors, 

nicotine concentrations, and other additives) that are marketed in popular “product review” 

Kong et al. Page 2

Tob Control. Author manuscript; available in PMC 2023 November 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



videos can provide insight to product characteristics and marketing strategies that appeal 

to youth. Identifying video themes with high engagement could also provide insight into 

advertising targets and wants and needs of users who are engaging with this content.

To identify who and how e-cigarettes are promoted to youth, identifying video uploader (i.e., 

Channel) and presence of discount/sales on videos accessible to youth, is important. There 

could be a combination of promotional strategies used to increase user engagement: paid 

media (i.e., promotion through paid advertisements), earned media (i.e., promotion through 

a third party, such as an influencer), and owned media (i.e., promotion through a company’s 

own website/social media account).[16]. Furthermore, it is widely known that social media 

platforms, including YouTube, custom tailors their content to user characteristics, but their 

algorithm is proprietary.

To address these gaps, we created fictitious viewer profiles separated by gender (male/

female), age group (16 years old, 24 years old), and race/ethnicity (white, black, Hispanic) 

to mimic youth searching for e-cigarettes on YouTube. Additionally, to identify e-cigarette 

content and source of these videos, we used supervised ML to classify: 1) Video Themes, 

2) Featured E-cigarette Products, 3) Channel Type, 4) Discount/Sales (See Table 1 for 

definitions). We also assessed whether video themes differed by featured e-cigarette 

products and Channel type, and whether presence of discount/sales differed by video 

themes, featured e-cigarette products, and Channel type.

METHODS

Search procedures:

We created 16 fictitious youth profiles to simulate youth searching for e-cigarettes 

on YouTube.[17] For each fictitious youth profile, we used Orbot, a mobile app that 

uses an anonymized “Tor” network, which is a set of servers around the world that 

relays traffic through each other to obfuscate IP address and other information such as 

geographic location.[18] Through this app, we searched the following words on YouTube 

in June 2020: “e-cigarette”, “e-cig”, “electronic cigarette”, “e-liquid”, “ENDS”, “e-juice”, 

“vape”, “vaping”, “vape juice”, “box mods”, “cigalikes”, “disposable e-cigs”, “disposables”, 

“disposable vape”, “pod mods”, “vape mods”, “vape pens,” and “vape pods.” Also using 

Orbot, we scraped 140 videos, which is equivalent to the number of videos shown on 

the first 7 pages for each search word. For each fictitious profile, we used a new SIM 

card, phone number, and performed a factory reset of the Android phone to conduct these 

searches to ensure that previous search did not affect the search outcomes. We obtained 4201 

unique videos and extracted metadata such as the title, description of the video, view counts, 

number of likes/dislikes, comments, date of when the video was posted, and the Channel 

name from the YouTube Application Programming Interface (API; an application that allows 

access to data from a service/program such as YouTube).

Supervised machine learning (ML) procedures:

The overall ML procedures involved: 1) human labeling, 2) text pre-processing, 3) training 

the supervised ML classification algorithms, and 4) evaluating the algorithms’ performance.
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Human labeling:

We used deductive and inductive approaches to create the codebook (Table 1). The deductive 

approach involved creating a codebook with constructs and definitions based on the existing 

literature and topics relevant to inform e-cigarette regulation. The inductive approach 

involved refining each category through a human viewing randomly selected videos, reading 

the video titles and the descriptions, and following the external links to verify that these 

links led to e-cigarette retailers to confirm that they were retailers and the presence of sales 

of e-cigarette products. A second independent coder trained in the codebook used similar 

procedures to confirm these categories and amended them after discussing with the first 

coder. Then, a third independent coder trained in the modified codebook, randomly labeled 

10% of the videos used for the training set to determine inter-rater reliability, but due to 

some videos being removed from YouTube, the coder labeled 74 videos. We obtained a 

Cohen’s kappa of 0.93, p < .001. Finally, the second coder viewed and labeled 1000 videos. 

This labeled dataset was used as an input to supervised ML algorithms to train and test the 

rest of the corpus of videos.

Text pre-processing:

We used the Python Natural Language Toolkit (NLTK)[19] to pre-process the texts of video 

titles and descriptions. We tokenized the data to split the raw text into tokens and removed 

punctuations, stop-words (e.g., “is,” “the,” “on”), and capitalizations, and applied stemming 

(i.e., removing suffixes such as “ing”) and lemmatization (i.e., identifying groups of words 

with the same root word. For example, “e-cig” and “e-cigarette” are considered the same). 

We used a tokenizer to give each word a unique number with a capped vocabulary size of 

800 (1200 for classifying the Channel Type because the data contained a larger vocabulary) 

and then computed the most common tokens.

Supervised machine learning:

The ML model we developed is a sequential model with 2 layers. The first is an embedding 

layer, which uses the weights taken from the GloVe word embeddings. GloVe is a set of 

word embedding, which uses a word co-occurrence matrix that was built using a collection 

of billions of textual inputs.[20] This layer turns each word into a vector which represents 

its semantic meaning. The next layer is a bidirectional long short-term memory networks 

(BLSTM) layer, followed by the output layer. BLSTM is a deep, neural machine learning 

method that takes the complete sequential information of words before and after the target 

word to provide the context to enhance classification. This architecture has shown to be 

optimal for processing semantic data.[21]

In classifying Video Themes and Featured E-cigarette Product, we used video titles and 

descriptions as inputs to the ML model. We did not include video transcripts because they 

did not improve the model prediction. We excluded non-English videos (n=371), using the 

Python langdetect library,[22] from the training set and the prediction set. Videos which 

were classified as “Other irrelevant” (n=239; i.e., non-e-cigarette videos identified from 

the Video Theme construct) were excluded for classifying Featured E-cigarette Product, 

Channel Type, and Discount/Sales.
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For classifying sales, we scraped the first 6 external links (excluding links to other social 

media platforms) provided on YouTube’s video description. We developed a parser to extract 

the meta description (i.e., HTML element that provides a brief summary of the website) 

on the external website to obtain the web developer’s website description as additional 

input for the classification. This description captured whether the website sold e-cigarette 

products (e.g., “buy vape now”). For classifying Channel Type, in addition to video titles and 

descriptions, we also added up to 50 of the most recent videos posted by each Channel to 

expand our training dataset for this construct, which eliminated the need for humans to label 

more videos.

Performance evaluation:

The metrics used for performance evaluation were precision scores (true positive [i.e., the 

ML algorithm correctly classifying the categories within each construct] divided by sum of 

both true and false positive), recall (true positive divided by sum of true positive and false 

negative), F1 (harmonic average between precision and recall scores), and accuracy (sum of 

true positive and true negative divided by sum of true positive, true negative, false positive, 

and false negative).

Data analysis:

Using the BLSTM classification model we developed, trained, and tested, we classified 

the videos to: Video Theme, Featured E-cigarette Product, Channel Type, Discount/Sales. 

We calculated the median and the interquartile range (IQR) for engagement variables (i.e., 

number of views, likes, dislikes, comments, upload date [2007–2018; 2019–2020]) that were 

non-normally distributed, and we calculated the frequencies for categorical variables (Table 

2). To assess the association between each construct and engagement variable, we conducted 

Krusal-Wallis tests and Pearson chi-square tests (Table 2). We also conducted Pearson chi-

square tests to assess whether Video Themes differed by Featured E-cigarette Product and 

Channel Type (Figure 1), and whether Discount/Sales differed by Video Theme, Featured 

E-cigarette Product, and Channel Type (Figure 2). The ML procedures and descriptive 

analyses were conducted with Python and STATA 16.0, respectively. The observational 

study of publicly available dataset was deemed exempt as human subjects research from the 

Yale Institutional Review Board (HIC# 2000028350).

RESULTS

Of the 4201 videos in our dataset, we excluded 371 non-English videos, so 3830 videos 

were used in supervised ML to classify Video Themes. In classifying the Featured 

E-cigarette Product, Channel Type, Discount/Sales, we also excluded “irrelevant, non-e-

cigarette videos” (n=239), which were determined from Video Themes. Table 3 lists the 

performance evaluation for each construct.

Video Theme:

The most common video theme was product review (48.9%), followed by instruction 

(17.3%) and health information (11.3%). In general, engagement (e.g., likes) was low 

for all video themes except for videos that featured vape tricks. Vape trick videos had 
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the most views (Median=2,290,086 [IQR=10,156,343]) followed by instruction videos 

(Median=47,728 [IQR=181,672]). Higher proportion of instruction (69.6%) and vape trick 

(67.4%) videos were uploaded earlier (i.e., 2007–2018) and cannabis (57.1%) videos later 

(i.e., 2019–2020).

Featured E-cigarette Product:

The most featured e-cigarette product was “non-specific” device (29.8%; e.g., vaping kit, 

e-cigarette subscription service), followed by box mods (25.1%), e-liquid (14.7%), and 

disposable pods (11.9%). Videos that did not feature a specific device and videos that 

featured box mods, vape pens, and pod systems had more engagement than videos that 

featured “other” e-cigarette products. Videos featuring cigalikes, e-liquid, and vape pens 

were uploaded in earlier years, whereas videos featuring disposable pods and pod systems 

were uploaded in recent years (Table 2).

Channel Type:

The most common Channel Type was vape enthusiasts (54.0%) followed by retailers 

(20.3%). Overall, engagement was the highest for videos uploaded by private users followed 

by vape enthusiasts. A larger proportion of retailers posted videos in earlier years (61.9%) 

than recent years (38.1%).

Discount/Sales:

43.2% of the videos had discount/sales. The most common discount/sales strategies 

were external links for purchasing an e-cigarette product (34.1%), followed by 

“other” promotional strategies (7.5%; e.g., e-cigarette product giveaways, non-e-cigarette 

merchandise such as t-shirts with e-cigarette images), and discount codes (1.6%; e.g., “enter 

XYZ code to get 20% off” to purchase e-cigarette products). Videos that had “other” 

promotional strategies had the most engagement and were posted in recent years, whereas 

videos that offered discounts and external links for purchasing were posted in earlier years 

(Table 2).

Video Theme by E-cigarette Product and Channel Type (Figure 1):

The most featured e-cigarette products for each video theme (Figure 1A) was box mods 

(34.7%) in product review and e-liquid (24.1%) and box mods (22.9%) in instruction. Health 

information, “other relevant,” vape trick, and cannabis themed videos did not feature a 

specific e-cigarette product.

Video Theme by Channel Type comparisons (Figure 1B) showed that vape enthusiasts 

were most likely to post vape trick (75.0%), product review (69.5%), and instruction 

videos (44.2%). Retailers were second most likely to post instruction (39.7%) and product 

review videos (16.4%). The medical community most often posted health information videos 

(41.5%). “Other Channel” and retailers most often posted cannabis videos, 50.0%, 18.6%, 

respectively.
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Discount/Sales by Video Theme, E-cigarette Products, and Channel Type (Figure 2):

Discount/sales by video theme (Figure 2A) comparisons showed that the majority of vape 

tricks (90.9%), health information (88.6%), and “other relevant” (73.7%) video themes did 

not have direct discount/sales. The most common promotional strategy used in cannabis 

vaping videos was external links for purchasing (53.9%). Instruction and product review 

videos were mixed; some had no direct discount/sales and some had links for purchasing 

(Product review: 53.8% no discount/sales, 36.9% purchasing links; Instruction: 46.1% no 

discount/sales, 49.9% purchasing links). “Other” promotional methods were more common 

among cannabis (15.4%) and product review themes (7.1%) than other themes.

Comparisons of discount/sales by e-cigarette product type (Figure 2B) and Channel Type 

(Figure 2C) showed that e-liquid videos (57.5%) had more purchasing links relative to other 

e-cigarette products. Retailers (62.8%) had greatest purchasing links than purchasing links 

presented in other Channel types.

DISCUSSION

Principal Findings

To the best of our knowledge, our study is the first to use supervised machine learning (ML) 

to classify complex constructs such as video theme, e-cigarette product, video uploader 

(i.e., Channel type), and discount/sales of e-cigarettes on YouTube. Consistent with prior 

studies on YouTube, we also identified that common video themes were product reviews and 

instructions on how to use/modify/create e-cigarette products, some of which had external 

links for purchasing.[5, 23, 24] These similar themes may not be surprising because we 

used similar search terms and did not restrict the years of the video upload. However, it 

is notable that these themes persisted over time. For example, instruction videos that were 

posted earlier were still prominent, which suggests relative popularity of this topic. This 

finding is consistent with findings from survey and qualitative studies that observed that 

youth find the ability to customize their e-cigarettes appealing, engage in this behavior 

(e.g., changing flavors, PG/VG ratio, voltage)[25], and learn how to do this through viewing 

YouTube videos.[26, 27]

We also observed new trends; “other” promotional strategies (which also had the most 

engagement) were posted in recent years, suggesting that the e-cigarette industry is using 

novel methods to promote their product. Such “other” promotional strategies included 

giveaways of e-cigarette products and sales of non-e-cigarette merchandise that alludes 

to e-cigarettes, such as clothing with e-cigarette-related logos/images. These findings 

highlight the utility of conducting surveillance of e-cigarettes on YouTube to identify novel 

promotional trends and trends that persist over time to inform e-cigarette regulation.

We also observed that “vape enthusiasts” and retailers were the most common Channel who 

posted e-cigarette videos about product reviews reviews and instructions, which is a novel 

way to promote e-cigarettes without using traditional paid ads that could be tracked and 

regulated. This finding is consistent with previous qualitative studies that observed that vape 

shop retailers considered social media as a new effective marketing channel to use strategies, 

such as featuring new e-cigarette products.[28, 29] We used the term “vape enthusiasts” to 
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refer to Channels that primarily posted videos about e-cigarettes.[30] However, we cannot 

confirm whether they are “influencers” who get paid by the e-cigarette industry to promote 

their product because funding source is not disclosed. “Vape enthusiasts” may also include 

individuals who are not paid by the industry but who are trying to become “influencers” 

through collecting followers through posting e-cigarette videos. Indeed, a recent study 

observed that youth who use e-cigarettes are motivated to become influencers to promote 

vaping products to get paid.[31] It is also notable that a non-negligible number of “private 

users” are also posting external purchasing links, and it is unclear whether these “private 

users” have ties to the e-cigarette industry.

Our findings also indicate that youth who search for e-cigarettes may be inadvertently 

exposed to cannabis vaping content. Cannabis vaping among youth is high.[32] Moreover, 

recent research showed that e-cigarette use is one of the predictors for cannabis vaping 

among youth.[33] More research is needed on how cannabis and nicotine vaping products 

are promoted to prevent youth use of both substances.

Regulation of e-cigarette promotion on YouTube

Overall, our findings underscore the presence of e-cigarette promotion on YouTube videos 

accessible to youth. While some of the promotions fall under “earned media,” in which third 

party retailers such as vape shops are marketing and selling e-cigarette products through 

posting videos themes such as product reviews and instruction, most of the promotion 

do not fall under media promotions that can be regulated. For instance, e-cigarettes are 

not advertised using traditional paid advertisements(i.e., “paid media”), the presence of 

“influencers” cannot be verified due to the lack of clear financial disclosure (i.e., “earned 

media”), and e-cigarette manufacturers/brands are not directly selling their products on their 

YouTube accounts (i.e., “owned media”). However, we did not examine content such as paid 

advertisement banners, so it is possible that paid advertisement exists on YouTube.

Currently, YouTube has self-imposed policies that attempt to restrict tobacco content 

including e-cigarettes. YouTube prohibits the sales of e-cigarettes through posting contact 

information including external links.[34] YouTube also discourages e-cigarette content 

through limiting advertising revenues that could be earned on videos with tobacco content.

[34] Finally, e-cigarette content such as product review of e-cigarettes are restricted to 

underage youth.[35] Despite these efforts, our study findings indicate the need for stricter 

enforcement of these policies to protect youth from e-cigarette content.

The duty to protect youth does not fall on YouTube alone. The government entities 

could set restrictions on tobacco marketing, including e-cigarette marketing on venues 

frequented by youth, such as social media. There should be greater efforts to counteract pro-

e-cigarette content on social media. For instance, we observed that medical community’s 

videos that showcased health risks of e-cigarette use through interviews with experts and 

research presentations were prominent but had the lowest engagement (e.g., < 2,600 views). 

Health information videos are competing with many diverse pro-e-cigarette content on 

YouTube, and novel methods are needed to make this content appeal to youth and increase 

engagement.
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Strengths/Weaknesses

Social media’s algorithm, including YouTube’s, tailors the search results based on a 

variety of factors such as one’s profile information, search and view history and other 

conglomerate factors, which are proprietary information. Existing studies have not used 

any personalization when identifying e-cigarette or other tobacco content, and our study 

is the first to use fictitious youth viewer profiles to search for e-cigarette videos. Despite 

this strength, fictitious viewer profiles are only the initial step in identifying the types of 

content that youth may be exposed to, and future research should leverage this method to 

obtain more relevant and accurate information on e-cigarettes on social media. For instance, 

actual youth may be searching for other terms related to e-cigarettes and not just a single 

word. Relatedly, our findings should be interpreted with the caveat that our search words 

were broad and general and did not include brand-specific search words like, “JUUL” 

or “Puffbar.” Despite these limitations, our findings showed that youth who do not have 

any viewing history related to e-cigarettes could be exposed to diverse e-cigarette content, 

including concerning content on YouTube, such as direct sales and discounts of e-cigarettes 

and cannabis vaping.

Another strength is that the ML performance was robust and comparable to those identified 

in other studies that examined complicated themes, such as user sentiment to e-cigarette 

content on Twitter,[36] which demonstrates that ML models can be used to identify relevant 

themes for e-cigarette surveillance on social media. However, we acknowledge areas for 

improvement; our lowest F1 score was in classifying the featured e-cigarette product. 

We used the title and the video description in our ML model to classify each construct, 

but future research may improve model performance through using visual classification. 

Visual classification also may be able to identify the characteristics of “models” featured on 

e-cigarette videos and other visual components like the presence of warning labels.

Although we analyzed many videos (N=3830), our method trades off volume for 

personalized results. We could not conduct automated queries to the YouTube API to obtain 

more videos because our method of using fictitious profiles involved having to factory reset 

the phone for each fictitious viewer profile and then web scraping results for each search 

term. Since we did not examine all videos, it is possible that emerging themes such as 

COVID-19 related themes were not detected at the time of our search (July 2020).

Our search was conducted using English so the content that we obtained may be relevant to 

the English-speaking U.S. population. Non-English speakers may be exposed to e-cigarette 

content in other languages so non-English content should be examined in future studies, as 

both YouTube and e-cigarettes have global reach.

Summary

In summary, we identified video themes, featured e-cigarette products, who posted these 

videos, and discount/sales on youth-accessible YouTube videos. Our findings highlight the 

utility of using advanced ML methods to conduct surveillance of e-cigarette use trends and 

marketing/sales strategies on social media platforms such as YouTube. Our findings also 
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underscore the need for comprehensive federal regulations to protect youth from exposure to 

promotion of e-cigarette and cannabis vaping on YouTube.
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WHAT THIS PAPER ADDS

What is already known on this topic

Pro-e-cigarette content is prolific on social media platforms such as YouTube. It is 

unknown whether machine learning can be used to classify complicated themes that can 

inform tobacco control, such as video themes, featured e-cigarette products, uploader 

type, and presence of discount/sales.

What this study adds

We identified YouTube videos related to e-cigarettes using fictitious youth viewer 

profiles. Our supervised machine learning identified video themes (e.g., product review, 

instruction), e-cigarette products, uploader type (e.g., retailers, “vape enthusiasts”), and 

presence of discount/sales.

How this study might affect research, practice, or policy

Despite YouTube’s policies to restrict tobacco content to youth, we found that 

promotion of e-cigarettes was prevalent, indicating the need for comprehensive marketing 

restrictions and enforcement. Machine learning can be used to monitor tobacco 

promotion on YouTube.
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Figure 1. 
Percentages of video theme by featured e-cigarette product (A) and Channel type (B)
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Figure 2. 
Percentages of presence of sales/marketing by video theme (A), e-cigarette product (B), and 

Channel type (C)
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Table 1.

Definition of constructs classified by supervised machine learning

Construct Definition

Video Theme

 Product review Opinion about an e-cigarette product (e.g., top 10 e-liquid juice; “why I love my JUUL”)

 Health information Health information related to e-cigarette use (e.g., research presentations or interviews with a medical 
professional on the health risks of e-cigarettes)

 Instruction “How to” or instructional videos on using or modifying an e-cigarette product (e.g., mixing/making e-liquids; 
how to hack a device; “beginner’s guide” on how to vape)

 Vape trick Using an e-cigarette to blow a large volume of vapor or shapes (e.g., “selfie” video of someone doing a vape 
trick; compilation of various vape tricks)

 Cannabis Any theme featuring cannabis vaping (e.g., product review of a CBD e-liquid)

 Other relevant Content is related to e-cigarettes but does not belong to any of the above categories (e.g., news/TV clips; 
e-cigarette commercials; comedy sketches)

 Other irrelevant Content is not related to e-cigarettes

E-cigarette Product Type

 Cigalike Shaped liked a cigarette, could be disposable or rechargeable

 E-liquid Liquid that is used in an e-cigarette device

 Vape pen Shaped like a pen, has a tank and a battery

 Pod system Rechargeable, has a pod that can be inserted (e.g., JUUL)

 Disposable pod Resembles closed pod system, disposable (e.g., Puffbar)

 Mod Customizable, has battery and tank, rechargeable

 Other Any other e-cigarette product not listed above (e.g., starter kit, vape box subscription service)

 Non-specific product E-cigarette product is shown briefly but is not prominently featured (e.g., a newsclip briefly shows someone 
using an e-cigarette product when reporting on an e-cigarette related topic)

Channel Type

 Retailer Online and/or brick and mortar shop that sells e-cigarette products

 Vape enthusiast A user who posts predominantly about e-cigarettes (>50% of videos uploaded) who may/may not be associated 
with an e-cigarette business/organization

 Medical community Medical doctors, researchers, or representatives from the health field

 Private user Private user who is not clearly associated with any e-cigarette or tobacco industry

 Other Channel Other Channel not listed above

Discount/Sales

 Discount Discount for e-cigarette products (e.g., discount code)

 External purchasing link External links to purchase e-cigarette products

 Other promotion Other discount/sales practices (e.g., giveaways, non-e cigarette merchandise that alludes to e-cigarettes, such as 
clothing with e-cigarette related logos/images)

 No discount/sales No discount/purchasing option
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Table 3.

Evaluation metrics of supervised machine learning models for each construct

F1 Precision Recall Accuracy

Video Theme 0.83 0.79 0.88 0.94

E-cigarette Product 0.79 0.79 0.79 0.93

Channel Type 0.86 0.86 0.86 0.94

Discount/Sales 0.87 0.85 0.89 0.90
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