Journal of the American Medical Informatics Association, 26(1), 2019, 9-18
doi: 10.1093/jamia/ocy140

Advance Access Publication Date: 13 December 2018

Research and Applications

A\MI/N

INFORMATICS PROFESSIONALS. LEADING THE WAY.

Research and Applications

Electronic cigarette usage patterns: a case study
combining survey and social media data

Yongcheng Zhan," Jean-Francois Etter,” Scott Leischow,? and Daniel Zeng'

1Department of Management Information Systems, University of Arizona, Tucson, Arizona, USA, ?|nstitute of Global Health, Faculty of
Medicine, University of Geneva, Switzerland, and 3College of Health Solutions, Arizona State University, Phoenix, Arizona, USA

Corresponding Author: Yongcheng Zhan, Department of Management Information Systems, Eller College of Management,
The University of Arizona, McClelland Hall, Room 430, P.0. Box 210108, Tucson, AZ 85721-0108, USA (yongchengzhan@e-
mail.arizona.edu)

Received 31 May 2018; Revised 13 August 2018; Editorial Decision 24 September 2018; Accepted 9 October 2018

ABSTRACT

Objective: To identify who were social media active e-cigarette users, to compare the use patterns from both
survey and social media data for data triangulation, and to jointly use both datasets to conduct a comprehen-
sive analysis on e-cigarette future use intentions.

Materials and Methods: We jointly used an e-cigarette use online survey (n=5132) and a social media dataset.
We conducted analysis from 3 different perspectives. We analyzed online forum participation patterns using
survey data. We compared e-cigarette use patterns, including brand and flavor types, ratings, and purchase
approaches, between the 2 datasets. We used logistic regression to study intentions to use e-cigarettes using
both datasets.

Results: Male and younger e-cigarette users were the most likely to participate in e-cigarette-related discussion
forums. Forum active survey participants were hardcore vapers. The e-cigarette use patterns were similar in the on-
line survey data and the social media data. Intention to use e-cigarettes was positively related to e-liquid ratings and
flavor ratings. Social media provided a valuable source of information on users’ ratings of e-cigarette refill liquids.
Discussion: For hardcore vapers, social media data were consistent with online survey data, which suggests
that social media may be useful to study e-cigarette use behaviors and can serve as a useful complement to online
survey research. We proposed an innovative framework for social media data triangulation in public health studies.
Conclusion: We illustrated how social media data, combined with online survey data, can serve as a new and
rich information source for public health research.
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BACKGROUND AND SIGNIFICANCE

Recent years have witnessed both the fast evolvement of e-cigarette
devices and the fast growth of e-cigarette sales. The global e-ciga-
rette market size grew from 2.76 billion U.S. dollars in 2014 to 7.1
billion U.S. dollars in 2016, according to Hexa Research.! The
United States is the biggest market for e-cigarettes.” It is estimated
that the global e-cigarette industry will have a total market value of
50 billion U.S. dollars by 2025.3

Many studies of e-cigarette use patterns relied on survey meth-
ods.*™" Social media, however, create a new channel of access to
user-generated content and provide large datasets for e-cigarette re-
search. For instance, Twitter text data was used in sentiment analy-
sis'® and marketing and use pattern recognition.!” E-cigarettes are
also discussed in online forums, where discussions are lengthier
compared to tweets, thus containing much richer text information
for fine-grained text mining analysis. For example, Reddit was used
for analysis of e-cigarette refill liquids (“e-liquid”) components and
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flavors, and JuiceDB was used for e-liquids opinion analysis.>
In addition, combining information from different social media
sources may provide new insights. For example, Chu and colleagues
examined the marketing strategies of leading e-cigarette brands on
Twitter, Facebook, Google+, and Instagram, showing that different
strategies were exploited on different websites to broadcast context-
specific messages.>! Another study utilized text data from Twitter,
Reddit, and JuiceDB and found that different topic features were
mentioned across different platforms.”> However, very few studies
combined survey and social media data in analyses. For example,
some survey studies collected data on e-cigarette users’ social media
behavior,>>** which, however, focused on the behavior itself but
did not utilize rich information from social media.

In this study, we assessed whether the user-generated content
extracted from online communities could be usefully combined with
online survey data to better understand the patterns of e-cigarette
use. Both survey data and social media data have their limitations
and biases, but observing a phenomenon from 2 different points of
view provides a better grasp of reality, just as indicated from the tri-
angulation method in social science research.”*=*” Data triangula-
tion employs the idea of using different sources of data, including
different times, places, people,”® and collection processes,”’ to in-
crease the validity of research results. It can also be viewed as “less a
strategy for validating results and procedures than an alternative to
validation which increases scope, depth and consistency in methodo-
logical proceedings.”®® Currently, much of the data triangulation in
public health studies focuses on the traditional combination of qual-
itative data and quantitative data collected from surveys and inter-
views.>17* Very little, however, considers the possibility of
integrating social media data. Therefore, in this study, we contribute
to the literature by innovatively proposing a data triangulation
method to include social media data in the domain of public health
research.

MATERIALS AND METHODS

Data collection

Two survey datasets (survey A and survey B hereafter) were used in
this study. The original surveys were designed to study e-cigarette
users’ profiles, utilization patterns, satisfaction, and perceived
effects, as well as the relation between vaping and smoking behav-
ior. Both of the survey data were collected from questionnaires
posted on the smoking cessation website Stop-Tabac.ch from August
2011 to January 201335 and from October 2012 to December 2015,
in English and French.® The survey links were published in different
e-cigarette discussion forums and informing or selling e-cigarette
websites. The surveys were independent of manufacturers and
retailers of electronic cigarettes and e-liquids, and of the pharmaceu-
tical and tobacco industries. The studies were originally conducted
by researchers at the University of Geneva and funded by the Swiss
Tobacco Prevention Fund (an agency of the Swiss Government).
Since the questions from these 2 surveys were similar, we combined
them in a single dataset for this study.

The main purpose of the survey was to better understand who
used e-cigarettes and how they used these products. The questions
covered demographic information, e-cigarette use behaviors, and
smoking behaviors. Participation in the survey was voluntary. Par-
ticipants who were at least 18 years old and were current e-cigarette
users were eligible. Overall, there were 5132 participants from sev-
eral nations including France, United States, Switzerland, United
Kingdom, and Canada.

We collected social media data for the same time period (August
1, 2011, to December 31, 2015) from Reddit. As of 2017, Reddit
had about 542 million monthly visitors and 234 million unique
users, ranking as the fourth most visited website in the United States
and the ninth in the world.?” Reddit allows users with similar inter-
ests to form communities, which are called “subreddits.” The largest
subreddit for e-cigarettes is called “/r/electronic_cigarette,” and has
more than 150 000 subscribers. With the help of the SMILE plat-
form (www.smileportal.org), we collected 332 906 posts from 42
major e-cigarette-related subreddits, all of which have more than
2000 subscribers. Note that all content extracted from Reddit was
publicly available and thus consent was not required from the
users.

DATA ANALYSIS

We do not assume that different e-cigarette users from different
countries have the same use behaviors because of different local
market conditions, local anti-vaping policies, and differences in
smoking behaviors (eg, ratio of men/women who smoke). Therefore,
to set up a more reliable comparison, we used survey data from par-
ticipants living in the United States only (n=1057, 21% of 5132).
We cannot know where a Reddit user comes from, but a previous
Reddit survey showed that 80% of users are from the United
States.*®

We tried to answer 3 research questions from the comparative
analysis of online survey data and social media data.

1. (Identification) For those survey participants, who is active in so-
cial media? How is the pattern consistent with social media
data?

2. (Validation) How consistent are the e-cigarette use patterns
identified from social media and from surveys?

3. How can social media and survey data be used jointly to conduct
a comprehensive analysis and reach a better interpretation of
both types of data?

For the first research question, three survey questions were di-
rectly related to e-cigarette users’ online behaviors:

* Have you ever visited a website or an online discussion forum
dedicated to electronic cigarettes (labeled “Website” thereafter)?

* Five response options: never, 1 time, 2-5 times, 6-10 times,

11 or more times.
¢ If you did, did these websites or these forums encourage you to
use the electronic cigarette (labeled “Incite” thereafter)?

* Four response options: not at all, not really, somewhat, a lot.
* Have you ever posted a message on a discussion forum devoted

to electronic cigarettes (labeled “Forum” thereafter)?

¢ Five response options: never, 1 time, 2-5 times, 6-10 times,

11 or more times.

We conducted Fisher’s Exact test to test the relationship between
these 3 online behaviors and age and gender (196 males and 140
females). Age was a continuous variable that had max=75, min-
=18, and mean=43. We constructed 5 age intervals for analysis
based on the histogram of the age distribution: age <30 (n=359),
30<age<40 (n=64), 40<age<S5S0 (n=94), 50<age<60
(n=280), and age > 60 (n=25).

Besides the demographic features, we can also infer that Reddit
participants were more likely to be hardcore vapers instead of casual
users. We evaluated this statement by comparing forum-active
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survey participants and non-forum-active survey participants on use
duration, time to first puff every day, and number of puffs per day.

Thus, for these hardcore vapers, the use patterns described by
the survey data and by the Reddit data were comparable. We an-
swered the second research question by extracting relevant survey
answers and corresponding Reddit text to compare use patterns in-
cluding flavor types, flavor rating, nicotine level, cartridge type, pur-
chase approach, and brand and model. Cosine similarity was
normalized to the interval [0, 1] and could be used in a wide range
of different data types. These advantages were utilized in previous
literature to evaluate the similarity among different information
sources,>” or different medical cases.*® To confirm the two datasets
were similar, cosine similarity was measured in each feature to nu-
merically evaluate the distance between the 2 samples.

In the survey data, based on answers to the open-ended question,
“What flavor do you use the most?”, we summarized flavor type dis-
tribution across 8 flavor types we identified from previous re-
search.'”” Keywords from this previous research’® were used to
search the whole Reddit dataset and count the occurrence of flavors.

There was another flavor-related question in the survey: “Please
rate the flavor you just mentioned above.” The answer options were
a 5-level Likert scale from “very bad” to “very good.” We used a
sentiment analysis tool called VADER to study flavor rating in Red-
dit text data. VADER is a lexicon and rule-based sentiment analysis
tool and specifically attuned to sentiment expressed in social me-
dia.*! For each of the posts containing a certain type of flavor, we
fed the text into this tool and got a numerical score varied from —1
(the most negative) to +1 (the most positive). Then we divided the
interval [—1, 1] to 5 intervals [-1, —0.8), [-0.8, —0.3), [-0.3, 0.3),
[0.3, 0.8), [0.8, 1] in order to meet the S-level Likert scale. We drew
histograms to compare the 2 ratings. Note that these unevenly di-
vided intervals reflected the fact that extreme ratings, for instance,
“very good” or “very bad,” were more difficult to obtain. We also
tested evenly distributed intervals and the result did not change
much.

We conducted a similar analysis concerning the nicotine level in
refilled liquids. Nicotine plays a significant role in the taste and
pharmacological effects of e-liquid.'® We analyzed answers to the
survey question, “What is the concentration of nicotine in the liquid
or cartridge that you are currently using, on average?” and com-
pared this information with nicotine levels self-reported in Reddit.

We focused on e-cigarette devices in the next 3 comparisons. The
survey question, “Do you use prefill or refill e-cigarette?” inquired
about the types of e-cigarette cartridges. E-cigarette devices have
evolved in recent years.** At the time of the survey, prefilled e-ciga-
rettes were more likely to be a “cigalike,” which was one of the old-
est versions of e-cigarettes, while refilled devices were emerging
products and dominated the market later on.

We then analyzed the purchase approach of e-cigarettes based
on the survey question, “Where do you usually buy your e-ciga-
rettes?” Five response options: Internet, tobacco shop, vape shop,
mall (kiosk), and pharmacy. It is noteworthy that vape shops are
generally considered as adversaries of the traditional tobacco indus-
try.*> Most vape shops do not sell disposable or rechargeable brands
that are owned by “Big Tobacco” companies, such as Blu (owned by
Lorillard) and Vuse (owned by R. J. Reynolds).** Regular expres-
sion-based** keyword search was used to find corresponding materi-
als from Reddit.

Finally, we studied e-cigarette brands and models. The survey re-
quired participants to list their most frequently used e-cigarette
brands and models (open-ended responses). We used the brand and

model names from the survey answers as keywords to search Reddit
data for comparison. We used Levenshtein®® distance to identify
misspelling brand names (eg, “greensmoke” vs. “green smoke”) in
the data processing. Words with Levenshtein distance less than or
equal to 2 were manually checked with the help of Google search. In
the analysis, we included only keywords mentioned at least 3 times
from the survey answers.

After we drew the conclusion that social media data and survey
data were collected from similar samples, we could utilize the social
media data in survey studies. Specifically, for our third research
question, we wanted to assess whether social media data could be
used to estimate opinions on e-cigarette products, so that these opin-
ions could be utilized in further analyses. We inferred individual-
level opinions on e-cigarette products from opinions collected on the
social media.

A piece of e-liquid rating is related to both the overall e-liquid
quality and the consumer’s general satisfaction of using e-cigarettes.
For example, if an e-cigarette user personally likes to use e-ciga-
rettes, and an e-liquid brand is quite good from peer reviews, this
user has a high probability of enjoying this brand of e-liquid. We
constructed a Naive Bayes classifier*® for e-liquid rating estimation
and achieved f1-score =0.764. The details are described in Supple-
mentary Appendix S1: Liquid Rating Estimation.

Next, we combined survey and social media data in a multivari-
ate logistic regression analysis to study associations between e-ciga-
rette product opinions and intention to use e-cigarettes in the future.

We assumed that consumers with positive attitudes would be
more likely to continue to use e-cigarettes in the future. Based on the
theory of planned behavior (TPB),*” we tested the following hypothesis.

Hypothesis 1 (H1): Users with higher e-cigarette product evalua-
tions [device (H1A) and e-juice (H1B) rating] will have higher
levels of intention to use e-cigarettes in the future.

In survey questions, the device was evaluated from 2 perspec-
tives, model and cartridge. The e-juice was evaluated from 2 per-
spectives as well, flavor and liquid. Detailed survey question
descriptions can be found in Supplementary Appendix S2: Regres-
sion Variables. We used a stepwise backward variable selection
method and Akaike information criterion (AIC) to measure the lo-
gistic regression model quality. The result showed that only the
“Liquid” and “Flavor” variables were left in the final model, which
indicated that the evaluations to e-cigarette devices did not have a
significant effect on the future use intention (H1A rejected). Instead,
the evaluations of e-liquid and corresponding flavors were the key
factors influencing the future use intention (H1B not rejected).

The regression model after the variable selection is:

log_odds(intention) = f, + [, Liquid + f,Flavor + € (1)

Survey B had all the variables needed to conduct the regression
analysis. However, survey A did not cover e-liquid ratings. Thus, we
tested the validity of our approach by substituting the estimated e-
liquid rating for actual e-liquid rating in the survey B dataset (only
240 out of 363 records listed e-liquid brands), using the regression:

log-odds(intention) = f + f; LiquidEstimate + ,Flavor + € (2)

Finally, we applied the trained classifier to the survey A dataset
using regression model (2) to test the usefulness of our e-liquid rat-
ing estimator.

Note that our dataset was unbalanced regarding the e-cigarette
future use intention. Almost all participants stated that they had fu-
ture use intention (54 vs. 2 in survey A and 363 vs. 7 in survey B).
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Since logistic regression can sharply underestimate the probability of
rare events,*® given the limitation of the dataset, we applied rare-
event logistic regression instead, which conducted prior correction
or data weighing compensation in the maximum likelihood estima-
tion process. An R package “Zelig” was used to conduct the analy-
sis.** For robustness check, using normal logistic regression
would not change the statistical significance level of the analysis.

RESULTS

Demographic features and online activities
The test results are summarized in Figure 1 (Gender) and Figure 2
(Age).

As shown in Figure 1, males were more prone to visit e-cigarette
online discussion forums and posted more messages than females
(P <.001 in Fisher’s Exact test). This finding is consistent with the
social media data. Although we cannot obtain user gender informa-
tion from Reddit directly, by using keywords husband/boyfriend
and wife/girlfriend as a rough estimation, we found that there were
2432 male Reddit users and 479 female Reddit users. We admitted
the fact that the LGBTQ population might bias the result. But given
the large number gap we identified (2432 vs. 479), the actual gender
ratio would not change much had we had the ability to fully con-
sider the LGBTQ population. The approximated result served as a
reference evidence of the consistency of survey data and social media
data.

However, there was no significant difference between men and
women, whether these websites encouraged them to use e-cigarettes
(P =1.00 in Fisher’s Exact test).

Similarly, Figure 2 showed that different age groups had differ-
ent forum visit and message posting behavior (P=.023, .007 in
Fisher’s Exact test). However, there was no significant differences
among age groups for website e-cigarette use encouragement
(P=.60 in Fisher’s Exact test). We found that younger users partici-
pated more in online forums than older users. This is consistent with
previous research findings that social media users are younger.>”

Next, we evaluated whether forum-active survey participants
were hardcore vapers instead of casual users. The forum-active par-
ticipants had used e-cigarettes for 209 days on average (sd =274.48)
at the time when they took the survey, while non-forum-active par-
ticipants used for only 104 days (sd =197.79). Forum-active users
waited for 33 minutes on average (sd=51.05) after waking up to
vape the first puff while non-forum-active users waited for
56 minutes (sd =109.52). Forum-active users usually drew 207 puffs
per day on average (sd = 152.26) while non-forum-active users drew
110 puffs per day (sd =144.23). We used an independent 2-sample ¢
test to compare the results and found all P <.001, which indicated
that e-cigarette users who were active in forums were statistically
heavier users comparing to those who were not active in forums.

Thus, for these hardcore vapers, the use patterns described by
the survey data and by the Reddit data were comparable. We
extracted relevant survey answers and corresponding Reddit text to
compare use patterns including flavor types, flavor rating, nicotine
level, cartridge type, purchase approach, and brand and model.

USE PATTERN COMPARISON

The flavor type comparison results are summarized in Table 1. The
cosine similarity of the two distributions is 0.991, which indicated a
high consistency. Tobacco is the most welcomed flavor and counted
for around 45% of the total flavors mentioned. Note that “RY4” is
the most famous of them. If we did not use this keyword in Reddit
text extraction, we could only obtain 676 (47% of 1430) posts men-
tioning tobacco flavor. This information cannot simply be obtained
from the survey data, but using Reddit data gained more insights.

The flavor rating comparison histogram is shown in Figure 3A.
Overall, the 2 datasets shared a similar distribution across flavors.
We obtained a 0.986 cosine similarity. Almost 60% of the flavor
ratings were “very good,” which indicated an overall satisfaction to
this emerging product. We also analyzed the rating across different
flavor categories using Reddit data. Figure 3B shows a consistent fla-
vor rating pattern across these categories.

Gender Website
Never 1 time 2-5times  6-10times 11 or more
Male 1(1%) 0 (0%) 11 (6%) 15 (8%) 169 (86%)
Female 7 (5%) 4 (3%) 12 (9%) 24 (17%) 93 (66%)
P-value = 4.132e-05. There is significant difference between male and female groups.
Gender Incite
Not at all Not really Somewhat Alot
Male 32 (16%) 37 (19%) 67 (34%) 62 (31%)
Female 21 (16%) 24 (18%) 46 (34%) 43 (32%)
P-value = 0.9969. There is not significant difference between male and female groups.
Gender Forum
Never 1time 2-5times  6-10times 11 or more
Male 46 (23%) 8 (4%) 37 (19%) 13 (7%) 93 (47%)
Female 64 (46%) 10 (7%) 15 (11%) 10 (7%) 40 (29%)

P-value = 4.977e-05. There is significant difference between male and female groups.

Figure 1. Fisher’s Exact test for gender and online behaviors.
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Age Website
Never 1time 2-5 times 6-10times 11 or more
<30 0 (0%) 0(0%) 2 (3%) 4. (7%) 52 (90%)
30-40 0 (0%) 0 (0%) 3 (5%) 6 (9%) 55 (86%)
40-50 2 (2%) 3(3%) 11 (12%) 15 (16%) 62 (67%)
50-60 3 (4%) 0 (0%) 5 (6%) 12 (15%) 59 (75%)
>=60 3 (4%) 0 (0%) 2 (3%) 1(1%) 19 (24%)
P-value = 0.023 There is significant difference among age groups.
Age Incite
Not at all Not really Somewhat A lot
<30 4 (7%) 11 (19%) 22 (37%) 22 (37%)
30-40 11 (17%) 10 (16%) 23 (37%) 19 (30%)
40-50 13 (14%) 21 (23%) 32 (34%) 27 (29%)
50-60 18 (24%) 15 (19%) 21 (28%) 22 (29%)
>=60 4 (17%) 3 (13%) 9 (38%) 8 (33%)
P-value = 0.60 There is not significant difference among age groups.
Age Forum
Never 1time 2-5 times 6-10times 11 or more
<30 10 (17%) 2 (3%) 14 (24%) 1 (2%) 31(53%)
30-40 18 (28%) 3 (5%) 9 (14%) 8 (13%) 26 (41%)
40-50 36 (39%) 8 (9%) 13 (14%) 4 (4%) 32 (34%)
50-60 38 (48%) 4 (5%) 10 (13%) 7 (9%) 20 (25%)
>=60 6 (24%) 1(4%) 5 (20%) 2 (8%) 11 (44%)

P-value = 0,007 There is significant difference among age groups.

Figure 2. Fisher’s Exact test for age and online behaviors.

Table 1. Flavor categories

Flavor Survey data Reddit data
Tobacco 198 (42%) 1430 (45%)
Fruit 112 (24%) 676 (21%)
Menthol 3(13%) 263 (8%)
Beverages 6 (5%) 230 (7%)
Cream 5(7%) 285 (9%)
Sweet 1(7%) 172( %)
Seasonings 7 (1%) 9(3%)
Nuts 2 (0%) 7 (0%)

A nicotine level comparison histogram is shown in Figure 4. We
observed a similar pattern of nicotine level between survey and Red-
dit data. The average nicotine level for survey data was 16 mg/mL
(sd=9.62) while the average nicotine level for Reddit data was
16 mg/mL as well (sd =8.34). The 2-sample independent ¢ test can-
not distinguish the mean difference of these 2 datasets (P=0.95).
We also obtained a cosine similarity 0.965.

For the cartridge type comparison, we observed a similar ratio of
prefilled and refilled cartridge use for the survey (28 vs. 265) and
corresponding Reddit dataset (61 vs. 374) (P=.083 in Fisher’s Ex-
act test). There were approximately 10 times more users of refillable

cartridges than prefilled “cigalike” e-cigarettes. The cosine similarity
for this attribute between the 2 datasets is 0.998.

The purchase approach results in Table 2 show that the Internet
was the most popular channel to purchase e-cigarettes. The result
showed consistency between the 2 datasets with a cosine similarity
0.999. Almost 90% of the purchase happened on the Internet.

The results of the brand comparison are listed in Table 3. The pat-
terns indicate that survey data and Reddit data had a similar distribution
of popular e-cigarette brands and models. “Ego,” “joye,”
“volcano,” and “kanger” were identified as the most used products in
both datasets. The cosine similarity of the 2 brand lists is 0.852.

We compared use patterns in survey and social media data from

»
provape,

6 different angles: flavor types, flavor rating, nicotine level, cartridge
type, purchase approach, and brands. We summarized cosine simi-
larity of these 6 different features and got 0.965 on average with
sd=0.057. Based on the Chebyshev’s inequality and the 3-sigma-
rule, 0.794 was considered as the lower bound for 89% (99% if nor-
mally distributed, eg, approximated by the central limit theorem) of
the observed cosine similarity values, which was a reasonably high
value to state the 2 datasets were similar.

Regression analysis on intentions to use e-cigarettes
First, we used the regression model (1) on the survey B dataset. The
effect of each variable to the odds ratio and corresponding 95%
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Survey and Reddit Flavor Rating Comparison

Reddit Flavor Rating across Flavor Categories

0.9
0.6 1 ™=m Survey B Fruit
Reddit 0.8 Cream
B Tobacco
0.5 1 0.7 4 === Menthol
mem Beverage
0.6 -1 mmm Sweet
0.4 1 Seasoning
g T 05 mem Nut
3 - ]
E E 0.4
0.2 031
0.2 1
0.1 A I r
0.1 4 |
0.0 T — l 0.0 L il L h' 1 ‘ . =
3 4 5 1 2 3 4 5
Flavor Rating Flavor Rating
Figure 3. Flavor rating. 3A. Survey and Reddit comparison. 3B. Reddit flavor rating across flavor categories.
Survey and Reddit Nicotine Level Comparison Table 3. E-cigarette Brands
0.30 e &.lrvely Brand/Model Survey Reddit
Reddit
0.25 4 Ego 112 (30.1%) 1516 (39.9%)
Joye 8(26.3%) 286 (7.5%)
Provape (provari) 22 (5.9%) 485 (12.8%)
o Volcano 4(3.8%) 147 (3.9%)
§ Kanger 3(3.5%) 363 (9.6%)
3 0.15 4 Smokeless Image 0(2.7%) 9 (2.6%)
£ Blu 9(2.4%) 158 (4.2%)
a0 Lavatube 8(2.2%) 216 (5.7%)
Apollo 8(2.2%) 48 (1.3%)
Kgo 7 (1.9%) 4(1.4%)
0.05 1 Madvapes 7(1.9%) 2 (2.4%)
Silver Bullet 7 (1.9%) 7(2.6%)
0.00 4 Puresmoker 6 (1.6%) 4(0.4%)
0 3 6 9 1215 _'.I.B .21 24 27 30 33 36 39 42 45 48 Altsmoke 6 (1.6%) (1 4%)
Nicotine level (mg/ml) Vapor 9 6 (1.6%) 1(0.6%)
Figure 4. Nicotine level. val 3 (1.3%) 1(0.6%)
Slb 5(1.3%) 2(0.3%)
Vapage 5(1.3%) 9(0.2%)
E Power 5(1.3%) 8(0.2%)
Table 2. Purchase approach Indulgence 4(1.1%) 3(0.1%)
. Vmod 3(0.8%) 1(0.8%)
Approach Survey Reddit Super-t manufacturer 3(0.8%) 4 (0.1%)
Internet 205 (93%) 101 (89%) Njoy 3(0.8%) 40 (1.1%)
Tobacco shop 6(3%) 3(3%) Prodigy 3(0.8%) 9(0.2%)
Vape shop 8 (4%) 5 (4%) Smoktek 3(0.8%) 15 (0.4%)
Mall, kiosk 2 (1%) 3(3%)
Pharmacy 0(0%) 1(1%)

confidence interval is shown in Table 4, column (1). One point more
of e-liquid rating is associated with 6.69 increase of e-cigarette fu-
ture use intention odds ratio (P=.001). One point more of flavor
rating is associated with 2.61 increase of e-cigarette future use inten-
tion odds ratio (P =.034).

By using a regression model (2) on the survey B dataset, we got
results in Table 4, column (2). The similar results between column
(1) and column (2) showed that the substitution does not change the
regression significance level or even the estimated coefficients. It
means that the individual e-cigarette product evaluation can be

estimated by jointly using the product quality from social media and
the individual’s general satisfaction from survey questions. Senti-
ment analysis from online community discussion reveals the overall
quality of products.

Finally, we used the regression model (2) on the survey A data-
set. We obtained the result as shown in Table 4, column (3). For sur-
vey A, 1 point of e-liquid rating increase was associated with 10.40
increase of e-cigarette future use intention odds ratio (P=.434).
One point flavor rating increase was related to 4.03 increase of
e-cigarette future use intention odds ratio (P =.427). Though we did
not obtain a statistical significant estimation, the coefficients were still
consistent with the results obtained from survey B. The unbalanced
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Table 4. Logistic regression on future use intention

(1) Intention (survey B)

(2) Intention (survey B) (3) Intention (survey A)

Liquid 6.69 (2.11,21.26) **
Estimated liquid

Flavor 2.61(1.07,6.36) *
AIC 52.97

McFadden’s R* 0.32

6.73(2.03,22.27) ** 10.40 (0.03, 3699.72)
2.86 (1.31, 6.27) ** 4.03(0.13, 125.80)
55.79 6.69
0.28 0.96

P <0.001 ***, P<0.01 **,P<0.05 *.

dataset (2 no clear intention vs. 54 having intention) might be the rea-
son for this situation. Nonetheless, the proposed method has shown
its potential to be explored by future studies.

DISCUSSION

Contributions

Previous studies utilized either survey data or social media data but
seldom both to analyze e-cigarette use patterns. The combination of
online survey data and social media data sheds light on new
approaches to study this field.

From the methodological perspective, we contributed to the liter-
ature by innovatively proposing a new method in integrating social
media data in data triangulation. We first identified survey partici-
pants who were active on social media and used data from these
users to compare the use patterns between the two datasets. The co-
sine measure was employed to display the similarity of the datasets
and confirmed the consistency of the samples. Then we used infor-
mation from the online community to infer survey participants’
opinions and further used the opinions in intention prediction. The
consistent logistic regression results showed potential to estimate
individual’s attributes by integrating social media data.

From a practical sense, first, we found that males/youngers were
more likely to visit e-cigarette online discussion forums and tended
to post more messages than females/elders. Furthermore, these
forum-active users were identified as hardcore vapers who had
vaped for a longer time, took less time to have the first puff after
waking up, and puffed more times per day. This conclusion was sup-
ported by the social media dataset. Second, the 2 datasets shared
similar patterns across flavor type, flavor rating, nicotine level, car-
tridge type, purchase approach, and brand and model. We obtained
a 0.965 cosine similarity on average. Third, by collecting opinions
on e-liquid brand from social media, we built a Naive Bayes classi-
fier and achieved 0.764 f1-score, which could be used to infer survey
participant’s e-liquid rating. The intentions to use e-cigarettes in the
future were positively related to e-liquid ratings and flavor ratings.

By adopting more accurate and advanced methods, as well as ap-
plying features extracted from surveys, we expect social media data
to be used more frequently and interactively in e-cigarette health
surveillance. We propose a research framework that utilizes survey
and social media data interactively, which is shown in Figure 5. In
this framework, as we have identified, hardcore vapers are more
likely to be involved in both the survey datasets and social media
datasets. They are the target population to be studied in this mixed-
method approach. Survey questions are designed to collect basic de-
mographic features and e-cigarette use patterns. Then the corre-
sponding social media dataset is collected to gain further individual
opinions and online community information. Finally, by applying

the features to analytical models, we could conduct health surveil-
lance, such as pattern recognition, trend detection, and intention in-
ference.

LIMITATIONS

The first limitation is the different population composition of the 2
datasets. Our research framework is suitable for research to hard-
core vapers. Casual e-cigarette users, however, were much less likely
to visit specific e-cigarette forums, and thus information extracted
from forums was less relevant. This limits our study approach to be
applied to the whole e-cigarette user population. Though under-
standing the use patterns of heavy users can help depict the e-ciga-
rette use health consequences, studying casual users and the reasons
that they started using e-cigarettes might be another important re-
search domain to investigate to stop improper e-cigarette initiation.

Another limitation is the limited sample size for regression. Al-
though we had 1057 survey participants, not all of them reported e-
liquid brand and rating, flavor rating, or future e-cigarette use inten-
tion. The unbalanced dataset might cause biases in the regression
results.

FUTURE RESEARCH

We propose several possible approaches for future studies. First, a
better-designed survey based on theory (eg, the TPB) could be
employed to explore the relationship between e-cigarette use inten-
tions and attitudes, subjective norms, and perceived behavior con-
trol, with the help of social media data.

Second, more social media platforms could be incorporated.
Data from Twitter, Facebook, YouTube, Instagram, and many other
social media platforms can generate new perspectives and shed light
on innovative approaches to combine the survey data and social me-
dia data. For example, Twitter has location information of e-ciga-
rette users. This location information could be utilized in a
temporal-spatial analysis. Note that the geospatial data can be
obtained only if the user actively chooses to tag the tweets. The se-
lection bias needs to be thoroughly considered as a future work di-
rection.

Third, more fine-grained qualitative and quantitative methods
could be applied to investigate the current dataset. For example, the
reason that some of the brands were popular could be studied from
both the open-ended survey questions and social media text.

Finally, using a unique identifier, survey data and social media
data could be directly linked at individual level in volunteers. This
can help relieve the limitation that our approach can be applied only
to hardcore vapers.
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Figure 5. Framework for combining survey dataset and social media dataset in e-cigarette health surveillance studies.

CONCLUSION

We studied e-cigarette use patterns by combining survey data and corre-
sponding social media data. We found e-cigarette users who were active
online were more likely to be hardcore vapers. The use patterns identi-
fied from the corresponding survey dataset and social media dataset
shared commonalities. The future use intention was studied by combin-
ing the 2 datasets and found to be related to e-liquid ratings and flavor
ratings. We hope this study can serve as an example of social media
data triangulation study in the public health surveillance research com-
munity and be utilized by other researchers and policymakers.
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