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Abstract—With the embracing of mobile Internet of Things,
participatory media is becoming a new battlefield for tobacco
wars. However, how to automatically collect and analyze the
large-scale user-generated data that are relevant to tobacco in
participatory media is still unexplored. In this paper, we propose an integrated approach of sensing collective activities in
tobacco-related participatory media. Meanwhile, we compare the
temporal patterns, topological patterns, and collective emotion
patterns among protobacco, antitobacco, and quit-tobacco groups.
Based on the proposed framework, a prototype was implemented
to collect large-scale tobacco-related data sets from Facebook.
This demonstrates that the proposed framework is feasible and
reasonable. Our preliminary findings reveal that, first, tobaccorelated content grows exponentially. In particular, the growth of
the protobacco group follows the exponential law, whereas there
is linear growth for the tobacco control group. Second, the connection between the tobacco control community and the tobacco
cessation community is tight, whereas the nodes in the protobacco
community are connected sparsely. Finally, the collective emotion
in tobacco communities is negative.
Index Terms—Facebook, Internet of Things (IoT), participatory
media, public health, tobacco control, tobacco surveillance.
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I. I NTRODUCTION

W

ITH the development of Internet of Things (IoT), various objects are being connected and a huge amount of
data are generated each day, including the sensing data from
embedded sensors and the user-generated data in online participatory media such as social networking sites and discussion
forums. All these human-centered or human-contributed data
can reflect the digital footprints/activities of citizens and are
opening a new paradigm of intelligent IoT. Various studies have
been done on extracting urban and social intelligence from the
collected data from participatory media, such as social relationship mining, social recommendation, location recommendation,
etc. In this paper, we address a different problem over intelligent
IoT. We aim to automatically collect and analyze large-scale
tobacco-related data sets with the help of the unprecedented
sensing capability of intelligent IoT.
Many studies demonstrate that tobacco-related content on
participatory media is accumulating. For the protobacco community, tobacco companies stand to greatly benefit from the
marketing potential of social media without being at a significant risk of being implicated in violating any laws [1], such
as cigarette promotion on Facebook [2], protobacco video clips
on YouTube [1], and mobile applications (“ishisha” and “Cigar
Boss”) for tobacco promotion. In response to the “provocation” from the protobacco community, many laws are enforced
to regulate the promotion activities of the tobacco industry.
In addition, many social media services (e.g., Facebook and
YouTube) have policies that outlaw the promotion of tobacco
products on their advertising networks. For YouTube, users are
allowed to flag “inappropriate” videos. It is undeniable that
participatory media is becoming the new battlefield for tobacco
wars.
With the progress of tobacco wars on participatory media,
the seamless monitoring of user interaction on tobacco-related
content is vitally important to properly assess the current
situation, the potential risks, and what kind of countermeasures has to be taken. However, the following reasons pose
challenges in characterizing the user interaction on tobaccooriented participatory media. First, large-scale tobacco-related
data sets are not available. The existing studies mainly rely on
user survey, and manual data extraction based on questionnaires
is time- and labor-consuming. Second, most existing studies
are case studies, and there is a lack of quantification methods.
Manual content analysis remains the most common method
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used to analyze the social media content by the tobacco control
community. This approach obviously will not scale when facing
the exploding social media “big data.”
To address those questions, we propose an online tobacco
surveillance system (OTSS) to automatically collect tobaccorelated content data from participatory media and to investigate
the user interaction on tobacco-related participatory media.
Although a global tobacco surveillance system (GTSS) is developed and maintained to collect data on the tobacco use among
adults and adolescents1 , the data are manually extracted based
on questionnaires, which is time-consuming and extremely
costly. Different from a GTSS, an OTSS makes full use of
the data in the tobacco-related participatory media, including
structured data (such as social relationship) and unstructured
data (such as textual data). Based on the multidimensional
data in participatory media, many far-reaching studies could
be conducted, including solutions to inhibit/boost the spread of
protobacco/antitobacco messages based on topology analysis,
the evaluation of tobacco policies based on textual data, and the
investigation about the marketing strategies in the protobacco
community.
The main contributions of this paper are twofold. First, the
framework of an OTSS is proposed, through which large-scale
data sets could be extracted from the tobacco-related participatory media. Specifically, a prototype system is implemented to
capture the tobacco-related data sets from Facebook. To the best
of our knowledge, it is the first prototype system to automatically collect large-scale tobacco-related data from participatory
media. Second, we explore the collective interaction to find
the differences among tobacco communities. Technically, based
on the large-scale data sets, we investigate the patterns of
collective activities including the temporal, topological, and
textual patterns in tobacco communities.
The remainder of this paper is organized as follows.
Section II summarizes the existing work about IoT, participatory media, and tobacco surveillance. In Section III, the system
requirements for an OTSS are presented, and the framework
of an OTSS is elaborated as well. Section IV presents how to
capture the tobacco-related data from Facebook. We investigate
the temporal patterns, topological patterns, and content patterns
to reveal the collective activities in tobacco communities. Our
preliminary findings are presented in Sections V and VI, respectively. Section VII summarizes our findings and discusses
more reasonable solutions for the tobacco control community.
Finally, we conclude this paper in Section VIII.
II. R ELATED W ORK
A. Intelligent IoT
IoT refers to the emerging trend of augmenting physical
objects and devices with sensing, computing, and communication capabilities, connecting them to form a network and
making use of the collective effects of the networked objects
[3]. The augmented sensing capability results from the information sharing among the connected devices, including wearable
sensors, sensor-enhanced mobile phones, and smart vehicles.
1 http://www.cdc.gov/tobacco/global/gtss/.

Meanwhile, the connected sensing devices integrated the web
and sensing technologies together to extend the ecosystem
of smart objects and to extract intelligence and knowledge
leveraging the interaction of human and objects [4].
IoT could be applied to many application areas, such as
healthcare, urban planning, and real-world search. For healthcare, many sensors are utilized to enhance the sensing capability and to provide proactive services for users. Chen et al.
[5] elaborated a knowledge-driven system to detect fine-grained
daily activities with radio-frequency identification tags. For
elder adults, a smart home prototype was implemented to
overcome the barriers due to cognitive decline, particularly
memory, hearing, and visual impairment [6], [7]. For urban
planning, a number of studies have extracted citywide human
mobility patterns using the large-scale data from smart vehicles
and mobile phones. The Real Time Rome project of the Massachusetts Institute of Technology, Cambrige, MA, USA, uses
the aggregated data from buses and taxis to better understand
urban dynamics in real time [8].
B. Collective Activities From Participatory Media
Participatory media can be also regarded as a social sensor
in IoT for the analysis of collective activities. For emergencies,
Twitter has been reported to support the real-time mining of
natural disasters such as earthquakes [9] and to uncover unusual
regional social activities, such as sports games, thunderstorm,
and fireworks festivals [10]. For social activities, the textual
data in participatory media are utilized to predict political
elections [11], [12] and to uncover the sentiment of the crowd
[13], [14], such as positive versus negative and objective versus
subjective. Kramer et al. [15] proposed a model to analyze the
“Gross National Happiness” from Facebook textual data. In addition, participatory media is also applied for the public health
area. Through the analysis of the textual data on participatory
media, an influenza outbreak [16], [17] can be predicted.
For the tobacco control communities, the value of the
tobacco-related data in participatory media is emerging. It is
found that British American Tobacco employees were taking
advantage of social networking sites such as Facebook to promote the company’s products [2]. On YouTube, many users are
exposed to protobacco videos ranging from product reviews to
smoking fetish imagery to tobacco-related scenes [1]. However,
the size of the data set is very small, and manual content analysis remains the most common method used to analyze the social
media content by the tobacco control community. To the best of
our knowledge, this is the first time to propose an integrated
solution to automatically sense the large-scale tobacco-related
content in the participatory media with the unprecedented sensing capability of Intelligent IoT. More importantly, we conduct
a comprehensive analysis from two perspectives (the topology
patterns and the textual patterns) with the introduction of social
network analysis and text mining.
C. Tobacco Surveillance System
For the tobacco control, the GTSS aims to enhance the
country capacity to design, implement, and evaluate tobacco
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control interventions. The data in the GTSS is manually collected through questionnaires, which is time-consuming and
extremely costly. More importantly, with the embracing of
intelligent IoT, people interwave between online activities and
offline activities. The digital footprints left in the participatory
media are ignored in the GTSS.
Our work differs from existing works in three aspects. First,
from the point of view of data sources, the OTSS makes full
use of the data in the tobacco-related participatory media,
which benefits the automatic data collection with less time
consumption and labor cost. On the other hand, the data in the
participatory media are multidimensional, including structured
data (such as social relationship) and unstructured data (such
as textual data). The diversity of the data in the participatory
media offers the chance to provide more insights for the tobacco
control community. Second, different from the manual data
collection based on the questionnaire, we present an integrated
solution to automatically collect large-scale tobacco-related
data from the participatory media. Finally, manual content
analysis remains the most common method used to analyze the
social media content by the tobacco control community. This
approach obviously will not scale when facing the exploding
social media “big data.” The OTSS enables the automatic analysis of the large-scale social media data sets that are relevant to
tobacco.
III. F RAMEWORK OF O NLINE T OBACCO
S URVEILLANCE S YSTEM
A. System Requirements
1) Content Filtering: A huge amount of content is generated
in the participatory media. The diversity of user-generated
data makes it difficult to extract the tobacco-related data.
Therefore, content filtering is a requisite component for the
tobacco surveillance system. Fortunately, keyword searches can
be conducted on many social media sites, including Facebook
and YouTube. Content filtering could be constructed based on
a keyword searching engine. The key issue for the keywordbased searching engine is how to establish a set of keywords.
To address this problem, in this paper, we establish a set
of tobacco-related keywords for content filtering. The set of
keywords consists of tobacco brands, tobacco-related synthetic
words, and common knowledge. More details about the set of
keywords are elaborated in Section IV.
2) Web Crawling: Web crawling obtains compressed data
feeds from the content filtering and provides near real-time data
updates for other components. A huge amount of information is
embedded in the participatory media. Web crawling should be
capable of dealing with a heterogeneous data stream. On one
hand, user profiles should be accessed to characterize users.
On the other hand, collective activities are significantly important for the social science. The user interaction relationship
embedded in the collective activities benefits the investigation
on user influence, information dissemination, and topology
patterns. Meanwhile, group attitudes could be mined from the
user-generated textural data. The heterogeneity of data in the
participatory media poses a challenge for the design of web
crawling.
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Fig. 1. System architecture of the tobacco surveillance system.

3) Data Analysis: Data analysis in the tobacco surveillance
system enables the automatic analysis of the large-scale social
media data sets that are relevant to tobacco. As the usergenerated textual data and online interaction data are dominating, data analysis should be conducted from two perspectives,
i.e., social network analysis and content mining. From the view
of social network analysis, the topological patterns of tobacco
communities could be extracted based on user interaction activities such as post like, post comment, and post sharing.
Meanwhile, other issues such as information dissemination,
social influences, and communities could be investigated to
reveal the distinct patterns in the tobacco-related communities.
In addition to the topological patterns, we also conduct content
analysis for the user-generated textual data that are relevant
to tobacco. Based on the content analysis, we may reveal the
main topics in the tobacco-communities; on the other hand, the
collective emotion could be mined.
B. System Architecture
According to the system requirements, we propose the system architecture of the tobacco surveillance system. As illustrated in Fig. 1, the system architecture consists of three layers,
i.e., sensing, data analysis, and application.
Sensing, which is the basis of the tobacco surveillance system, aims to implement the automatic collection of tobaccorelated social media contents and collective activities. The
diversity of the user-generated data makes the content filtering
necessary to enable the automatic collection of the large-scale
data sets that are relevant to tobacco. The content filtering
serves as data feeds for the web crawling. The web crawling
automatically collects the tobacco-related data and provides
near real-time updates for other components. In this paper,
we mainly focus on two kinds of data, i.e., the structured
interaction relationship and the unstructured textual content.
Data analysis is the core of the tobacco surveillance system
to uncover implicit facts and fundamental laws, and to predict
potential trends. More importantly, through the data analysis,
we could get more insights about the tobacco-related collective
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activities on the participatory media for the tobacco control
communities. According to the property of large-scale data sets,
the data analysis could be conducted from two perspectives, i.e.,
social network analysis for the structured interaction data and
text mining for the unstructured textual content.
Application integrates a variety of programs with the support of data analysis. Visualization provides a methodology
to present the findings visually. Furthermore, more programs
could be developed to find insights for the tobacco control
communities. For example, to evaluate the tobacco policies,
the textual data that are related to the tobacco policies could
be collected, and the content analysis, such as the sentimental
analysis, could be conducted to find the collective attitudes
toward the policies.
OSGi Framework. Scalability is vitally important for the
system due to heterogeneous data and diverse components.
To address this issue, the OSGi framework is introduced to
implement the prototype system. The OSGi framework is an
outstanding service-oriented framework, which supports the
module management and benefits the loose coupling of modules [18]. Furthermore, it supports a hot plug, which means
that the services could be installed or stopped without restarting
the server. The OSGi framework guarantees the scalability
and weightlessness of the architecture. The advantages of the
OSGi framework make it reasonable for the construction of the
prototype system.
IV. C OLLECTION OF T OBACCO -R ELATED DATA
In this paper, we present how to extract tobacco-related
content from Facebook. Facebook is an open platform, where
Facebook users generate posts and interact with Facebook users
through liking, commenting, and sharing, which are the most
common interaction activities on Facebook. A Facebook fan
page is a public profile that enables users to share their business
and products with Facebook users [2]. Meanwhile, a keyword
searching engine is provided, through which we could search
fan pages that are related with the searching requests.
The data collection on Facebook consists of two steps, i.e.,
offline data preparation and online data collection. The offline
data preparation aims to find tobacco-oriented fan pages using
Facebook application programming interfaces (APIs) and classify the fan pages according to fan page profiles. In addition
to the basic information of fan pages such as page likes and
post volume, the online data collection gathers the interaction
records on fan pages, including post likes and post comments
as well. The workflow of the data collection is illustrated
in Fig. 2.
A. Offline Data Preparation
The offline data preparation dedicates to find the tobaccooriented fan pages on Facebook. For Facebook, a keyword
searching engine is available. Therefore, we first need to establish a set of tobacco-related keywords. To maximize the coverage of the keyword list, we manually construct the keyword
list from three sources, i.e., tobacco brands, synthetic tobaccorelated terms, and existing knowledge.

Fig. 2.

Flow diagram of data collection from Facebook fan pages.

Fig. 3.

Tobacco brands on Facebook.

Due to the diversity of tobacco brands, we integrate tobacco
brands from sources, including the official tobacco brand list2 ,
tobacco-brand-related Wikipedia web pages3 , tobacco review
websites4 , and online tobacco shops.5 The integration of tobacco brands from heterogeneous sources facilitates the coverage of tobacco brands. Based on the integration of tobacco
brands, we selected the top 70 brands according to the frequency of tobacco brands. Among the given 70 cigarette brands,
112 Facebook fan pages have been created that are named after
44 cigarette brands (See Fig. 3).
For the synthetic keywords, we synthesize many tobaccorelated words with tobacco and different roots (as shown in
Table I). The synthetic keywords not only contain tobaccorelated products, including “beedi,” “cigar,” “snuff,” “hookah,”
and “pipe smoking,” but also cover keywords for tobacco control and cessation. Meanwhile, some famous tobacco-related
fan pages on Facebook, such as “quitnet,” “BecomeAnEX,” and
“VchangeU,” are included as well. All those three sources consist of the tobacco-related keywords. Based on this keyword list,
we automatically conduct the keyword searching on Facebook
through Facebook APIs.
Through the keyword searches, the fan pages that are related
with those keywords are retrieved. Then, we check if those
retrieved fan pages are truly related with tobacco. All fan pages
2 http://www.revenue.ne.gov/cig/cig_alpha.html.
3 http://en.wikipedia.org/wiki//List_of_cigarette_brands.
4 http://www.cigreviews.com/find-by-brand.
5 http://www.orixo.com/cigarettes/.
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TABLE I
RULES FOR THE S YNTHETIC T OBACCO -R ELATED K EYWORDS

TABLE II
OVERVIEW OF THE T HREE G ROUPS OF T OBACCO -O RIENTED FAN PAGES
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protobacco fan pages succeed in attracting users to interact on
pages and that many Facebook users are exposed to protobacco
content.
More importantly, the structured data embedded in the fan
pages imply the user interaction relationship. With regard to
the online interaction in fan pages, we mainly focus on two
kinds of online activities, i.e., post likes and comments. As
shown in Fig. 4, user B interacts with user A when user B
likes or comments the posts issued by user A. To obtain user
interaction records, we collected the post like list and the
comment list through Facebook APIs. According to the user
interaction records, we construct an undirect weighted interaction graph G = {V, E}, where V = {v1 , v2 , . . . , vi , . . . , vn }
indicates the users who interact with posts, and E = {e1 , e2 ,
. . . , ei , . . . , em } is the set of edges that connect vi and vj with
interaction frequency wij .
V. S TRUCTURE A NALYSIS F ROM
S TRUCTURED DATA
A. Evolution of Tobacco-Related Content on
Participatory Media

are manually classified into four types according to the page
profiles or content of fan pages. Specifically, we classified
the retrieved results into four types by two coders manually,
i.e., 0: unrelated to tobacco; 1: tobacco promotion; 2: tobacco
control; and 3: tobacco cessation. Pearson correlation coefficients (PCCs) were measured based on the classification results
of the two coders. The coding had a high level of reliability
(PCCs ρ = 0.9646). A third coder coded the fan pages, for
which there was no agreement between the first two coders.
If the third coder disagreed with each of the first two coders,
those fan pages are excluded. Finally, the tobacco-related fan
pages are regarded as the initial data for the following online
data collection. In total, we got 2149 tobacco-related fan pages
(708 for tobacco promotion, 684 for tobacco control, and 757
for tobacco cessation). Specifically, 557 of the protobacco fan
pages are about tobacco brands (such as New Port, Camel,
Black Devil, etc.), tobacco-related products, such as smoking
pipe and tobacco promotion information (such as duty-free
cigarettes and cheap online tobacco shops), and protest for
tobacco control. One hundred fifty-one of the protobacco fan
pages are concerned about electronic cigarettes.
B. Online Data Collection
A huge amount of information is embedded in fan pages.
The online data collection captures the following three types
of data: 1) fan page features, including page like, post volume,
comment volume, and post like; 2) unstructured data, i.e., the
user-generated text, including post creator, create time, posts,
and comments, where create time is utilized for the analysis of
the temporal patterns, and posts indicates the topics of posts;
and 3) structured data, i.e., the social relationship embedded in
the online interaction activities.
We summarize the fan page features in Table II. It is obvious
that the fan pages in the protobacco group overwhelm the other
two groups in page like and post like. This indicates that the

We disclose the evolution of post volume on Facebook in
three groups, respectively. As shown in Fig. 5, the tobaccorelated content on Facebook has been explosively increasing
since 2008. In general, the year 2011 witnessed the breakthrough of three groups with more than 1000 posts per month.
The growth of tobacco-related content follows the exponential
distribution, which demonstrates that tobacco-related content
has been widely spread on the social media and may be accessed by a huge number of Facebook users. The prevalence of
tobacco-related content indicates that the importance of online
social marketing for tobacco-related products and services is
emerging.
On the other hand, the post volume for tobacco promotion
outperforms the other two groups with a higher growth rate.
As illustrated in Fig. 5, the growth of the protobacco and
quit-tobacco groups follows exponential distribution y(t) = a ∗
eb(t−t0 ) , whereas for the tobacco control group, it follows linear
distribution y(t) = a ∗ (t − t0 ) + b. In particular, the explosive
growth happened in July 2011 with the rapid expansion of the
gap between the protobacco and antitobacco groups. The gap
between the protobacco and tobacco control groups indicates
that tobacco control is losing ground to tobacco promotion in
the participatory media and that we are faced with a tremendous
challenge for tobacco control. Therefore, more effort should be
made for tobacco control online.
B. Topological Patterns of Tobacco Communities
We analyze the interaction among the tobacco communities.
If fan page A likes, posts, or comments on fan page B, an
interaction between the fan pages occurs. Based on the interaction among fan pages, we construct the interaction network,
as shown in Fig. 6, where each node represents a fan page. The
nodes in red are affiliated with the protobacco community; the
nodes in green, with tobacco control; and the nodes in yellow,
with tobacco cessation.

1198

IEEE SYSTEMS JOURNAL, VOL. 10, NO. 3, SEPTEMBER 2016

Fig. 4. Extraction of the interaction matrix based on interaction records.

Fig. 5. Temporal patterns of post volume for the three tobacco-oriented
groups.

As illustrated in Fig. 6, the fan pages for tobacco control and
tobacco cessation are highly connected. On the contrary, the
protobacco fan pages are less connected. The tight connection
between the antitobacco and quit-tobacco fan pages benefits the
information sharing and facilitates the promotion of cessation
services and tobacco control campaign. For example, the node
marked with Q22 shared posts from BecomeAnEX to encourage
people to quit smoking with the assistance of Quit Tea, which
is a blend of herbs and spices that helps replace the habit
of smoking with drinking herbal tea.6 The sparse connection
between protobacco fan pages may result from the competition
in the tobacco industry and the common benefits of fan pages.
In the set of keywords, many tobacco brands, such as “Camel,”
“Lucky Strike,” and “Pall Mall” are introduced. We found that
most nodes named after tobacco brands do not connect with
other tobacco brands, which may result from the competition among tobacco rivals. On the other hand, the connection
among protobacco nodes may rely on the common benefits.
For example, the neighbors of node P3 (standing for Fantasia
Hookah) are linked with tobacco seed P5 , hookah accessories
and hookah pipes P4 , and distribution broker P2 connecting to
local vendors P25 .
VI. C ONTENT A NALYSIS F ROM T EXTUAL DATA
A. Collective Topics in Tobacco Communities
In order to find the distribution of topics in the tobaccooriented groups, we compare the topics between the protobacco
and antitobacco groups. In this paper, the posts from each group
are extracted as a corpus, respectively. Then, a topic model is
employed to each corpus to reveal the topic distribution for each
group. In machine learning and natural-language processing, a
topic model is a type of statistical model for discovering the
abstract “topics” that occur in a collection of documents. We
utilize latent Dirichlet allocation [19] to extract the keywords
for each group.

Fig. 6. Interaction network among the tobacco communities. (Note: Isolated
nodes are not presented).

6 https://www.facebook.com/QuitTea/info.
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Fig. 7.
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Comparison of topics between the protobacco group and the antitobacco group.

The topic distributions of the protobacco and antitobacco
groups are shown in Fig. 7. The position of keywords in Fig. 7
represents the rate of word frequencies in two corpuses, as
shown in (1), where fp (wj ) and fc (wj ) indicate the word
frequencies of keyword wj in the protobacco corpus and the
antitobacco corpus, respectively. The font size indicates the
word frequency of keyword wj in the dominating corpus.
Position =

max (fp (wj ), fc (wj ))
.
min (fp (wj ), fc (wj ))

(1)

As shown in Fig. 7, in the tobacco promotion corpus, many
tobacco-related products, such as hookah, snuff, cigar, pipe,
rolling, and ecigarette, are presented. Meanwhile, many tobacco brands, such as del, kasbah, and shisha, are uncovered as
well. Furthermore, many keywords, including shipping, order,
deal, stock, discount, sale, coupon, and price, are related with
business activities. What is worse is that a large number of
positive words, such as delicious, lucky, favorite, and sexy,
are used in the protobacco corpus. According to the keywords
extracted from the protobacco corpus, we could conclude that
many tobacco-derived products, including cigar, hookah, and
e-cigarette, are widely discussed in the social media. On the
other hand, the frequent emergence of business-related keywords may shed light on the undergoing online promotion
activities for tobacco.
For the antitobacco corpus, it is obvious that it focuses
more on being tobacco free and on tobacco quitting. According
to cancer, lung, and die, intuitively, we would realize that
many of the health issues resulting from tobacco smoking are
emphasized to raise public awareness for tobacco control. In
addition, many words in law, including legislation, regulation,
vote, and ban, are involved in the antitobacco corpus, which
implies that more regulations are discussed for tobacco control.
In particular, tobacco control among the youth is a hot issue.
Obviously, many issues, ranging from the bad health effects of
tobacco, the legislation for tobacco control, to tobacco issues
for the youth, are involved in the antitobacco corpus.

Fig. 8. Sentiment analysis of the textual content in the tobacco-related
communities.

B. Collective Emotion in Tobacco Communities
In addition to the topics expressed in the posts, we also study
collective emotions through the sentiment analysis according
to the method introduced in [20]. We processed the text of each
post using SentiWordNet [21], which is a lexical resource for
the extraction of emotional content from a short text. We use
SentiWordNet’s output to classify each post as positivity (ep >
0), objectivity (ep = 0), and negativity (ep < 0). For each fan
page, we aggregate the emotions expressed in the set of posts
ofa fan page f by calculating the ratios of positive
posts Pf =

posts
N
=
(
e
( p∈f ep > 0)/|f |, negative
f
p∈f p < 0)/|f |,

and neutral posts Uf = ( p∈f ep = 0)/|f |. These three values
Pf , Nf , Uf allow us to map each fan page in a ternary plot. We
plot each fan page as a point in the ternary plot, with a distance
to the vertices that is inversely proportional to the three origin
points.
As shown in Fig. 8, the emotion in the tobacco-related textual
content is negative both in the protobacco community and the
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antitobacco community. For the whole corpus, we calculate the
dominating emotion of fan pages with the maximum among
Pf , Nf , and Uf . In the experimental results, 82.98% of fan
pages are negative, which demonstrates that the emotion in the
tobacco communities is negative.
VII. E XPERIMENTAL F INDINGS AND D ISCUSSION
A. Preliminary Findings
The OTSS benefits the automatic collection and analysis of
the large-scale tobacco-related data sets from the online participatory media. In this section, we summarize our preliminary
findings based on the analysis of structured and unstructured
data in the large-scale data sets.
a) Prevalence of Tobacco Brands: In the set of tobaccorelated keywords, the top 70 tobacco brands are selected
from four heterogeneous sources, including the official tobacco
brand list, Wikipedia web pages, tobacco review websites,
and online tobacco shops. Among the 70 tobacco brands,
44 cigarette brands (62.86%) have created 112 fan gages on
Facebook, with 430 909 page likes. The prevalence of tobacco
brands on Facebook demonstrates that the commercial potential
of participatory media is utilized by the tobacco industry for
tobacco promotion.
b) Explosive Growth of Tobacco-Related Content: The
volume of tobacco-related content in Facebook has followed an
exponential growth since 2008. In particular, the growth of the
protobacco group follows the exponential law, whereas it is the
linear growth for the tobacco control group. The widening gap
between the protobacco group and the tobacco control group
demonstrates that tobacco control is losing ground to tobacco
promotion in the participatory media. We are faced with a
formidable challenge for tobacco control on the participatory
media.
c) Connection Gap Among Tobacco Communities: From
the perspective of network analysis, the nodes in the tobacco
control community and the tobacco cessation community are
highly connected, whereas the connection in the protobacco
community is sparse. The connection gap among the tobacco
communities may be a result of the competition among the
tobacco rivals and common benefits.
d) Negative Emotion in Tobacco Communities: From the
perspective of content analysis, the topics in the protobacco
community cover many tobacco-related products (hookah,
cigar, and ecigarette), tobacco brands (del, kasbah, and shisha),
and business-related keywords, such as coupon, discount, and
stock. On the other hand, the collective emotion in the tobacco
communities is negative.
B. Discussion
Our preliminary results demonstrate the prevalence of tobacco brands on Facebook. Although it is difficult to quantify
how the protobacco data impact users’ attitude toward tobacco
products, we are informed that the presence of tobacco brands
on social media is recognized by the tobacco industries or
protobacco agencies due to the online word of mouth. Freeman
and Chapman [2] investigated two tobacco brands, i.e., Dunhill

and Lucky Strike, on Facebook. In their study, there were 44
Facebook fan pages related with Lucky Strike, with 28 309 fans.
For Dunhill, it was six pages with 1903 fans. Compared with
their findings, there are 116 765 fans on two pages for Lucky
Strike and 79 215 fans on five pages for Dunhill, respectively.
Although the Facebook fan pages could be deleted by their
creators or administrators, the volume of fans who like those
two tobacco brands grew rapidly.
Furthermore, the volume of protobacco content in the participatory media grows explosively. Many social media services
have policies that outlaw the promotion of tobacco products on
their advertising networks. However, those policies do not work
well as they require seamless monitoring manually. The lack
of consistent regulation about tobacco promotion, directly or
indirectly, on social media means that protobacco information
is likely to be accessed and shared by anyone, anywhere, no
matter what age. To address the aforementioned questions,
first, new regulations of tobacco control on social media are
necessitated; on the other hand, new technologies or mechanisms should be introduced for the tobacco surveillance on the
participatory media.
From a legal perspective, we are still at a preliminary stage
for tobacco control on participatory media. Although there is
a tobacco advertising ban for participatory media, it mainly
focuses on the advertising that appears as a click-through advertisement that is displayed on the sidebar of website pages. With
the explosive growth of user-generated protobacco content,
we should pay more attention to the content with potential
effects for tobacco promotion, as prosmoking content online,
regardless of whether it is commercial or personal in origin,
could equally influence users [22].
From a technical view, the OTSS is necessitated for the
automatic collection and analysis of content that is relevant to
tobacco. Technically, the progress of text mining will benefit the
uncovering of the potential protobacco content that is generated
by users. However, the user interaction patterns and the influence of protobacco fan pages are still unexplored. To explore
the user interaction in the protobacco communities, we could
analyze the dynamics as a complex network [23]; to evaluate
the influence of protobacco content on social media, we aim
to measure the social influence in the process of information
dissemination [24]. On one hand, we may provide quantified
proofs for the regulations or laws against tobacco promotion
on social media; on the other hand, new methodologies could
be established to minimize the social influence and delay the
information dissemination process for tobacco promotion.
VIII. C ONCLUSION
Tobacco wars are heating up in participatory media. An
OTSS is necessitated to collect user interaction records and analyze user attitudes toward tobacco policies and user influence,
etc. In this paper, we have proposed an integrated approach to
sensing the collective activities in tobacco-related participatory
media. Through the proposed approach, we can capture the
large-scale data sets of collective activities toward tobaccorelated content. Meanwhile, we investigate the temporal patterns of tobacco content and reveal the topic patterns in tobacco
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communities. In addition, the preliminary experimental results demonstrate that the tobacco-related content exponentially
grows and that the collective emotion in tobacco communities
is negative. Our results, on one hand, demonstrate the tobacco
brand prevalence on social media and that protobacco content is
exponentially growing with a huge number of people involved.
On the other hand, our analysis about topological patterns and
interaction patterns benefits the methodologies to retard the
protobacco activities and boost the antitobacco campaigns. The
proposed system could be applied to monitor the development
of tobacco-related “ecosystems” and provide proofs to evaluate
the efficiency of tobacco control policies.
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