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Abstract. The way people watch TV has been going through great
changes in recent years. On the one hand, TV devices have turned into
application development platforms with connectivity to the Internet. On
the other hand, people are increasingly willing to share their TV watch-
ing habits with friends (and strangers) through online social networks. In
this work we perform an analysis of tvtag, a social networking website for
TV fans. We start by showing that tvtag, besides registering user prefer-
ences, captures real-time behavior, exhibiting increased user interaction
on content air dates. Furthermore, we look into how different genres are
distributed over content and characterize users according to how eclectic
or narrow their interests are. In particular, we show that eclectic users
tend to be less influential. Finally, we analyze how user activity can be
used to predict content popularity.

Keywords: Online social networks · User behaviour characterization ·
Second-screen applications · Tvtag

1 Introduction

Understanding how people behave on Online Social Networks (OSNs) is a pow-
erful tool for predicting if some of these networks will survive longer or not
[18], impacting on the financial support to give them and the financial profit
that can be gained from building and maintaining these networks. Furthermore,
understanding how users interact with each other and with the available content
provides precious insights for marketing strategies and for deciding if it is worth
to maintain a specific product on the market.

It is not surprising that the television, a multi-billon dollar enterprise, also
invests in advertising its contents over OSNs. TV channels encourage their audi-
ence to follow their profiles on different OSNs, such as Twitter and Facebook,
where people are flooded with information related to their favorite TV shows.

Watching TV has always been a social experience. However, with an increas-
ing number of personal gadgets, such as cell phones and tablets, acting as sec-
ond screens in the living room, sharing our feelings about a TV episode or a
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match now extends beyond our living room – it spans people connected to us
via OSNs. This marriage between the “lean-back” TV environment and the more
“lean-forward” Web surfing activity adds a new dimension to the entertainment
business – the Social TV. In 2014, a study by Yahoo advertising [17] showed that
86% of users with access to mobile Internet used their smart phones while watch-
ing television, and 25% of them said they were browsing content related to the
show they were watching. This suggests that the second-screen is no longer just
a trend, but an integral aspect of media experiences. Social activity and partic-
ipation on Twitter is now even ranking alongside traditional Nielsen ratings [1].
Nielsen social1 releases a daily data set that collects the top 10 most-tweeted-
about shows from the previous day and week.

Even though social TV and the second-screen have already become an impor-
tant part of people’s everyday lives, there is still little research characterizing
these phenomena. In this work we focus our attention on analyzing how people
share their TV and movie preferences with people beyond their homes. In partic-
ular, we analyze tvtag2, an online social platform specifically designed for people
to channel their social TV activities. We characterize tvtag user behavior, and
use our analysis to shed light on how users interact in this OSN and how their
preferences and activities may affect content popularity dynamics. We seek to
answer several key questions:

– Is tvtag a predominantly real-time system, i.e., does user activity peak
around air time of a show?

– How is user activity distributed among content, users, genres, and time?
– Are user evaluations mostly positive or negative?
– How are user interests distributed in the eclectic-to-homogeneous spectrum?
– Do eclectic users attract more followers and are therefore more influential?
– Is there a correlation between user activity before a release date and initial

user engagement with a show?

Our analysis reveals interesting details about the operations of tvtag. In
particular, we show that it can be viewed as a real-time, or second-screen, appli-
cation; that users whose interests cross more than a handful of genres actually
attract less followers; and we show that user activity before the release of a show
is a good indicator of initial user engagement with the show. Therefore, it might
be worthwhile to promote a new show on an OSN such as tvtag before actual
release date in order to boost future audience.

The rest of the paper is structured as follows. In Sections 2 and 3 we describe
the tvtag system, the dataset used and present initial analysis. In Sections 4
through 8 we present the characterization results and analysis. In Section 9 we
discuss related work and in Section 10 we present our conclusions.

1 www.nielsensocial.com
2 During the course of this research project, tvtag actually shut down its services.

Nevertheless, the data we were able to collect provides valuable insight into user
behavior in this kind of OSN. In the future, we plan to make our dataset publically
available and complement our analysis with data collected from other sources.

www.nielsensocial.com
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Table 1. Sampled dataset summary

Users 1,745,000

Users w/social connections 1,226,000

Movies 9,300

TV Shows 5,000

Genres (from TMDB) 26

TV shows w/ matched genre 3,050

Check-ins 92,077,000

Likes 52,776,000

Dislikes 3,033,000

2 Tvtag Overview

History: Originally named GetGlue, tvtag is a pioneer social network for enter-
tainment, where users can check into TV shows and movies they are watching.
The more users check in, the more the system learns about them and is able
to make personalized recommendations. Launched back in 2010, tvtag user base
rapidly grew from 30.000 to an estimated 4.5 million in late 2013, with a reported
500 million user activities, such as check-ins, likes and reviews, and partnerships
with many entertainment content producers, such as HBO, ESPN, and Sony
Pictures. In January 2015, to our surprise, tvtag shut down its services. There-
fore, we performed our experiments on data collected up to that point and plan
to complement the analysis with other data sources in the future.

Graph Structures: Tvtag is comprised by two main graph structures: the
user-interest graph and the social graph. The user-interest graph arises from
the interactions between users and content: users make check-ins to shows they
watch, give likes and dislikes, leave comments and reviews. The social graph is
generated by interactions among users: users connect through directed links by
having followers and followees.

User Interface: Upon signing up, each tvtag user is invited to express some
of her interests by marking what she likes and dislikes from a suggested list of
shows. Once the profile is created, the user can follow other users and check
into shows and movies she watches. The profile page exhibits a news stream
with recent activities of her social connections and contents of interest. Every
content in tvtag, such as a TV show, also has its own page, which includes all
check-ins given by users, with corresponding timestamps, comments about the
show posted in user pages, as well as those written directly on the show’s page.

3 Datasets and Initial Analysis

Data Sources: In this work we aim to study the Social TV phenomenon. We
used two data sources in our analysis: tvtag (introduced in Section 2) and TMDB
(The Open Movie Database3). From tvtag we were able to collect information
3 www.themoviedb.org

www.themoviedb.org
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Fig. 1. CCDF of check-ins, likes and dislikes

about user preferences and activities related to TV contents, and from TMDB we
obtained the corresponding metadata, comprised of information such as release
and air dates, actors and directors, synopsis, and genre information about TV
shows.

Data Collection: We implemented three Web crawlers to collect our data sam-
ples. The first crawler collects the user-interests graph of tvtag: it uses the web
service provided by tvtag and downloads all check-ins, likes and dislikes of a user,
having started with an initial random set of users and then augmented the graph
coverage by following the user friendship network. The collected data sample, at
the moment of writing, presents the best network coverage for the time period
between 2011 and 2012, consisting of a total of approximately 29M check-ins,
21M likes and 1M dislikes in 2011 and 57M check-ins, 25M likes and 1M dis-
likes in 2012. The crawler continues to run at the time of writing, however, we
have performed our analysis in the aforementioned time period due to a higher
coverage ratio. The second crawler collects the social graph of tvtag, comprised
by user’s followers and followees. Our social graph analysis was performed on
a graph with approximately 1.2M users and their followers. Our third crawler
collected metadata from TMDB. We were collected 100% of movie and TV show
information from TMDB. After matching the two datasets, we were able to
obtain both user activity and metadata of approximately 3,000 TV shows. The
total numbers of collected data can be seen in Table 1.

Initial Analysis: In Figures 1(a) and 1(b) we show the CCDF (complementary
cumulative function distribution) of the number of check-ins, likes and dislikes
performed per user and TV show, respectively. For the sake of clarity, we removed
users and shows with zero check-ins, likes, and dislikes from the plots. Firstly,
we observe that almost 52% of users (with at least one check-in) made at most
10 check-ins, revealing a low interactivity with the site content. On the other
hand, approximately 50% of shows (with at least one check-in) received at most
350 check-ins.
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Approximately 20% of the users revealed to be intensely engaged, having
made between 100 and 1000 check-ins in the sampled time period, whereas 3%
of users performed more than 1000 check-ins. To be sure that these users were
not bots, we manually checked their behavior. We noted that they seem to be
regular users that interact with other users and TV shows by writing comments
and performing check-ins in a reasonable pattern.

Furthermore, a considerable fraction of TV shows (9%) received more than
10,000 check-ins. Tables 2 and 3 list the top 10 TV shows considering the total
number of check-ins and likes, respectively, which may serve as an estimation of
user audience. There is an intersection of roughly 50% between the shows with
most likes and most check-ins, indicating that people tend to watch shows that
they really enjoy.

Table 2. Top 10 TV shows in number of check-ins

TV show Check-ins Likes Dislikes

Bing Bang Theory 1,972,968 206,769 4,935
True Blood 1,238,715 143,888 5,253

Walking Dead 1,159,322 159,704 2,444
Supernatural 1,117,981 109,901 5,089

Glee 949,049 153,192 8,403
Fringe 903,700 89,435 4,510

Once Upon a Time 875,683 82,481 1,630
Vampire Diaries 865,218 94,770 5,964
Game of Thrones 776,313 99,821 1,693

Dexter 749,978 139,011 3,598
Pretty Little Liars 666,265 77,870 4,806

Table 3. Top 10 TV shows in number of likes

TV show Likes Check-ins Dislikes

Big Bang Theory 206,769 1,972,968 4,935
Family Guy 206,458 459,463 6,428
Simpsons 192,276 378,779 4,449

House 180,631 405,951 3,380
Walking Dead 159,704 159,322 2,444

Glee 153,192 949,049 8,403
HIMYM 143,998 537,257 4,095

True Blood 143,888 1,238,715 5,253
South Park 139,220 153,792 5,216

Dexter 139,011 749,978 3,598

Figures 1(a) and 1(b) also depict how people use like/dislike features. The
result shows that users tend to be more positive than negative towards the TV
shows. The dislike distribution has a stronger exponential decay when compared
to the check-in and the like distribution decays. In our data sample, we have
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approximately 52M likes against 3M dislikes. More than 60% of users attributed
more than 10 likes against 35% of users that performed the same amount of
dislikes. Consequently, TV shows receive more likes than dislikes: 75% of them
receive more than 10 likes, 32% of them receive more than 100 dislikes. The
results may suggest that TV shows in tvtag meet users expectation.

Finally, in Table 4, we show the exponential fitting parameter α and the
corresponding error for all distributions in Figures 1(a) and 1(b)4. All parameters
are above 1, which means that the distributions mirror a non-exponential decay,
in which a small portion of users is very engaged and a small portion of shows
attracts intense user activity.

Table 4. Fitting parameters for distributions in Figures 1(a) and 1(b)

Users Shows
Check-in Like Dislike Check-in Like Dislike

1.49 (0.007) 1.30 (0.008) 1.40 (0.01) 2.06 (0.016) 2.09 (0.016) 1.79 (0.021)

4 Genre Characterization

Genre Distribution: We start our analysis by examining what kind of content
is available in tvtag. Thanks to the cross information we have from TMDB, we
were able to categorize approximately 3,000 TV shows into 26 different genres.
In our dataset, 63% of TV shows were labeled with one genre; 24% with 2 genres
and 13% with 3 or more genres. Table 5 compares the top 10 genres (in terms of
total number of available TV shows) in TMDB and tvtag. We can observe that
10 out of 10 genres in both lists are the same, even though the order and size of
each genre differ between the two datasets. Comedy, Drama and Animation rank
higher in tvtag. Drama, on the other hand, ranks higher in TMDB, followed by
Comedy and Documentary. These discrepancies may be explained by differences
in audience age groups. OSNs tend to attract younger audiences when compared
to general TV public

Genre Popularity: A simple way of measuring a TV show’s popularity is by
counting the number of check-ins and likes it receives in an OSN. This mea-
sure has been widely used in literature for measuring content popularity [22].
In Figure 2 we look into how genre popularity changes during the sampled time
period. We can observe that, for all genres, the number of check-ins peaks dur-
ing the season release months (September/October) and after Christmas break
(February). The numbers fall during Christmas break and summer vacations.
Drama and comedy are the most popular genres in data we collected.

Genre Positivity: We looked into two measures of positivity. (1) User positiv-
ity, defined as the average number of likes given by a user to shows of a given

4 Parameterization used the maximum likelihood estimation.
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Table 5. Top 10 genres in number of TV shows in TMDB and tvtag datasets

TMDB TVTag
Genre % of contents Genre % of contents

Drama 27.19 Comedy 39.11

Comedy 23.54 Drama 38.23

Documentary 14.65 Animation 18.20

Animation 14.02 Documentary 15.97

Action/Adventure 6.23 Action/Adventure 14.03

Sci-Fi/Fantasy 4.34 Sci-Fi/Fantasy 9.11

News 3.43 Mystery 4.92

Mystery 1.73 News 4.46

Family 0.91 Western 1.34

Western 0.82 Family 1.28

genre, and (2) Show positivity, defined as the ratio between the number of likes
and dislikes given to shows of a given genre.

In Figure 3, we can se the average user positivity for all 26 genres in our
dataset. It is not surprising to see that the most popular genres in terms of
number of check-ins, such as Comedy, Drama and Animation, receive the highest
number of likes from users, whereas less popular genres register less positivity
from users.

We conjectured in Section 3 that people tend to be more positive than neg-
ative towards TV shows, regardless of the genre. Figure 4 corroborates this
intuition, showing the ratio between likes and dislikes received by shows in each
genre, over time. Interestingly, even though people are more engaged with Drama
and Comedy genres, judging by the number of check-ins and likes per user (Fig-
ures 2 and 3), Mystery and Sci-Fi/Fantasy have the highest positivity ratios
between August and October 2011. This result suggests that, although Drama
and Comedy genres attract more likes, they also attract more dislikes.

5 Social Ties

Users in tvtag form a social network by following each other. We collected the
followers and followees of approximately 1.2M users. In Figure 5(a) we plot the
CCDF of the number of followers and followees per user. Both distributions
follow the power-law distribution, with α = 1.41 and error 0.02 and α = 1.36
and error 0.01 exponential parameters, respectively. A small portion of users
(1%) is followed by more than 100 users, whereas the vast majority (95%) has
less than 10 followers. Similarly, only 1% of users follow ≥ 45 users, whereas 94%
follow at most 10 other users.

In Figure 5(b), we plot the follower/followee ratio distribution per user. It
can be seen that more than 80% of users have more followees than followers. A
small portion (1%) have at least 10 times more followers than followees. This
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Fig. 2. Number of check-ins per genre over time

is an expected result, given the nature of this social relationship: some people
attract a large amount of attention and it is up to them to return their attention
to other users.

6 Second-Screen Behavior

In this section we analyze whether tvtag can be viewed as a real-time system, or
if people tend to check into shows they like regardless of each show’s air times.
Tvtag provides us with a timestamp of every check-in, whereas TMDB gives us
the information about the date and time of a show’s release, as well as the date
and time of the last aired episode. Tvtag provides GMT timestamps measured
at the server and not locally at each user, so the time distribution of check-ins
in our data sample, shown in Figure 6(a), has peak activity hours between 23:00
and 4:00, which roughly corresponds to the primetime span between Eastern
and Pacific time zones.

Next, we analyze whether users increase their activity during the days when
their favorite shows are broadcasted. In Figure 6(b), we consider 5% and 10% most
popular TV shows5, and plot the percentage of check-ins whose timestamps6 fall

5 The top 5% and 10% samples contain over 700 and 1400 shows, respectively, both
covering a variety of genres

6 For the purpose of our analysis, we subtracted 9 hours from the check-in timestamps,
because tvtag uses GMT, which can be up to 9 hours ahead of primetime range. In
this way, we were able to match the day of the week of the air times reported by
TMBD and the corresponding check-in timestamps from tvtag.
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Fig. 3. User positivity per TV genre

on the same day of the week as the air date of the show’s last aired episode. We
count the check-ins in the month preceding the last aired episode, three preceding
months and 6 preceding months, respectively. In Figure 6(b), the x-axis is 0 if
the day of the week of the last air date coincides with the day of the week of the
check-in; ± if the check-in was one day after or before the last air day, and so on.
It can be observed that 65% of the check-ins to the 5% most popular shows that
occur 1 month before the last air date fall on the same day of the week as the air
date. For the 10% most popular shows, the number is over 60%. If we consider the
preceding 3-month period, this ratio is over 55% for both groups, and if we consider
the 6-month period, the number is close to 50% for both groups analyzed. The
percentage of check-ins on day �= 0 is ≤ 10% for all sets analyzed. Overall, it can
be clearly seen that user activity peaks during the days of the week when shows
are broadcasted, indicating that tvtag behaves as a real-time, or second-screen,
system, when TV programs of high popularity are considered.

7 Eclecticism and Popularity

In this section we analyze how user interests are distributed in the eclectic-
to-homogeneous spectrum in terms of checked-in genres and how the level of
eclecticism may affect user popularity.

In Figure 7, two measures of eclecticism are shown. The first measure counts
the number of different genres of shows that users checked into during the entire
sampled period7. The second measure counts the number of different genres

7 Note that only the shows with matched genre information from TMDB were counted.
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Fig. 4. Show positivity per TV genre over time (like-dislike ratio)

checked in by the user, with the restriction that at least 10% of her check-ins
belong to each counted genre, i.e., occasional check-ins in different genres that
did not sum up to a minimum of 10% were considered random and not counted.
By the first measure, 13% of users are at one end of the spectrum, having checked
into one single genre, and 10% of users are at the other end, having checked into
more than 14 different genres. Approximately half of users checked into 5 genres
or less. The second measure reveals that users are actually much less eclectic
than that. More than a quarter of all users by the second measure checked into
one single genre and more that 90% expressed interest in 4 genres or less.

In Figures 8 and 9 we analyze the relation between the eclecticism and
popularity (number of respective followers) of users. Our hypothesis was that
users whose interests are spread over a number of different genres tend to attract
more followers. We grouped users according to the second measure of eclecticism,
i.e., group 1 contains users who have checked into only one genre at least 10%
of the time, group 2 those who checked into 2, and so on.

Figure 8 shows the mean number of followers for each group, as well as
the number of users in each group. It can be seen that the group with the
highest average number of followers is group 4 and the group with the highest
number of users is group 3. Groups with eclecticism ≥ 5, on the other hand, have
significantly less users although possess an average amount of followers close to
other groups. The confidence intervals are tight, except for the groups with more
than 6 genres, which means that users in these groups attracted either many or
few followers, not having an homogeneous behavior.

Figure 9(a) shows the CDF of the number of followers for 9 eclecticism
groups. It can be observed that users with less than 1000 followers are more
or less evenly distributed among all groups, i.e., eclecticism does not seem to
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influence the distribution of followers among users. However, if we look into the
most influential users, those with 1000 followers and more (see Figure 9(b)), we
perceive that they belong exclusively to groups with eclecticism ≤ 4. Groups 3
and 4, in fact, contain the most influential users in tvtag, and groups with high
eclecticism (with users who checked into ≥ 5 different genres) do not contain
any of the most influential users.

These observations actually disprove our initial hypothesis that the more
eclectic the more influential a user is. It turns out that moderately eclectic users
are the ones who attract the most followers. One possible reason behind this is
that people tend to follow “experts” is certain fields, and to become an expert
one cannot excessively diversify one’s interests.

8 Predicting Initial Audience Engagement

Popularity is the holy grail of TV shows. Producers, directors and actors expect
to snatch the audience since the TV show’s release, increasing its chance of sur-
viving in the “TV jungle”. It is crucial to grab people’s attention since the TV
show beginnings. The possibility of predicting audience engagement through sim-
ple models is a valuable tool for marketing strategies, since popularity attracts
premium ad rates and boosts merchandise and content sales.

We propose a simple methodology that can be explored for predict-
ing user engagement with a TV show, mainly in the earlier days after
the release day. Our prediction strategy is motivated by a strong linear cor-
relation observed between the number of likes before the release and the number
of check-ins after the release date of a TV show. We analyzed a subset of 525
TV shows that were released in the years 2011 and 2012. We collected the likes
before the show’s release day and the check-ins performed one day and one
month after the show’s release. Figure 10 illustrate this correlation for a period
of one day after the release day. We use a linear regression to observe the impact
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of the number of the pre-release likes on the initial show popularity, estimated
by the number of check-ins after σ time units. We obtained the Pearson coeffi-
cients ρ = 0.8750 and ρ = 0.9040 for the regressions for time intervals 1-day and
1-month, respectively.8

In order to implement the prediction method, we divided our data sample into
two subsets: the training set, Υ , to calculate the parameters, and the test set, Ω,
to analyze the accuracy of the regression. We randomly selected the samples and
computed the linear parameters for 1000 pairs of training and test sets. Tables
6 and 7 shows the a (curve slop), b (intercept point) and the determination R2

(with 95% confidence intervals) coefficients of the linear regressions performed
using 1000 random combinations of training and test sets. For all considered
cases, R2 value of the regression had mean values between 0.71 and 0.79. As
expected, if we observe the behavior of more TV shows (increasing the training
set size, Υ ), we decrease the confidence interval.

As a further application example of the prediction method, we attempted to
predict the initial user engagement of a show, which was released in 2014, i.e.,
one year after the release dates in our training set. We collected the likes (317)
before the release of the Warner’s Gotham and its check-ins 1-day (1, 934) and 1-
month (7, 901) after the release day. With our simple model, by using 50%−50%
parameters, we obtained the values 1, 591 for the number of check-ins one day
after the release (18%) and 5, 623 for the number of check-ins one month after

8 Note that we discarded the shows with no popularity during the considered time
period, i.e, shows with zero check-ins after the release, which was equal to 139 and
77 for 1-day and 1-month periods, respectively.
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Fig. 7. User eclecticism: number of genres in user check-in history

Table 6. Predicting initial user engagement in the 1st day after the show’s release day
using the number of pre-release likes

Υ Ω 1-Day
a b R2

10% 90% 3.8500 ± 0.0435 368.2821 ± 10.085 0.7111 ± 0.0050

20% 80% 3.8801 ± 0.0148 352.7846 ± 3.5794 0.7342 ± 0.0018

30% 70% 3.9073 ± 0.0074 351.7603 ± 1.8233 0.7449 ± 0.0009

40% 60% 3.8999 ± 0.0042 351.9690 ± 1.0880 0.7480 ± 0.0006

50% 50% 3.9013 ± 0.0027 354.8540 ± 0.6946 0.7493 ± 0.0006

60% 40% 3.9083 ± 0.0018 352.7203 ± 0.4857 0.7469 ± 0.0005

the release (29%). Note that this underestimation error was amplified due to the
growing size of tvtag overall network during the years 2013 and 2014.

We believe that our model is the first step to better understanding how
an OSN for TV fans can be used to promote TV shows and increase future
audiences. It demonstrates that it can be worthwhile for a TV network to invest
in pre-release publicity on an OSN as a marketing strategy for increasing people’s
engagement with the first episodes and making them more likely to become fans
of the show.

9 Related Work

Social TV and Second-screen Applications: Television has evolved from
“lean-back” scheduled programming watching, constrained to our living rooms,
into “lean-forward” entertainment, which includes sharing and discussing con-
tent, by individuals and groups, via various displays and media [8]. Authors in
[15] study the viability of using social activity streams as a mechanism to detect
and characterize television viewer behavior. However, the authors focused on
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Table 7. Predicting initial user engagement in the 1st month after the show’s release
day using the number of pre-release likes

Υ Ω 1-Month
a b R2

10% 90% 24.1259 ± 4.3691 805.1159 ± 172.169 0.7489 ± 0.0345

20% 80% 15.1780 ± 0.5046 767.7531 ± 91.551 0.7735 ± 0.0153

30% 70% 15.4168 ± 0.3132 721.7714 ± 59.980 0.7894 ± 0.0082

40% 60% 15.4826 ± 0.2199 706.7614 ± 41.831 0.7938 ± 0.0064

50% 50% 15.5068 ± 0.1647 707.9705 ± 31.509 0.7973 ± 0.0055

60% 40% 15.5516 ± 0.1261 698.3868 ± 23.946 0.7982 ± 0.0052

Twitter and Topsy9, but do not characterize a specialized OSN for TV fans,
which is probably more suitable for understanding how people relate to tele-
vision content. Torrez-Riley [20] provide a historical perspective of television’s
role in engaging social interaction, and analyze how a new era of fragmented
consumption and time-shifted viewing has altered this role. Furthermore, the
author discusses the potential future of the ever-changing social TV industry
and predicts what new adaptations will be implemented to engage and facilitate
viewer relationships. However, no quantitative results are presented. Basapur
et al. [6] describe the development and field trial of a second-screen TV experi-
ence, called FanFeeds, which allows authoring and consumption of time synchro-
nized secondary content around TV shows. The participants of the experiment
revealed that the prototype allowed them to better connect with their TV shows
and have an enriched social life around live as well as time-shifted TV con-
tent. Geerts et al. [10] highlighted the importance of watching TV shows with

9 www.topsy.com

www.topsy.com
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friends via OSNs and how this action may influence their relationships. Finally,
authors in [14] investigated user interactions with secondary screens during live
and non-live transmission of TV programs. They also explored the role of hand-
held devices in this second-screen interaction and performed statistical tests on
more than 418,000 tweets from second screens for three popular TV shows.

OSN Characterization: The importance of OSNs has motivated researches to
characterize different aspects of the most popular OSNs. The graph and social
properties of Facebook [3,4,21], Twitter [9,12], Google+ [11], Last.fm[16] and
Quora [23] have been carefully analyzed. Effects of user similarity in social media
were explored in [2]. Authors in [5] analyzed the influence of people in promoting
diffusion cascades in Twitter and found that the most influent are those with
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more followers. In [19], the authors proposed an univariate regression model to
predict popularity of YouTube videos and Digg stories. There are other works
that are interested in analyzing and predicting the content popularity in OSNs,
e.g., [7,22]. However, there are few works that focus on capturing people’s behav-
ior towards television contents. Most of them use Twitter, a generic OSN to
accomplish this task [13,15]. Even though there is a large pool of works devoted
to studying the social and structural characteristics of OSNs, there is a lack of
works looking into specialized OSNs for television fans.

10 Conclusions

In this work, we characterized tvtag, an OSN for television fans. Our analysis of
tvtag revealed the following insights:

1. tvtag can be viewed as a real-time, or second-screen, application: user activ-
ity peaks during the days of the week when shows are broadcasted.

2. Although groups of users that are interested in just a few (≤ 4) genres
attract more users, the mean number of followers for all groups is almost the
same. Then, we conclude that the level of eclecticism does not affect user
popularity.

3. User activity before the release of a show is a good indicator of initial user
engagement with the show: given a strong linear correlation between likes
before show release and check-ins after its release, we proposed a linear
regression model for predicting with reasonable error the user engagement
in the first day and first month following the release day.

Even though in this work we analyzed one particular example of an OSN for
TV fans, we believe that our work is a first step to better understanding people’s
engagement with television content through OSNs in general. As future work,
we intend to enrich our analysis with data from other sources, possibly Twitter,
IMDB, LastFm, or Reddit10, for example by exploring user comments in these
networks.

Acknowledgments. We would like to thank the anonymous reviewers for their valu-
able feedback. This work is supported in part by CNPq, FAPEMIG and LG Electronics
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22. Vasconcelos, M., Almeida, J., Gonçalves, M., Souza, D., Gomes, G.: Popularity
dynamics of foursquare micro-reviews. In: Proceedings of the Second ACM Con-
ference on Online Social Networks, COSN 2014, pp. 119–130. ACM, New York
(2014)

23. Wang, G., Gill, K., Mohanlal, M., Zheng, H., Zhao, B.Y.: Wisdom in the social
crowd: an analysis of quora. In: Proceedings of the 22nd International Conference
on World Wide Web, WWW 2013, pp. 1341–1352. International World Wide Web
Conferences Steering Committee, Republic and Canton of Geneva (2013)

http://trivone.com/blog/social-tv-and-the-second-screen-2/
http://trivone.com/blog/social-tv-and-the-second-screen-2/

	TV Goes Social: Characterizing User Interaction in an Online Social Network for TV Fans
	1 Introduction
	2 Tvtag Overview
	3 Datasets and Initial Analysis
	4 Genre Characterization
	5 Social Ties
	6 Second-Screen Behavior
	7 Eclecticism and Popularity
	8 Predicting Initial Audience Engagement
	9 Related Work
	10 Conclusions
	References


