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1. INTRODUCTION
Nowadays, there is an unprecedented amount of user generated

content being produced online. This fact is one of the driving forces
of what is know as the social media phenomenon. Social media
shifted how information is produced and propagated. While in tra-
ditional media select individuals are responsible for the production,
curation and propagation of information, in the social media setting
anyone can produce and share information online. One major ques-
tion in this setting is: What drives the popularity of information in
social media? This is an interesting question since even with the
overload of information that accompanies this mass production of
content, some pieces of information manage to attract the attention
of millions of users, while the majority remain obscure.

One example of the complexity behind social media popularity
is the YouTube channel of Henri, le Chat-Noir1. The first video of
Henri was uploaded in 2007 and remained in obscurity for years.
However, in 2012 a user of the Tumblr social network found the
video and posted online2. Currently, the video and channels has
millions of visits from a wide range of different sources (e.g., OSNs,
search engines, word-of-mouth and so forth). We can use this sin-
gle example to motivate our research. Important questions that we
raised and approached were as follows:
What is the impact of incoming links on the popularity of on-
line information? There are multiple forms through which users
can reach content and, thus, there are multiple driving forces that
may impact the popularity of information. Identifying such forces
is crucial for designing more cost-effective content dissemination
strategies. For instance, should a content creator invest time on
perfecting the keywords describing content (for better search rank-
ings) or focus on campaigning videos in OSNs? Our current results
show that search engines and social propagation inside a service
(say YouTube) are major factors in driving popularity [4].
How does information popularity evolve over time? Here, we
aim at answering if there are different patterns which capture the
major trends in which information popularity evolves over time. In
a birds-eye-view, we found that there exists a combination of two
trends governing the popularity of information. One trend consists
of contents that tend to remain attractive over time with an always
increasing or steady-state popularity [4]. The other, accounts for
content that tend to peak in popularity for a short while, with three
different popularity decay characteristics after the peak. Examples
of both trends are shown in Figure 1.
How do users perceive the quality of popular and unpopular
information? Most research in online popularity neglect the users
perception of the information being disseminated. We studied if

1http://www.youtube.com/user/HenriLeChatNoir
2http://knowyourmeme.com/memes/henri-le-chat-noir
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Figure 1: Different YouTube videos as captured by our model.
users tend to like very popular content or dislike very unpopular
content. Based on a user based study on Mechanical Turk and se-
lected videos from YouTube, we showed that, while users percep-
tions of content are highly subjective, when the majority of users
like a certain YouTube video that video tends to be popular. This
was interesting since it shows that there is more than social propa-
gation to popularity. Based on our results [2] we hypothesize that
videos like the Henri example would likely be less popular (regard-
less of OSN propagation) if their content did not appeal to users.
Can we model and predict the future popularity of informa-
tion? Two of our most recent results showed that we can model [5]
the popularity of information over time and predict the future pop-
ularity [1]. Based on our previous findings that we discussed, we
developed the Phoenix-R model which can capture the long term
popularity evolution as showed in Figure 1. Also, we combined
social network propagation and early view patterns of news me-
dia to develop prediction models with the user of machine learning
tools [1]. These two results show the applicability of our results to
mining tasks such as popularity prediction.

With these questions we summarize some of the work on infor-
mation popularity online that we are pursuing. Our results show
that this a promising and new area of research. Currently, we are
working on optimizing how early can we predict popularity [3] and
practical applications for models and predictions (e.g., search en-
gine rankings or advertising).
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