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a b s t r a c t

Social networks become a major actor in massive information propagation. In the context of the Twitter
platform, its popularity is due in part to the capability of relaying messages (i.e. tweets) posted by users.
This particular mechanism, called retweet, allows users to massively share tweets they consider as poten-
tially interesting for others. In this paper, we propose to study the behavior of tweets that have been mas-
sively retweeted in a short period of time. We first analyze specific tweet features through a Principal
Component Analysis (PCA) to better understand the behavior of highly forwarded tweets as opposed
to those retweeted only a few times. Finally, we propose to automatically detect the massively retweeted
messages. The qualitative study is used to select the features allowing the best classification performance.
We show that the selection of only the most correlated features, leads to the best classification accuracy
(F-measure of 65.7%), with a gain of about 2.4 points in comparison to the use of the complete set of
features.

� 2014 Elsevier B.V. All rights reserved.

1. Introduction

Twitter is one of the most popular microblogging services which
allows real-time traffic, publication, and sharing of user opinions or
stories [22]. It also has an impact on economics and politicals [2].

Text messages sent through the Twitter platform, called tweets,
are composed of up to 140 characters. The power of this microblog-
ging service lies in the fact that users can relay or forward a tweet
using the retweet paradigm. Thus, information posted by a user can
have a very different impact on his environment depending on the
number of times it is relayed (i.e. retweeted) over a short period of
time. For this reason, studying the massive retweet behavior is
crucial in information propagation.

Few studies have highlighted the influence of tweet features in
the massive information propagation. In this paper, we present a
work that aims at detecting the fast and massive spread of short
text messages from the Twitter service. We propose to analyze a
set of features related to the user environment and to the message
content. This study evaluates the impact of each feature in the
retweet phenomenon. Finally, two massive retweet classification
approaches are compared using the most correlated retweet fea-
tures chosen from the qualitative study.

The next section enumerates related works about information
propagation on social networking services. The experimental proto-
col for the massive retweet analysis is in Section 3. Then, Section 4
highlights the correlation between tweet features and the massive
retweet phenomenon, while Section 5 presents experiments to
evaluate the effectiveness of this analysis using two different
classification methods. Finally, conclusions and perspectives are
given in Section 6.

2. Related work

Although Twitter is a recent information-sharing model, its ser-
vice mechanisms have been widely studied. In [35,16], the authors
analyze Twitter in a general case and study its social impact. Other
works have focused on various aspects of Twitter, such as event
detection [24,36], user influence [4], sentiment analysis [29], pre-
vention of climate disaster [26], or hashtag analysis [11].

The particular retweet mechanism has been studied in order to
predict the number of retweets in a particular range. In [28], the
authors proposed to extract a set of features to explain this mech-
anism. The prediction of potential popular messages was proposed
by [34,9].

The behavior of Twitter users is also studied. In [18], the authors
analyze the retweet behavior and predict who will retweet a given
tweet. Features that influence the retweet probability, such as
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information freshness, user sending rate or tweet size, have been
analyzed by [5]. In [19], the authors analyze the retweet informa-
tion diffusion while the work by [31] evaluates the impact of the
network structure on this phenomenon.

3. Experimental protocol

The study of the massive retweet phenomenon requires a set of
relevant features and a large experimental corpus. Table 1 presents
the most used features [28,18] for our preliminary qualitative
study of the massive retweet mechanism, including tweet content
and user features.

A corpus of 6 million tweets was collected using the official
Twitter API.1 The emission dates of the tweets were from April
14th 2006 (dstart) to May 13th of 2011 (dend) (lifetime period of
265 weeks which corresponds to about 5 years). Out of this set,
30,903 tweets were retweeted at least once and up to more than
100 times (100+). This tweet set is used to evaluate the correlation
between the features described above. Note that, at the time of the
corpus extraction, the Twitter service did not allow us to have the
exact retweet number for tweets retweeted more than 100 times.

Fig. 1 presents the tweet distribution depending on the number
of retweets. We can see that tweets are mostly retweeted either a
few times (43% for less than 30) or massively (44% for more than
100 times), while only 13% are retweeted between 30 and 100
times.

A natural intuition about the retweet behavior would be to
consider that older tweets would be more likely to be massively
retweeted than recent ones. Our assumption is that the age of a
tweet has a limited impact on its number of retweets since infor-
mation in social media has a tendency to be either massively
spread in a short time period or ignored [21]. To evaluate the
impact of a tweet lifespan in the retweet behavior, let’s define c
as the proportion of seldom (cseldomðdÞ) or massively (cmassiveðdÞ)
retweeted tweets knowing the broadcasting date (dcreated) of the
tweet t, and d the difference:

dðdÞ ¼ jcseldomðdÞ � cmassiveðdÞj; ð1Þ

where d is the number of weeks (i.e. a lifetime period) between
dcreated and dend (dcreated P dend). We chose to consider as seldom a
tweet retweeted less than 30 times and massive a tweet retweeted
more than 100 times in order to maintain a comparable dataset size.
A straightforward study of the differences between seldom and
massively retweeted messages shows that the mean of d is
0:204% and its standard deviation is 0:206%, which confirms our
assumption: the age of a tweet does not influence its low or massive
spreading. Fig. 2(a) presents the proportion of cseldomðdÞ and
cmassiveðdÞ tweets for a lifetime of less than 20 weeks before dend,
while Fig. 2(b) presents exactly the same curves but with a log scale
for a lifetime d greater than 20 weeks. Fig. 2(b) allows us to point
out that difference between the proportion of seldom or massively
retweeted tweets follows the same curve even if the proportion of
this difference (d) is small (less than 1%). Moreover, the main pro-
portion of tweets in both subsets, is more or less concentrated dur-
ing the same epoch (see Fig. 2(a) 0 6 d 6 2).

4. Analysis of massive retweet factors

In this section, we propose to use this tweet dataset to study the
correlation between retweet features described in Table 1. A
Principal Component Analysis (PCA) is applied to transform these
features from an original space representation of correlated vari-
ables, into a set of linearly uncorrelated variables called principal

components (Factors). Carrying out PCA on the features, including
retweet feature, allows to sort and group these variables with
respect to the total variability and to assess how the retweet vari-
able affects this variability.

4.1. Principal Component Analysis

The Principal Component Analysis (PCA) is used by almost all
scientific disciplines and is probably the most popular multivariate
statistical technique. Introduced for the first time by [3,23], its
more recent instantiation was formalized by [10] who also
introduced the term principal component. The goals of PCA are to:

� extract the most important information from the data table
� compress the size of the dataset by keeping only this impor-

tant information
� explain and simplify the description of the dataset
� analyze the structure of observations and variables

PCA computes new variables called principal components to
achieve these goals. These variables are obtained as linear combina-
tions of the original variables. The first principal component is
required to have the largest possible variance to ‘‘explain’’ the larg-
est part of the inertia of the dataset. Then, the second component is
computed under the constraint of being orthogonal to the first com-
ponent and to have the largest possible inertia. The other compo-
nents are computed in the same way. The values of these new
variables are called factor scores and are interpreted geometrically
as the projections of the observations onto the principal components.

These are obtained from the Singular Value Decomposition
(SVD) of the dataset X, with:

Table 1
Description of tweet features for a user U.

Description Twitter API names

Content features
Retweet # of sharing retweet_count
Hashtag # of topics in a tweet hashtags
Mention # of cited usernames text
Url # of contained URLS urls

User features
Days # of days U created its account U/created_at
Favorite # of favorite tweets by U U/favourites_count
Follower # of users who follow U U/followers_count
Followee # of friends of U U/friends_count
Status # of tweets wrote by U U/statuses_count
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Fig. 1. Tweet distribution depending on the number of retweets.

1 http://dev.twitter.com.

34 M. Morchid et al. / Pattern Recognition Letters 49 (2014) 33–39

http://dev.twitter.com


Download English Version:

https://daneshyari.com/en/article/535330

Download Persian Version:

https://daneshyari.com/article/535330

Daneshyari.com

https://daneshyari.com/en/article/535330
https://daneshyari.com/article/535330
https://daneshyari.com

