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Twitter is a social media platform where users can interact in three different ways: follow-
ing, mentioning, or retweeting. Accordingly, one can define Twitter as a multilayer social
network where each layer represents one of the three interaction mechanisms. First, we
review the main findings of our previous work regarding two Twitter political conversa-
tions: the 2010 Venezuelan protest and the 2011 Spanish general elections. We found that
the structure of the follower layer conditions the retweet layer, as having a low number of
followers represents a constrain to effectively propagate information. The collapsed direc-
ted multiplex network does not present a rich-club ordering, as politicians presided large
communities of regular users in the mention layer; while media accounts were the sources
from which people retweeted information. However, when considering reciprocal interac-
tions the rich-club ordering emerges, as elite accounts preferentially interacted among
themselves and largely ignored the crowd. Finally, we explore the main relationships
between the community structure of the three layers. At the follower level users cluster
in large and dense communities holding various hubs, that break into smaller and more
segregated ones in the mention and retweet layers. Hence, we argue that to fully under-
stand Twitter we have to analyze it as a multilayer social network, evaluating the three
types of interactions.

© 2015 Elsevier Ltd. All rights reserved.

1. Introduction On Twitter all messages may be identified using key-

words called hashtags [3]. This mechanism generates the

Recent changes in technology are radically changing the
communication patterns, and how information reaches the
vast majority of the population. The number of users
engaged to online social networks, social media, or blogs,
is rapidly growing all around the globe. Nowadays, Twitter
is one of the most popular social media platforms and its
main feature consists in allowing people to post and
exchange text messages limited by 140 characters. This
platform is specially suitable to conduct computational
social science analysis [1], as it represents a wide variety
of communications, going from personal to those coming
from traditional mass media [2].
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trending topics, and people use them to discuss and
exchange ideas without the necessity of having any expli-
cit relation. Regarding research, the analysis of hashtag
usage has helped to predict social relations [4] or collective
attention [5].

In addition to hashtags, Twitter features several interac-
tion mechanisms to facilitate the communication among
users. These mechanisms establish different layers through
which users can communicate and exchange information.
Hence, Twitter can be seen as a multiplex or multilayer
social network composed by the follower, mention and
retweet layers. Multiplex networks [6-8]| can help our
understanding of a myriad of complex systems, ranging
from social networks to biological systems, as most of
them do not operate in isolation but through multiple
interconnected layers. Thus, the main advantage of this
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new formalism is that it incorporates multiple channels of
connectivity, what makes it specially suitable to describe
systems where the properties and neighbors of each node
vary across layers.

In this paper, we present Twitter as a multilayer social
network defined by the follower, mention and retweet
interaction channels. The first interaction mechanism, is
the ability of people to follow and be followed by the rest
of users. This mechanism is a passive mechanism that
allows users to receive the messages written by their follo-
wees at real time. By the same token they automatically
deliver their posted messages to their followers. Thus, this
mechanism establishes the followers layer, where users
are connected among each other, according to who follows
who. The links at this layer establish the substratum
through which messages are delivered. Previous research
have shown the complex properties in this network [9].
For example, it presents a scale-free [10] degree distribu-
tion, the small world effect [11,12], and a modular struc-
ture [13] with users clustered around leaders. Although
having a large number of followers increases the visibility
of the tweets posted by users, it not necessarily makes
them influential [14]. Twitter also allows users to retrans-
mit or retweet messages posted by someone else. The
retweet mechanism allows individual messages to propa-
gate and travel throughout the social network, and also
serves as a way for people to endorse their point of view
over specific subjects [15]. Finally, the third available inter-
action mechanism is the mention. By mentioning some-
one’s username in the message text, people are able to
send directed messages to other users. Whenever a user
is mentioned on a tweet, he gets notified about it, as it
appears in his private in-box, significantly increasing his
chances of reading it. This mechanism is used either to
establish conversations between users, through the
exchange of messages; or to refer somebody in the mes-
sages text [ 16]. Overall, a high number of followers implies
more visibility for the messages. However, it does not
make a user influential in the active layers, as this depends
on the value of the tweets content (retweets), or the name
value of the user (mentions) [14].

In this paper we begin by characterizing the main prop-
erties of the three different Twitter layers: follower, men-
tion, and retweet. For this purpose, we review our main
findings related to two political conversations: the 2010
Venezuelan protest [17,18] and the Spanish general elec-
tions of 2011 [19,20]. We found that the structure of the
follower layer conditions the retweet layer, as having a
low number of followers represents a constrain to effec-
tively propagate information on the retweet level. Next,
we analyzed the rich-club ordering of the collapsed multi-
plex network. Moreover, we explored the influence gained
by two differentiated type of accounts, traditional media
and politicians, in the three available layers. Both types of
accounts are supposed to have a high value name and
should produce tweets with high value content. We found
both of them to have a high visibility, as they were the top
followed accounts. However, their influence on the active
layers significantly differed. While politicians captured
most of the collective attention, by having the highest in-
degree in the mention layer; media accounts were the

top influential on the retweet layer, as their accounts were
the top retweeted. Finally, we analyzed how users clus-
tered around these influential accounts in the three layers
and show how the large and dense follower communities
brake down into smaller and more segregated communi-
ties in the mention and retweet layers.

2. Dataset

The first dataset, regards the Venezuelan protest of
2010. This event took place exclusively on Twitter on
December 16th, 2010. Two days before the protest, the
convener asked his followers to post messages identified
with the hashtag #SOSInternetVE. They massively
responded and the conversation rapidly propagated
becoming trending topic. This dataset was downloaded
using the Twitter Search API version 1.0 to search for pub-
lic access messages. This API provides data from a temporal
index of recent tweets, posted within a lapse of a week
from the time the query is made. The limitations of this
API are not specified in terms of relative volume of tweets,
nor a fixed number of queries. The dataset was built query-
ing for messages with the hashtag #SOSInternetVE. We col-
lected up to 421,602 messages, identified with the protest
hashtag, which were posted by 77,706 users, between the
14th and 19th of December 2010 (two days before and
after the protest). More details about the dataset can be
found in our publications [17,18]. From now onwards we
will refer to this conversation and dataset as SOSInternetVE.

The second considered dataset, relates to the 2011
Spanish general elections. To build this dataset we down-
loaded all the tweets using the Twitter API interface and
searching for the specific keyword 20N in a three week
period including the official electoral campaign and voting
day. We chose this tag for being an ideologically neutral
identifier, used all around Spain and by all the political par-
ties when referring to this electoral process. More informa-
tion about the dataset can be found in [19]. In what
follows, we will refer to this dataset as 20N.

3. Twitter as a multilayer social network

By distinguishing among the different interaction
mechanisms available on Twitter, we can define this plat-
form as multilayer online social network of three layers:
follower, mention, and retweet. We have illustrated this
definition on Fig. 1. In it, the bottom layer (green) repre-
sents the follower layer, where links represent who follows
who. The middle layer (pink), represents the mention
layer. On it, links indicate who mentioned who on his
tweets, and the weight of links represent the number of
times it occurred. Finally, the top layer (blue) represents
the retweet layer. At this level links indicate who retweet-
ed whom, and the weight quantifies the number of times
the retweet occurred. As the figure shows, not all users
have to be present on all layers, although all of them will
be present in the followers layer, by the sole fact of partic-
ipating on the conversation. Similarly, links are not neces-
sarily repeated on more than one layer, although mentions
and retweets tend to occur through the followers layer. On
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Retweet
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Fig. 1. Schematic representation of Twitter as a multilayer social network. The follower, mention and retweet layers have been represented at different
levels. Links occurring on a single layer are colored in gray, while those occurring in two of them are colored in blue, and finally those present in all layers
are colored in red. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

the figure, gray links, indicate that the link took place on a
sole layer, while those in blue occurred in two layers, and
red ones were repeated in all the layers.

3.1. Follower layer

The first and most basic Twitter interaction layer is the
Follower layer. We identify this layer as a passive layer that
represents the social substratum through which most of
the information flows. On this layer, a new edge is created
whenever a user, A, decides to follow another user, B,
(direction A — B). Thus, the edges on this layer represent
who follows who. In other words, the opposite direction
of edges indicate who received whose messages and there-
fore, the direction in which information travels. As a conse-
quence, the follow interaction is a nonreciprocal relation,
and the network resulting from this layer is asymmetric
with directed and non weighted links. At the end of the
conversation the SOSInternetVE followers layer was com-
pound by 77,706 nodes and 5,761,331 edges, while the
20N one was compound by 110,717 nodes and 6,031,076
edges.

The in-degree of a given node accounts for how many
people follow him, i.e. how many people receive his mes-
sages. On the other hand, the out-degree measures the
number of users that a certain user follows, which indi-
cates from how many users he receives messages. Both
the in and out degree distributions are presented on panels
A, B, D and E of Fig. 2. For the Venezuelan conversation, the
in and out degrees follow a heterogeneous distribution and
can be fitted to power law distributions as noted in [17].
However, for the 20N conversation the out-degree distri-
bution presents a less heterogeneous behavior, reaching
lower maximum values. In terms of the in degree, the dis-
tributions indicate that over 50% of the users are followed
by less than 15 users, while just around 1% of the users
have over 1,000 followers. This fact, shows the existence
of a minority of ultra connected users followed by a vast
majority. A large number of followers, enhances the visibil-
ity of the messages posted by the user. However, it does
not necessarily makes the user more influential, in terms

of retweets or mentions gained. The presence of hubs with
an extremely high in-degree or out-degree, together with
the density of the network drives this layer to an average
path length between 2 and 3 for the two conversations.
This value indicates a small world [11] behavior or even
an ultra small world [21]. This phenomenon was first
reported by Stanley Milgram when he detected that on
average two randomly chosen people could be linked
through 6 hops (intermediary persons). Previous studies
performed on the Twitter global follower graph state that
the mean distance between users is around 4 [22]. How-
ever, our results are even lower than the previously
reported values. This is because we are studying specific
conversations, instead of the global Twitter Network. In
this sense our samples correspond to an specific commu-
nity of the global Twitter network, and therefore, the users
engaged on it are closer among themselves than to the
remaining users.

3.2. Mention layer

The second considered Twitter layer is the mention
one. By mentioning someone’s username in the message
text, people are able to send directed messages to the
mentioned user’s inbox. This mechanism is often used
to establish conversations between users, or just to refer
somebody in the messages text [16]. Hence, in this layer
a new edge appears when a new message posted by user,
A, contains a mention to another user, B, (with direction
A — B). B is notified about the new tweet, what signifi-
cantly increases his chances of reading it. In this layer
the weight of links indicate the number of mentions going
on among users.

Next, we computed the in and out strength cumulative
distributions for both conversations, and plotted the
results in panels A, B, D and E of Fig. 2 (green points).
The in-strength indicates the number of mentions received
by user. This measure indicates the fraction of the total col-
lective attention that users gathered along the conversa-
tion. The in-strength distributions follow a power-law
behavior for both datasets. As in the previous layer, the
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Fig. 2. (A) Complementary cumulative distribution of the in-strength at the follower (blue), mention (green) and retweet (red) layers for the SOSInternetVE
dataset. (B) Complementary cumulative distribution of the out-strength at the follower (blue), mention (green) and retweet (red) layers for the
SOSInternetVE dataset. (C) Rich-club coefficient for the directed (green) and reciprocal (blue) multiplex networks of the SOSInternetVE dataset. (D)
Complementary cumulative distribution of the in-strength at the follower (blue), mention (green) and retweet (red) layers for the 20N dataset. (E)
Complementary cumulative distribution of the out-strength at the follower (blue), mention (green) and retweet (red) layers for the 20N dataset. (F) Rich-
club coefficient for the directed (green) and reciprocal (blue) multiplex networks of the 20N dataset. (For interpretation of the references to color in this

figure legend, the reader is referred to the web version of this article.)

collective attention was distributed in a highly heteroge-
neous manner. For example, for the 20N conversation, just
1.04% of the users captured 50% of the total mentions. On
the other hand, the out-strength distribution indicates the
amount of mentions posted by user. These distributions
are not as heterogeneous as the in-strength ones, reaching
lower maximum values. This is because they are limited by
individual activity, while the in-strength results from a col-
lective behavior. To further explore how users interacted
with each other, we calculated the assortativity by degree
coefficient (r) [23]. Since links are directed, we calculated
this measure by splitting it into combinations of in and
out degree pairs [24]. We found the layer to be slightly dis-
sasortative. For example, for the 20N conversation the out-
in pair took a value of roy_i;; = —0.141. These results show
the asymmetric shape of the layer, where the hubs that
concentrate much of the incoming links are often men-
tioned by regular users who not mention frequently. This
behavior is typical of online interactions [25], and is oppo-
site to offline behavior. Offline social networks tend to be
assortative, as popular people relate among them, and
are unreachable for the mass. The explanation for this

divergence of behavior between Twitter and the offline
world, is that Twitter interactions largely differ from off-
line ones, in the sense that regular people are capable of
reaching popular accounts, either by following, mentioning
or retweeting them. Finally, we identified the top men-
tioned accounts finding that in their vast majority
belonged to politicians or political party official accounts.

3.3. Retweet layer

The last considered layer is the retweet layer. The struc-
ture and heterogeneity of the follower layer has a big
impact on retweets, as it raises a high level of disparity
in the reception of the messages, and consequently in the
information spreading process. This layer is considerably
smaller and sparser than the followers one. This fact, evi-
dences that users are much more selective when actively
spreading information, than when just receiving or reading
it [26]. To further understand how users retweet, we ana-
lyzed the emergent retweet network from the studied
conversations. At this layer edges are created whenever a
user retransmits a message originally posted by someone
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else. Hence, edges are directed and their weight indicates
the number of times users retweeted each other, plus the
number of subsequent propagators that retweeted the
same message. Most of the flux at this layer occurs through
links of the followers graph. This phenomenon is illus-
trated on Fig. 3A, where we have visualized a subset of
the retweet layer (green edges), superimposed on the fol-
lowers network (gray edges). In it, nodes who posted an
original message are colored in red, while those who prop-
agate it are colored in yellow. However, a fraction (~ 38%)
of the total retweets were done by users not directly con-
nected at the follower level to the original author of the
tweet. The explanation for this behavior is that retweets
tend to occur in cascades [18]. These cascades, emerge
when a single message is transmitted by a user to his fol-
lowers, subsequently allowing them and their own follow-
ers to do the same. We have sketched this phenomenon on
Fig. 3B, that visualizes an example of a retweet cascade. On
it, node 0 (colored in red) posts a new tweet. This tweet,
travels through the follower layer to his followers (at 1
step distance from the source) enabling them to retweet
the message. Nodes in white do not retweet it, while yel-
low ones do. Similarly, in the second time step, the tweet
reaches the followers of the nodes who retransmitted it
on the first instance (at 2 steps distance from the source),
giving them the opportunity to retweet it or not. The pro-
cess would continue until no more nodes retweet the con-
sidered message. Retweet cascades tend to be small, as
more than half were formed by only two users besides
the author and just a minority of them involve a large
amount of users. The reason for this behavior is that infor-
mation looses its attraction when farther from the authors
social surroundings [27].

Next, we analyzed the number of retweets gained by
user, R;;, which we label as the node in-strength of the
retweet layer. The distributions can be found in panels A

and D of Fig. 2 This measure quantifies the number of ret-
weets gained by the user, regardless of whether he origi-
nally posted the tweet or he retweeted it. The retweet in-
strength distribution follows a power law behavior for
both conversations, as we already noted in [19,17]. For
example for the SOSInternetVE conversation, only 25% of
the overall users got retweeted at least once. Moreover,
at this layer, the SOSInternetVE conversation was domi-
nated by a minority of 0.4% of influential accounts, who
concentrated around 50% of the retweets. The 20N conver-
sation exhibited a similar behavior, as just 2.24% of the
users gained over 50% of the total retweets. These influen-
tial accounts (for both conversations) predominantly
belonged to traditional media.

These results show the difficulty of achieving a high
number of retweets, and suggests that the majority of
users would need to post an enormous amount of tweets
to gain a significant number of retweets. Hence, we next
address the following question: what is the relation
between the influence users gain and the effort they must
employ to do so? To answer this question, in [18], we pro-
posed a measure to rank users according to their efficiency
to propagate information. Accordingly, we defined user
efficiency, n, as the ratio between the retweets gained by
a user and the activity he employed for it. Thus, 1 can be
expressed in the following way:

Rin
n=-—_ (1

where A represents the user activity-the total number of
messages he posted. Hence, 7 = 1 establishes the threshold
from inefficient to efficient (more retweets gained that
activity employed). In average most of the users who get
retweeted, gain as many retransmissions as messages
posted. However, a minority of them, occupying a privi-
leged position in the followers network, accomplish a very

Fig. 3. (A) Visualization of a subset of the retweet layer superimposed on the follower layer for the SOSInternetVE dataset. Nodes in red posted an original
message, and those in yellow retweeted a message. Links colored in green correspond to retweets, while those in gray to following relations. (B) Schema
explaining how retweet occur in cascades. On it, we visually explain how the message posted by the red node travels to his followers allowing them to
propagate it. In the next step, the followers of nodes who propagate the tweet receive it and are able to propagate it. (For interpretation of the references to
color in this figure legend, the reader is referred to the web version of this article.)
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high level of retransmission with little effort. This minority
of extremely efficient users correspond to those with high-
est in-degree in the followers layer. This fact reflects that a
lack of followers is a constrain to efficiently become influ-
ent at the retweet layer, while occupying a privileged posi-
tion on the followers layer helps being highly retweeted.
Hence, topocracy (the compensation for individuals is pri-
marily determined by the position they occupy in a net-
work) [28] seems to play a relevant role on Twitter.
Moreover, in [18], we also introduced a model to control
the effect that topology and different user activity strate-
gies have on efficiency. We found that the appearance of
a minority of highly efficient users results from the heter-
ogeneity of the followers layer and independently of the
individual user behavior.

4. Rich-club

Next, we explore whether the two studied Twitter con-
versations present a rich-club structure (i.e. highly con-
nected nodes tend to connect among themselves) [29] or
not. To this end, we measure the rich-club coefficient of
the collapsed multiplex network-the aggregate of the three
layers. A first definition of the rich-club phenomenon was
introduced by Zhou and Mondragon [30] and can be
expressed as:

2E>k

P =N
where N., represents the number of nodes with degree
higher than k and E., denotes the number of edges among
them. Hence, ¢ (k) measures the fraction between the num-
ber of actual edges and maximum number of edges that
can exist among nodes with degree larger than k. This
equation can be easily generalizable for directed networks,
where we define the rich nodes as those with higher in-
degree. Thus, Eq. 2 can be rewritten as:

E>k-
— in 3
N>km (N>km - 1) ( )

@)

d’(kin)

However, hubs will be naturally more densely con-
nected among themselves than nodes with lower degree.
Thus, to properly interpret whether a network presents
rich-club ordering we need to compare the rich-club coef-
ficient with its randomized case. We randomize the net-
works to obtain uncorrelated networks with the same
degree distribution of the original one. Hence, we can
define the normalized rich-club coefficient p,,, as:

b (k)

Prnl) = (k) @
where ¢,,, is the rich club coefficient of the randomized
network with the same degree distribution P(k) of the ori-
ginal one. Note that for the directed case we preserved the
in and out degree distributions. Values of p,,, larger than
one indicate that the network presents a rich-club order-
ing, as the increase in the interconnectivity among large
degree nodes is larger than what could be expected in
the randomized case. In contrast, values below one evi-
dence a lack of connectivity among hubs.

In order to analyze the rich-club ordering of Twitter we
have first calculated p,,, for the total directed multiplex
network of each conversation. Next, we have filtered these
networks by only remaining reciprocal edges, and mea-
sured p,,, for the reciprocal cases. The results are pre-
sented in panels C (SOSInternetVE) and F (20N) of Fig. 2.
The collapsed directed network does not present a rich-
club structure. In fact, it presents a similar structure to
the protein network [29], where hubs are not densely con-
nected among themselves. This result, indicates that users
with a high global in-degree are presiding large communi-
ties of regular users. This absence of rich-club ordering
goes in agreement with the results presented in the previ-
ous sections and in [19]. In these sections, we reported the
dissasortative nature of Twitter, where hubs with a large
in-degree tend to be followed, metioned and retweeted
by regular users. Despite, regular users can direct their
attention to famous accounts on Twitter, these rich
accounts do not interact with them. Hence, the reciprocal
network does present a rich-club organization. The rich-
club coefficient reaches its maximum around k ~ 200 and
disappears for connectivities over 500. Hence, when con-
sidering reciprocal interactions the rich-club ordering
emerges on Twitter and hubs preferentially interact among
themselves in a similar way as elite scientists do in the sci-
entific collaboration network [29].

5. Multiple leaders emerge at the different layers

In this section we explore whether the influence of two
different elite collectives, such as politicians and mass
media, is stable through layers, or if it varies across inter-
actions. To this end, we first study the role played by pol-
iticians and mass media in each layer and how their
influence varies across them. Following, we analyze the
community structure of the layers, identifying the leaders
of the top communities at each layer. Finally, we explore
the existing relations among the communities of the differ-
ent layers. To illustrate the results we will focus on the 20N
dataset, although similar conclusions could be derived
from the Venezuelan conversation following the same
procedure.

We can begin to understand how the collective atten-
tion has been distributed in the three layers by identifying
the top 50 influential users (those with higher in-degree)
in each one. We chose the in-degree for being a measure
of direct influence on Twitter. More particularly, we have
studied the role played by politicians and traditional media
on each layer and on the overlapping among layers. Thus,
we have classified each of the top 50 influential accounts
at each layer as either politician, media or blogger/others.
We have visualized the results on Fig. 4 by representing
the Ven diagram. On each region of the diagram we have
indicated the percentage of accounts belonging to each col-
lective: politicians, media, and bloggers. As the figure
shows, the relevance of politicians and media varies
according to the considered layer or layers. Overall, tradi-
tional media tend to be the most influential. However,
when just considering the mention, or the overlap between
the mention and follower layers, politicians are the most
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Fig. 4. Representation of the Venn Diagram for the follower, mention and
retweet layers. The percentage of accounts in each region belonging to
media (red), politicians (blue), and bloggers (yellow) have been indicated
for the 20N dataset. (For interpretation of the references to color in this
figure legend, the reader is referred to the web version of this article.)

important. On the other hand, if just considering retweets,
media emerge again as the top influential collective. While
when considering the overlap between mention and
retweet both elite seem to be equally popular. This
highlights how conclusions can significantly vary from
layer to layer, and therefore when just considering
one layer these conclusions should limit to the considered
layer, rather than general for the entire Twitter.

Next, to further understand the impact that media and
politicians have on the structure of the different interac-
tion layers, we analyze their community structure. For this,
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we have performed a community structure analysis (using
the map equation algorithm [31]) of the follower layer and
compare the results to those reported in [20] for the men-
tion and retweet layers. Fig. 5 B shows the top nine com-
munities of the follower layer, together with the main
relationships among them. In this layer, communities are
large and contain several influential accounts, related to a
same collective-like Mass Media, Political Parties, Social
Activism, or geographical region. For example, the largest
community holds several important Spanish media (panel
D). As it can be seen, various hubs stand out above the
crowd. These hubs correspond to accounts of the main
Spanish media, such as Europa Press, El Pais, or ABC.
Another important community was formed around popu-
lar politicians and media from Catalonia (panel C). The
main characteristic of this community is the use of the Cat-
alan language. This community holds a majority of users
(~66%) that preferentially tweeted in Catalan. In fact,
the online Spanish political debate is segregated by lan-
guage [20]. Other large communities clustered together
users holding the similar political ideology. These commu-
nities were formed around a single political party accounts,
and therefore exhibit a highly segregated partisan struc-
ture. Despite a small fraction of links across opposed ideol-
ogy communities, users tend to interact with those holding
a similar ideology. This phenomenon is illustrated in Panel
E that visualizes the communities of the two dominant
parties: Partido Popular (PP) and Partido Socialista Obrero
Espafiol (PSOE). In this panel PP has been colored in blue,
while PSOE has been colored in red. As can be appreciated
there is a high political polarization. This behavior is simi-
lar to that observed for the United States, on Twitter [32]
and blogs[33].

Finally, we explore the relation among the community
structure of the different layers. For this, we identified
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Fig. 5. For the 20N conversation: (A) Sketch, showing how the large communities of the follower layer split into several smaller communities in the
mention and retweet layers. (B) Visualization of the network of communities in the follower layer. Nodes represent communities, and links account for
relations among them. (C, D, E) Visualization of the inside structure of several communities at the follower level.
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the top accounts of each community at the mention and
retweet levels, and determined the community that they
belonged in the follower level. We found that hubs embed-
ded on large followers communities emerge as leaders of
smaller and sparser ones in the mention and retweet lay-
ers. This showing that the large followers communities
brake down into several smaller ones, formed around hubs
belonging to a same follower community, at the active lay-
ers. Hence, users are more selective when extra effort is
required to interact, holding less links and clustering in
smaller and more selective groups. For example, while
accounts belonging to different media may be classified
on a same follower community, this phenomenon is not
repeated in the retweet level. At this level media accounts
belonging to a same community, also belong to a same
media. This reflects that while users may passively follow
different medias, they always relay on the same one to
propagate information. This issue has been illustrated in
Fig. 5 A, where we have sketched the main relationships
between the followers communities and the mention and
retweet communities. The links highlight how the top
communities in the reweet (right side) and mention (left
side) layers grow around high visible accounts belonging
the top communities in the follower layer. In the visualiza-
tion communities of the mention and retweet layers have
been colored according to the collective leading the com-
munity (media in green, politicians in pink, and bloggers
in purple). While most of the top communities in the
retweet layer grow around media accounts, the top men-
tion communities were formed around politicians. Hence,
this showing again that politicians are the main characters
in the mention layer, while traditional media accounts
were the preferred source of information from which to
propagate news at the retweet level.

All these showing that the communication patterns
associated to each interaction mechanism are considerably
different, what reflects the need to study Twitter as a mul-
tilayer network.

6. Discussion

In this paper we have defined Twitter as a multilayer
social network, reviewed the main findings of our previous
papers for each interaction layer, and highlighted how the
influence of the elite varies across layers. For this matter,
we have considered as cases of study the Venezuelan
online protest of 2010 and the 2011 Spanish general
elections.

The three differentiated Twitter interaction mecha-
nisms, follower, mention, and retweet, define three layers
through which individuals receive and diffuse information.
Hence, the Twitter information diffusion process does not
take place through a single channel, but three. In order to
fully understand the process we have to simultaneously
analyze all three channels. For example, the propagation
of messages via retweets is strongly conditioned by the
topology of the follower layer, as it establishes the substra-
tum through which individuals receive information. Addi-
tionally, users establish conversations or refer to each
other using the third available channel, the mention.

The collapsed directed multiplex network does not
present a rich-club ordering, as politicians presided large
communities of regular users in the mention layer; while
media accounts were the sources from which people ret-
weeted information. However, when considering recipro-
cal interactions the rich-club ordering emerges, as elite
accounts preferentially interacted among themselves and
largely ignored the crowd. The rich-club was mainly com-
posed by politicians, media, and well-known bloggers.
Hence, we identified the top 50 influential users at each
layer, and classified them as media, politicians, or bloggers.
Despite an slight overlapping among the top influentials at
each layer, the relevance of the three different collectives
significantly varied from one layer to another. The rele-
vance of media and politicians at the follower level seems
to be balanced. However, politicians clearly stand out in
the mention layer, while media stand out in the retweet
layer. A high degree in the mention layer is usually associ-
ated as a high value name, i.e. a famous and popular
account, while the gain of retweets is associated to produc-
ing high value content tweets. Our results show that media
were the sources of information, while politicians were the
main characters of both conversations. Moreover, it sug-
gests that politicians in general were not capable of pro-
ducing high quality content tweets that got highly
retweeted. All these resulted on users clustering around
politicians in the mention layer, and around media
accounts on the retweet layer. Hence, the leaders emerging
at each layer vary significantly, and one can not claim nei-
ther politicians ruled the media or vice versa. It all depends
on what kind of interactions we are considering and what
effect we are trying to understand. Hence, we conclude
that to fully understand Twitter we have to explore it as
a multilayer social network, evaluating the three types of
interactions.
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