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• The political conversation is constrained by both ideology and language.
• Politicians, the main characters; Traditional media, still the main source of information.
• The political communication is still driven by a minority.
• There is a relation between the political alignment of users and the language in which they tweet.
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a b s t r a c t

The structure of the social networks in which individuals are embedded influences their
political choices and therefore their voting behavior. Nowadays, social media represent
a new channel for individuals to communicate, what together with the availability of the
data, makes it possible to analyze the online social network resulting from political conver-
sations. Here, by taking advantage of the recently developed techniques to analyze complex
systems, we map the communication patterns resulting from Spanish political conversa-
tions. We identify the different existing communities, building networks of communities,
and finding that users cluster themselves in politically homogeneous networks. We found
that while most of the collective attention was monopolized by politicians, traditional me-
dia accounts were still the preferred sources fromwhich to propagate information. Finally,
we propose methods to analyze the use of different languages, finding a clear trend from
sympathizers of several political parties to overuse or infra-use each language. We con-
clude that, on the light of a social media analysis perspective, the political conversation is
constrained by both ideology and language.

© 2014 Elsevier B.V. All rights reserved.

1. Introduction

Opinions are not formed in a social vacuum, but on a social network where those around us affect what we think. A
classic topic in political science is how social interactions shape individuals political views, and whether the social network
in which they are enmeshed has an influence on their voting behavior [1–4]. In fact, back more than 60 years ago, Lazarsfeld
et al. [5] pointed out in ‘‘The People’s Choice’’ that the impact social contacts have on voting decision is bigger than that
frommass media or politicians. This resulted on the Two-step flow of communication [6–8]. According to this theory, ideas
flow from mass media (or politicians in an electoral context) to opinion leaders, and from them to the population. More
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recently, studies have shown that political participation is affected by the social environment; as friends, family members,
or co-workers exhibit similar behavior [9,1,10]. The explanation for this influence is a prevalent theme of research. Burt [11],
distinguished between contagion by cohesion and contagion by equivalence. According to the first one, people’s political
preferences are directly influenced by their social network. This theory sees social influence as a result of intimacy within
primary social grouping, and is referred in literature as direct political influence, political assimilation, or socialization
[1,12,13]. Alternatively contagion by equivalence proposes a structural equivalence model to explain this influence, where
people base their behavior on what they observe from others that occupy a similar position to them [14–16].

In this paper, we intend to explore the structure of the online social networks in which individuals are embedded when
discussing politics. This is an increasingly relevant topic since online social networks and social media platforms, such as
Twitter, are the latest new medium being exploited by politicians for decisive competitive advantage. Thus, today’s culture
is changing, Internet and social media represent a new channel through which information and ideas can quickly flow [17],
bringing people a wider (and cheaper) variety of information. Today’s new culture sees value in sharing information, and
relies on collective wisdom [18]; just take Wikipedia [19] as an example. Social media fit perfectly this new context as they
are about listening and being heard, about sharing information with those you trust, and about having a variety of sources
of information at hand from where to choose. So, nowadays, when trying to understand the opinion formation process of
individuals, we have to take into account not only their face to face relations or the propaganda coming from traditional
mass media, but also the online communications that are increasingly taking place through social media platforms such as
Twitter. In fact, recent research has brought evidence to show that political mobilizations in an online social network can
influence real world voting behavior [20]. Moreover, the availability of the data represents a big opportunity to study social
phenomena, such as politics [21,22], viral marketing [23], information diffusion [24], or social influence [25].

The target of this paper is to map the communication patterns behind the political conversations taking place on social
media to uncover possible constrains in the online political discussion, and to answer questions such as: Do really social
media platforms represent a channel through which more voices can be heard and encourage political discussion? To
this end we have analyzed the mention and retweet networks within the framework of complex networks [26,27] and
performed a community structure [28] analysis to understand how users of social media have grouped themselves around
the different ideologies. We discuss the different role played by politicians and traditional mass media, when propagating
news, or capturing the collective attention. Next, we identified the language in which each tweet was posted and explored
to which extent the diversity of languages limits the communication among the different sides. Furthermore, we propose a
method to determine the proximity between the different languages and political alignments. Finally, we discuss the major
implications of our results.

2. System &methods

2.1. Twitter

The number of users engaged to online social networks or social media is rapidly growing all around the globe. More
specifically in Spain the percentage of population using online social networks has reached over 49% of the population [29].

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 features several interaction mechanisms to facilitate
communication among users. The first of these interaction mechanisms is the ability of people to follow and be followed by
the rest of users. This is a passive mechanism that allows users to receive the messages written by their followees at real
time. The Twitter followers network is a directed graph where non reciprocal relations are admitted and it states the social
substratum through which information will flow. Although having a large number of followers increases the visibility of the
tweets posted by users, it not necessarily makes them influential [30].

Another important mechanism to interact is the message retransmission or retweet. This mechanism allows individual
messages to propagate and travel throughout the network [31], and also, it serves as away for people to endorse their point of
view over specific subjects [32]. In addition to this, another relevantway for direct interaction is thementionmechanism. By
mentioning someone’s username in themessage text, people is able to senddirectedmessages to thementioneduser’s inbox.
This mechanism is often used to establish conversations between users, through the exchange of messages, or just to refer
somebody in themessages text [33]. At last, all messages on Twitter, may be identified using keywords called hashtags [34].
This mechanism generates the trending topics, and people use it to discuss and exchange ideas without the necessity of
having any explicit relation.

2.2. Dataset

Our datasets are constructed from public access messages posted on Twitter regarding political conversations. The first
dataset, labeled 20N , relates to the last 20th of November 2011 Spanish general elections. The second one, labeled as 25N ,
regards the last Catalan elections that took place on the 25th of November of 2012. We downloaded all the tweets using the
Twitter API interface and searching for a specific keyword that identified each conversation. Regarding the general elections
wedownloaded all themessages that included the keyword 20N posted in a threeweek period including the official electoral
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Table 1
General information about the networks built from the two studied datasets, including
the number of nodes, number of edges and assortativity by language (rL) of each network.
Note that the 25N networks do not include nodes whose language could not be analyzed
since they did not post a message.

Retweet network Mention network

Dataset ID Region Nodes Edges rL Nodes Edges rL

20N Spain 075546 153549 0.43 39631 86029 0.38
25N Catalonia 102959 289486 0.70 29088 72129 0.37

campaign and voting day. This dataset has already been used to show that the activity taking place on Twitter was correlated
to the election outcomes; and to characterize politicians behavior, observing a lack of debate among political parties [21].
Analogously, to build the dataset corresponding to the Catalan elections, we downloaded all the messages that included the
keyword 25N posted in a seven week period including the official electoral campaign and voting day. We chose these tags,
20N and 25N , for being ideologically neutral identifiers, used all around Spain and by all the political parties when referring
to these elections.

To better understand these datasets we have included, in Appendix A, a brief description about the Spanish political
situation.

2.3. Twitter networks

The networks presented on this paper are constructed from the datasets described in the preceding section. To build the
mention networks we filtered all the data remaining only messages that contained a mention to another user. These net-
works are directed and weighted graphs. A new edge appears when a newmessage posted by user, A, contains a mention to
another user, B, (with direction A → B). B is notified about the new tweet, as it appears in his private in-box, what dramati-
cally increases his chances of reading it. In a similar way we build the retweet networks that are also directed and weighted
graphs. However, in the retweet graph an edge is created whenever user, A, retweets a message originally posted by user, B,
(direction A → B). Therefore the tweet not only appears on B’s public panel but also on A’s, increasing the chances to draw,
both A’s and B’s followers attention. General details about each network can be found in Table 1.

2.4. Pagerank as a measure of popularity

In the scope of network analysis, the centrality of a node determines the relative importance of a node within the graph.
Therefore in a social context it represents popularity or how influential a person is in the social network. Despite there are
numerous widely used measures of centrality, here we will use the pagerank centrality.

The pagerank centrality, a network-based diffusion algorithm initially proposed to rank web pages [35,36], has arisen as
one of the preferred methods to rank a vast amount of data in different types of networks. For instance, it has been used to
effectively determine the relevance of scientists in the citation network [37,38], as well as to rank streets [38], ecological
species [39] or leadership groups on social networks [40]. We could think about it as if a ‘random surfer’ surfs the net by
following links between nodes, eventually the surfer decides to jump to a randomly chosen node and continues the process.
The probability of the surfer visiting each node is determined by its pagerank. Hence, a node has a high pagerank when
highly connected or while attached to leading ones.

2.5. Language detection

To automatically determine the language in which each user preferentially tweeted we have taken advantage of guess-
language [41]. This is a Python library that determines the natural language of a given text. We determined the language in
which each tweet was posted and assigned each user the language in which most of his tweets were written.

3. Mapping the communication patterns

3.1. Community structure

Online social networks provide us information on how people interact with each other through the Internet. The best
approach to analyze theupper hierarchical level of suchnetworks is community structure [28,42].Within complexnetworks,
a community can be defined as a subgroup of densely connected nodes inside a larger graph. Thus, in social networks a
community would correspond to a group of strongly related friends. Similarly, in a politicized context, such as the present
study, one expects people to group themselves by ideology. Following this idea communities correspond to the different
political parties, as already noted for blogs [43]. Analyzing the 20N dataset by means of community structure we intend to
map the political communication strategies, identifying large groups of users among which information flows quickly and
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Fig. 1. Map of the 20N mention (A) and retweet (B) c-networks, showing the 30 most important communities. The color of communities indicate their
class (politician, media, others), and the size represent their pagerank centrality. For a clearer representation we only show the links representing at least
0.005% of the total inter-module flow. A detail of the inside structure of some important communities (marked with circles) is displayed in (C) for the
mention c-network and (D) for the retweet c-network. Nodes size represent their centrality and their color indicate the community to which they belong.
(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

understand the user behavioral patterns engaged among them. In order to perform the community structure analysis we
used themap equation algorithm [44], based on randomwalks, and the intuitive idea that if a community exists the random
walker tends to get trapped inside it.We decided to use thismethod for considering it specially appropriate to study systems
where links represent information exchange among nodes, such as the mention and retweet networks built from Twitter
data. In this way, we build networks of communities (c-networks) [45], where each community is represented by a c-node
and the flow of information going on across communities constitute the links.

In the top panels of Fig. 1 we present, for the 20N conversation, both c-networks: themention c-network (A) and retweet
c-network (B). In order to obtain a clear and simplified map from where to extract useful information, we only display the
30 most representative (higher aggregated pagerank) c-nodes, and the links representing at least 0.005% of the total inter-
community flow for each c-network. Despite the small number of communities displayed, the map captures the most rel-
evant information, as it represents over 30% of the total activity. Moreover, these most popular communities attracted the
attention of users belonging tomany other communitieswithout necessarily directing tweets at them. In the figure the name
of each c-node corresponds to the username with highest popularity (pagerank) inside it, and the size to the pagerank of
the community (aggregated pagerank of all nodes within the community). Communities are colored according to their clas-
sification: politicians (red), media (blue) and others (purple). The thickness of the links represent the communication flow
going from one community to another. For more details about the statistical properties of the c-networks see Appendix B.

3.2. Politicians, the main characters; traditional media, still the main source of information

Politicians have drawnmost of the attention, as their accountswere themostmentioned. Thismeans that users addressed
their messages to them by referring to their accounts when tweeting. This is illustrated in Fig. 1A (mention c-networkmap),
that show how the majority and more significant communities centered their attention at them. For example, the map is
centered around the two most voted candidates c-nodes (marianorajoy and conrubalcaba, belonging to the two dominant
parties: PP and PSOE respectively), as their accounts were the most popular.
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Table 2
Characterization of the inside structure of the top 5 communities (c-nodes) for each network of the 20N dataset. We present them ordered, firstly by their
network type (NW): mention (M) or retweet (RT) and secondly by their total pagerank (PR). In the table each community is identified by its c-node name,
that corresponds to the leading account of the community, and classified according to its class (politician or media). Following we show the size of each
c-node in terms of number of nodes (N) and PR; the number of official accounts inside it together with their affiliation; the dominant affiliation; the relative
PR of the official accounts belonging to it (PR affiliation).

NW Class C-node Size(N/PR) Official accounts Affiliation/media PR affiliation

M Politician marianorajoy 612/5,90% 7(PP) PP 44,94%
M Politician conrubalcaba 804/5,20% 11(PSOE) PSOE 54,72%
M Politician upyd 533/4,00% 22(UPyD) UPyD 47,09%
M Politician elenavalenciano 2/2,00% 1(PSOE) PSOE 55,00%
M Politician ppopular 303/1,20% 8(PP) PP 53,09%

RT Media el_pais 986/2,50% % 5(El Pais) el Pais 74,52%
RT Politician upyd 863/2,20% 30(UPyD) UPyD 41,72%
RT Media epelecciones20n 461/1,80% 3(EUR) Europapress (EUR) 52,78%
RT Media laser 774/1,30% 5(Ser) Cadena Ser (Ser) 74,15%
RT Media la info 140/1,22% 2(LI) La Informacion (LI) 87,50%

To further understand the mention c-network and how the collective attention has been directed to politicians, we have
explored the inside structure of the politicized communities. We found that communities grow around a single political
alignment official accounts, as all the politicians inside a same community belong to the same party (as can be seen in
Table 2). Politicians accounts, although representing a very small fraction of the total members; have attracted most of the
inside collective attention, concentrating a very high fraction of the total pagerank (Table 2). To illustrate this phenomena,
Fig. 1C visualizes the inside structure of the two most central communities corresponding to the dominant parties PP and
PSOE. Both of themare large communities (over 600nodes),with a highpagerank (5.9% and5.2%), andwith a small number of
politicians (7 and 11). As it can be seen, the vast majority of users onlymentioned a single political party accounts. However,
a minority of intermediaries linked the two sides of the conversation mentioning both candidates.

Despite being the main characters regarding mentions, politicians loose importance when considering retweets in favor
of media and anonymous people such as bloggers. This resulted in traditional media accounts prevailing in the retweet
map, where they were the top retweeted in the most important communities (can be checked in Fig. 1B and Table 2). This
means that media accounts were the preferred source of information from where users propagated information regarding
the elections. For example, the media account epelecciones20n has not only attracted many retweets within its community,
but also from other communities. We must note that this account was created by the national news agency (Europapress)
to report about the 20N elections.

When exploring the inside structure of the retweet communities, (Fig. 1D) we found that users spread information from
a minority of official accounts belonging to a same media. This fact together with the limited number of retweets going
on across communities reflects the fidelity of people to their preferred media, as they do not compare different sources of
information. Or if they do, they just propagate news from their favorite one. Whether each community hosts a single hub or
various, depends on eachmedia online communication strategy. For example, media using various accounts to publish news
on Twitter (El Pais or Europa Press), present various hubs inside their community; whereas those using just a single global
account (El Mundo), present an unique hub. All this is illustrated in Fig. 1D, where the internal structure of the mentioned
communities together with their inter-links are displayed.

4. Language & politics

4.1. Language polarization

Here,we explore the impact that the existence of several co-official languages has on the Spanish politics and its polarized
landscape. For this we complement the 20N dataset with a more local political conversation: the 25th of November Catalan
elections (25N). We classified each user according to their most written language (see Section 2.5 for details) and analyzed
the communication patterns among the different languages.

Twitter reflects the Spanish linguistic diversity, as Tweetswere posted in all the different official and co-official languages.
This is illustrated in Fig. 2wherewe have visualized the 20N (A) and 25N (B) retweet networks coloring each node according
to their language. In Fig. 3we present the percentage of users tweeting in each language for both datasets, and compare these
results with those observed when considering all the raw Twitter data coming from Spain and Catalonia [46]. Regarding the
general elections, Spanish was the most used language (78%), followed by Catalan (18%). However, when comparing this
data to the statistics presented in Ref. [46] (see Fig. 3), we found that the share of users tweeting in Catalan is above its
expected value (3.11%). We also observed this same behavior during the Catalan elections, where Catalan presents a share
of 54%, quantify far above its expected value (28%). This suggests that the use of Catalan on Twitter increases in politicized
contexts such as electoral campaigns.

Next, we explore the communication patterns among users tweeting in different languages. For this we measure the
language polarization by calculating the assortativity [47] by language. This measure quantifies the tendency for users on
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Fig. 2. This figure visualizes the 20N (A) and 25N (B) retweet networks. Each node represents a user and has been colored according to his most used
language. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Fig. 3. Language share for the two analyzed datasets, 20N and 25N , together to the overall share found for Spain and Catalonia in general Twitter
conversations [46].

Twitter to communicate to other users that tweet in their same (or not the same) language and is given by the following
expression:

rL =
Tre − ∥e2∥
1 − ∥e2∥

(1)

where e is the language mixing matrix, whose elements eij quantify the number of retweets going from users posting on
language i to users posting on language j; Tr stands for trace; and ∥e∥ represents the sum of all elements in the matrix e.
This measure ranges between −1 and 1. A value of 1 means that users only retweet those tweeting on their same language.
On the contrary, −1 means that users only retweet users who tweet in a different language. In between, rL = 0, indicates
users retweet others regardless their language.

Our results show the existence of a clear trend to retweet only those who tweet in the same language (see Table 1) and
hence, in Spain, language represents a constrain for political communication. This tendency becomes more extreme for the
Catalan conversation, meaning that for more local conversations the segregation by language becomes higher.

4.2. Language preferences

Nationalist currents are known to have a big impact in the Spanish politics. In fact, in some regions, such as Catalonia, the
nationalist component of several parties can be much more influential than their ideology (liberal/conservative). Here, we
intend to answer the following question: what is the relation between the language in which users tweet and the political
party they support?

As a proxy to determine the party that each user supports we use the retweet network, since retweet is the Twitter
interaction mechanism that exhibits the highest segregated partisan structure [21,22]. We define the Proximity between a
language (Li) and a political alignment (Aj), PROX(Li, Aj), as the relative frequency of retweets going on from users posting
in language, Li, to official accounts of party, Aj, observed in the empirical network compared to its expected value in the
randomized version. Hence, it can be expressed as:

PROX(Li, Aj) =
P(Li, Aj)

⟨Pr(Li, Aj)⟩
(2)
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A B

C D

Fig. 4. Measuring proximity between languages and political parties. Circles (cyan) correspond to Spanish, while triangles (red) correspond to Catalan.
Panel (A) shows the Proximitymeasures for the 20N dataset. Their corresponding Z-scores are plotted in panel (B). Panel (C) shows the Proximitymeasures
for the 25N dataset. Their corresponding Z-scores are plotted in panel (D).

where P(Li, Aj) is the probability that a user tweeting in language, Li, retweets a message originally posted by a politician
affiliated to party, Aj. Analogously ⟨Pr(Li, Aj)⟩ represents the expected value (averaged from 100 realizations) of this same
probability but for the randomized networks. When randomizing the networks we have preserved all the individual
characteristics of each user, meaning that each node preserves his preferred language, and number of outgoing and ingoing
retweets. In order to randomize the networks we used the Markov-chain algorithm that repeatedly exchanges randomly
chosen pairs of connected nodes. By comparing to randomized networks we compensate for the effects of differences in
party popularity and in number of users tweeting on each language. Finally, to determine the significance of each Proximity
measure we can calculate its corresponding Z-score, that is given by the following expression:

Z(Li, Aj) =
P(Li, Aj) − ⟨Pr(Li, Aj)⟩

σr(Li, Aj)
(3)

where σr(Li, Aj) is the standard deviation of Pr(Li, Aj), computed out of 100 randomized networks.
In Fig. 4 we present the Proximity between the most voted political parties (PP, PSOE, IU, UPyD, CiU) and the two most

used languages (Spanish and Catalan), together with its corresponding Z-score, for both datasets. The results corresponding
to the general elections (20N) are displayed on panels A and B, while the Catalan elections (25N) are displayed on panels C
and D. Deviations from the standard preference line (PROX = 1) imply that users preferentially (PROX > 1) or not prefer-
entially (PROX < 1) retweeted specific parties. The deviations found for both datasets measure the closeness in ideology of
each party to the Catalan nationalist current. For example, CiU is a Catalan party with a remarkable nationalist current, thus,
its sympathizers preferentially tweeted in Catalan and hardly did it in Spanish. Conversely users tweeting in Catalan hardly
retweeted PP or UPyD, as these parties strongly defend the unity of Spain.
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5. Discussion

In this paper we have analyzed the communication patterns of two Spanish political conversations taking place on
Twitter; one of national scope, the 2011 general elections; and a more local one, the 2012 Catalan elections. We found
that the Spanish political conversation is centralized around a small fraction of influential accounts. Politicians are the main
characters, since their accounts were the most mentioned, and captured most of the collective attention. However, despite
their accounts are still influential in the retweet network, users tend to propagate information from the same sources as in
the offline world. Thus, traditional media accounts were themost retweeted. Therefore we can affirm that, in the light of our
results, despite social media should allow more voices to be heard, the political communication is still driven by a minority
of political parties and elite media.

Analyzing the mention network by means of community structure, we have been able to map the flow of political in-
formation going through Twitter during the campaigns. We show it to be considerably polarized by political ideology, as
users crowded around a single political party accounts, and preferentially communicated with those of their same political
stance. However, there were a small fraction of users, more exposed to political disagreement, who sustained the exchange
of information among these polarized communities. Similar conclusions can be made from the retweet analysis, where we
found that despite the countless sources of information available, users do not take full advantage of it, tending to just rely
on their preferred ones. In this regard users mostly retweet from just one traditional media official accounts with whose
editorial line they feel identified. Hence, we can affirm that the social network in which individuals are enmeshed is ideo-
logically homogeneous. Such networks might be too insular, limiting the opportunities to learn about politics and contrast
information. However, they represent effective information shortcuts to access information [48–50].

The results of this paper also speak about the importance that nationalist currents have in the Spanish political landscape,
where at some regions the nationalist component of the parties becomes much more influential than the ideology. It is
widely known that the strong feeling of membership to the autonomous community, that exists in several regions of Spain,
is frequently used as a political argument. This is reflected on Twitter in several ways: (i) Catalan tends to be overused in
political conversations. (ii) Despite the vast majority of speakers of a co-official language are bilingual, the conversation
is highly segregated by language. (iii) There is an obvious relationship between the political alignment of users and the
language in which they tweet.

However, the utility of the proposed method to determine the proximity between languages and political parties is not
particular of Spain, but generalizable to other countries. For example, let us think about the United States. Although English
is themain language, there is a diversity of cultures co-existing inside the country that speak different languages. Hence, the
proposed methods could be used to estimate the proximity between the Chinese or Hispanic communities and the liberal
or conservative parties. Thus, being useful to estimate electoral outcomes.

Of course, one cannot directly extrapolate from the Twitter information diffusion process to the overall opinion formation
of the population, as users of the social networkmay not be the representative of the whole society. Even if they were, there
are other channels through which individuals receive information, such as mainstream media (e.g. TV, radio) or personal
relations. However, as the percentage of the population engaged to these platforms is rapidly growing, they have become the
latest newmediumbeing exploited for decisive competitive advantage. Thismakes the understanding of the communication
patterns behind these platforms an increasingly important topic to further uncover opinion formation process of
individuals.
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Appendix A. Information on the Spanish political situation

Spain is a parliamentary monarchy since the approval of the last constitution in 1978, and belongs to the European
Community since 1986. The country is organized into 17 autonomous communities (AC) and two autonomous cities. In Spain
there is a strong feeling of membership to the AC. In fact despite Castilian being the official language for the whole territory,
several ACs (Galicia, Basque Country, Catalonia, Valencia and Balearic Islands) have their own co-official language. Moreover
in some of them there is strong nationalist current, with the existence of nationalist parties represented in parliament, above
all at Catalonia, Basque Country, and Galicia.

In a general elections context we can distinguish two kinds of political parties, those of national scope, and others of
regional character also standing in election. The most important parties can be found in Table A.1, where they are briefly
characterized.

Regarding the national scope, we can distinguish two main ideologies: the conservative represented by Partido Popular
(PP), and the liberal represented mainly by Partido Socialista Obrero Español (PSOE), and the smaller and far more left-wing
party Izquierda Unida (IU). Recently a new party, Union Progreso y Democracia (UPyD), whose political posturing is difficult
to classify in the classic conservative/liberal framework has broken in the parliamentary spectrum. The Financial Times and
The Economist classified it as of center ideology, as it combines social liberalism with a defense of ‘the unity of Spain’.
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Table A.1
Information about the most important Spanish political parties that took part on the 20th of November of 2011 general elections. Name of the party;
acronym; level at which the party stood to the elections, nationally (N) or just in one Autonomous Community (R); important official Twitter accounts.

Official Accounts

Political Party Acronym Level Candidate Others

Partido Popular PP N marianorajoy ppopular, esperanzaguirre, sorayapp
Partido Socialista Obrero Español PSOE N conrubalcaba psoe, carmechacon2011, elenavalenciano
Izquierda Unida IU N cayo_lara iunida, gllamazares
Union Progreso y Democracia UPyD N upyd, tonicanto1
EQUO EQUO N isabanes proyectoequo
Convergencia i Unio CiU R (Catalonia) ciuduran2011 ciu
AMAIUR AMAIUR R (Basque Country) bildueh, aralarnafarroa
Partido Nacionalista Vasco PNV R (Basque Country) jerkoreka eaj_pnv
Ezquerra Republicana de Catalunya ERC R (Catalonia) bosch esquerra_erc
Bloque Nacionalista Gallego BNG R (Galicia) bng, obloque
Iniciativa per Catalunya ICV R (Catalonia) jcoscu
Partido Andalucista PA R (Andalusia) pandalucista, p_andalucista

Fig. B.1. Indegree (A, C) and outdegree (B, D) complementary cumulative distribution functions for the mention (A, B) and retweet (C, D) c-networks of
the 20N conversation. Dashed lines and their corresponding γ values are included for comparison. They do not represent fitted curves.

Within the autonomic planewe can also distinguish liberal and conservative parties, though their nationalist component
is much more influential.

Appendix B. Statistical properties of the c-networks

In this appendix we characterize the statistical properties of the two constructed c-networks: the mention c-network
and the retweet c-network. In Fig. B.1 we compare the complementary cumulative distributions of the in and out degree for
both c-networks. The in and out degreemeasures for a community define the number of inter-community edges pointing to
(indegree) and from (outdegree) the community. In otherwords the indegree quantifies the attention a community received
from other communities, and the out degree the attention that the community paid to other communities. The indegree
distribution for the mention c-network can be well fitted to a power law, in the form P(k > k∗) = k−γ where γ = 1.09,
meaning that the growth process of this c-network follows the preferential attachment rules: popular communities become
more popular [51]. However the retweet c-network presents a slightly less heterogeneous distribution not reaching so
extreme values. Outdegree distributions follow similar decrements for both of the c-networks. These distributions are less
heterogeneous than those observed for the indegree, as they present an initial smooth decadent to promptly decrease for
values larger than 10.

To further understand the structure of these c-networks and how the collective attention has been distributed, we have
calculated the popularity, measured as the aggregated pagerank, of each community and compared it to its indegree and
outdegree. Note that the aggregated pagerank of a community is calculated as the sum of the pagerank (in the mention
or retweet networks) of all the nodes inside it. Thus, it is not a measure resulting from the c-network structure, but from
the network at the lowest hierarchical level. On the contrary the indegree and outdegree of a community are calculated
from the c-network. In Fig. B.2 we present each community’s indegree versus its popularity in a logarithmic scale for the
mention (A) and the retweet (C) c-networks. The results reflect that the popularity of each community is well correlated
to its indegree in the corresponding c-network. Meaning that the small fraction of very popular communities have been
frequently targeted from users belonging to many others. This is usually explained by the presence of a famous account
inside it, as discussed in Section 3.2. This result differs towhatwe observewhen plotting the outdegree versus the popularity
of each community, where as we can see in panels B and D of Fig. B.2, correlation is lost. Overall, we can affirm that the most
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Fig. B.2. Comparison of the correlation between the aggregated pagerank (PR) and degree (measured from the c-network) of communities resulting from
mentions (A, B) and retweets (C, D) for the 20N conversation. Aggregated pagerank plotted versus indegree (A, C), and versus outdegree (B, D).

popular communities have been preferentiallymentioned or retweeted bymembers belonging tomany other communities.
However, such important communities have not necessarily directed tweets to other communities in order to attract this
attention.
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