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a b s t r a c t

Over the past years, new technologies and specially online social networks have penetrated
into the world’s population at an accelerated pace. In this paper we analyze collected
data from the web application Twitter, in order to describe the structure and dynamics of
the emergent social networks, based on complexity science. We focused on a Venezuelan
protest that took place exclusively by Twitter during December, 2010. We found a
community structurewith highly connectedhubs and three different kinds of user behavior
that determine the information flow dynamics. We noticed that even though online social
networks appear to be a pure social environment, traditional media still holds loads of
influence inside the network.

© 2012 Elsevier B.V. All rights reserved.

1. Introduction

Online social networks have gained an enormous influence among the global population over the last years. There are
several types of these web applications, each with its own purpose, such as Facebook for personal relations, Youtube for
sharing videos or Twitter to exchange text messages. Such is the speed and facility that provides these communication
tools, that it is indeed revolutionizing marketing techniques [1], cultural events, political activism [2] and emergencies
management. An important fact of these technologies is that they provide an enormous amount of user generated data
which may be collected and analyzed, bringing lots of opportunities for human behavior research [3].

In this context Twitter introduces itself as a fast information diffusion network, that allows people to be informed about
ongoing events in real time and to interact with other users. There are several usage motivations for this network [4], but
lately it has been used as a platform for social collective emergence and coordination, like the Arab Spring, where it played an
important role in the event’s development. As a result, Twitter is allowing people to become an active part in ongoing stories,
leaving behind the passivity associated to radio, television or press. For researchers it is an opportunity to analyze the social
structures that emerge from the users’ relations [5,6] and, because actions are usually time stamped, it also allows to study
social dynamics, like influence dynamics [7–10], communities interactions [11] and prediction of information cascades [12].

Our main goal is to describe and analyze the effects that the user behavior have over the social structure emergence and
the information flow dynamics on the Twitter social network. For this matter we have carried out a quantitative analysis
of a Venezuelan virtual protest that took place during December 2010, exclusively on Twitter. We built two networks to
represent the phenomena. On one hand, we constructed the social substratum in which the information may have flowed,
and on the other hand, the network where the messages were retransmitted and the information actually flowed. Then,
based on the graph theory [13], we have calculated and correlated several measures to understand the social structure
and the dynamical patterns that emerge from the studied conversation. In summary, we found that people organize in a
community structure around highly connected hubs which play lots of influence inside the network, mainly formed by
three different kinds of user with highly asymmetrical profiles that determine the information flow dynamics.
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Fig. 1. Top: Temporal variation of the message rate (messages/min) of the Twitter Venezuelan protest #SOSInternetVE. Arrows indicate some of the times
when the protest convoker participated. Bottom: System growth through time in terms of the percentage of messages (dashed line) and the percentage of
participant users (solid line).

The organization of this paper is as follows. In Section 2 we describe the system under study. We begin by describing the
web application Twitter, from where we have collected the data, and then we describe the main statistical characteristics
of the protest. Then, in Section 3, we describe the structures formed by the users when they interact with each other, either
passively or actively. Next, in Section 4, we describe the user behavior and dynamics that produce such structures. And
finally in Section 5 we describe these structures from the mesoscale point of view.

2. System

This work is based on the online social network Twitter. This web application has over 200 million users all around the
globe and keeps growing everyday. Its main feature consists in allowing people to post and exchange text messages limited
to 140 characters. It also allows people to follow other users whose messages are broadcast among its followers in real
time. The Twitter’s global followers network is a directed graph where non reciprocal relations are admitted. An important
mechanism on Twitter is the retweet, where users retransmit readmessages to their own followers. This mechanism allows
individual messages to propagate and travel throughout the network. Also, messages may be identified using keywords
called hashtags. This mechanism generates the trending topics, and people use it to discuss and exchange ideas without the
necessity of having any explicit relation between them.

Our dataset is constructed from public access messages posted on Twitter, related to a Venezuelan protest that took
place exclusively by digital means. The event consisted in posting messages identified with the hashtag #SOSInternetVE
on December 16, 2010. We downloaded all the messages that included the hashtag #SOSInternetVE using the Twitter API
interface between December 14–19, 2010. Eachmessage contains information about its author, creation date, device source
and text body. In total we found 421,602 messages, written by 77,706 users. It is remarkable that 42% of messages where
retweets and 60% were sent from smart mobile phones. This last result is in accordance with the latest user tendencies
research [14], where is stated that most of users participate in the online social media away from personal computers.

At the top of Fig. 1 we present the evolution of the message rate between December 14–19, 2010, which has a similar
shape as the Twitter time series modeled in the study of Yang [15]. It can be noticed that in the beginning of December 14,
2010, the studied hashtag did not even exist on the Twitter servers. Then, after its first appearance on the same day, some
user activity was recorded. Yet it is on December 16, 2010, when the protest takes actual place and the trending topic bursts
and reaches its highest point, showing critical phenomena features. However, after December 18, 2010, much of the interest
is lost and the trend tends to decay really fast as expected for trend topics on Twitter [16].

The protest growth can be seen more clearly at the bottom of Fig. 1, where we have plotted the accumulated number of
messages (dashed line) and users (solid line) as a function of time. It is remarkable that the system grew from 22% to 87%, in
terms of users, and 12% to 84%, in terms ofmessages, in a time frame of 7 h, which has been highlighted around the afternoon
of December 16, 2010 in Fig. 1, and coincides with the main burst. Furthermore, it can be noticed that the number of users
that participate in the protest saturates much faster than the amount of messages at all times. This is a typical feature of
local interest conversations [5] where users post messages repetitively on the same topic. For example, after the day the
protest was convoked on December 14, 2010, already 15% of the users had participated. However, the messages they posted
did not even reach 7% of the total amount.

In Fig. 2 we show the evolution of the cumulative distribution of the number of messages sent (posted) by users, on the
different days that the protest lasted. It can be noticed that the distribution can be fitted to an exponentially truncated power
law, in the form: P(x > x∗) ∝ x−βe−x/c , where β = 0.88 ± 1.2 × 10−3 and c = 65 ± 0.59 on the last day. It is remarkable



5246 A.J. Morales et al. / Physica A 391 (2012) 5244–5253

Fig. 2. User cumulative distribution according to the number of sent messages through time. The solid line is the fit to an exponentially truncated power
law, P(x > x∗) ∝ x−βe−x/c , where β = 0.88 ± 1.2 × 10−3 and c = 65 ± 0.59 on the last day.

that there is a clear distinction between the days before and after the main burst (see Fig. 1) which reflects the criticality
of the phenomena. However, on each day of both stages, the users presented the same behavior, in the sense that they are
distributed in the same way during the days before the protest, but also during the days after the protest.

This distribution indicates a certain degree of complexity in the phenomena and heterogeneity in the user behavior.
Before the main burst, 60% of the participants had sent less than a couple of messages, 1% over 30 messages, and about
0.01% had posted over 100 messages. On the other hand, on the last day of the protest, 50% of the users also had sent a
couple of messages at most, while 1% sent over 60 messages, and just about 0.0013% posted over 600 messages. This result
shows that the percentage of most active users decreases rapidly as the system grows.

3. Networks

The purpose of this study is to analyze the users’ roles in the information diffusion dynamic during the protest. For
this matter we built two networks based on the previous mentioned Twitter relations. First, we constructed a network
to represent the fraction of the global Twitter follower graph that participated in the protest, that we have identified as
the social substratum at which the information may flow. Second, we built the information diffusion network relating the
users who retransmittedmessages andwere retransmitted, to represent the effective channels throughwhich themessages
actually traveled inside the social substratum. In both cases, edges are not destroyed as time goes on, so the data delivered
represents the accumulated interactions at the end of the protest.

The first one is a network based onwho followswho. This relation indicateswho receivedwhosemessages. As said before,
it represents a subgraph of the global Twitter social network, built exclusively with the participant users in this specific
conversation. As nonreciprocal relations are admitted in the application, the resulting is an asymmetric graph, where the
edges are directed and non weighted. At the end of the protests on December 19, 2010 the network is compound by 77,706
nodes and 5,761,331 edges. The nodes are the users who participated in the protest and the edges are drawn from each
followers lists. We have included all the participants in our calculations.

The nodes’ in degree indicates howmany people follow a certain user, or the equivalent, how many people received the
user’s messages. On the other hand, the out degree means the number of people that a certain user follows, which indicates
from howmany people it has received messages. Both in and out degrees follow power law distributions as shown in Fig. 3.
In terms of the in degree, the distribution indicates that over 50% of the users are followed by less than 15 users, while
just 1% of the users have over 1000 followers and around 0.01% of the users have over 20,000 followers. For the out degree
distribution, we found that over 50% of the users follow less than 40 users, while 1% of the participants follow over 600 users
and 0.01% follow over 9,500 users. This distribution presents an exponent within the expected range for human actions, as
it has been stated by Newman in Ref. [17].

As can be seen in Table 1, themean distance between nodes in this network is dF = 2.2. This value indicates the presence
of the small world effect [18], which was first reported by Stanley Milgram in his famous experiment where he detected
that on average two randomly chosen people could be linked through 6 hops (intermediary persons) from each other [19].
Previous studies performed on the Twitter global follower graph, state that themean distance between users is to be 4.12 [4].
This fact is usually related to the presence of users that act like hubs, concentrating a large quantity of incoming and outgoing
links. However, our results are lower than the previously reported values, due to the special characteristics of the event and
its participants. For example, the protest convoker, which is a TV station, is followed by over 52% of the participants, linking
half of the total population.
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Fig. 3. In (top) and out (bottom) degree cumulative distributions of the followers network.

Fig. 4. In and out degrees correlation of the followers network.

Table 1
Followers and retransmission network parameters.

Network Nodes Edges Mean distance Density

Followers 77,706 5,761,331 2.22 1.42E−3
Retransmissions 54,423 231,485 3.40 1.25E−4

Based on the degrees correlation shown in Fig. 4, we found that user profiles are highly heterogeneous and that the
network is very asymmetrical. It is remarkable that there are some users, corresponding to the scattered points located
below the dotted diagonal, that are widely followed but do not followmany people. At the same time we found other users,
who are more reciprocal and stay near the dotted diagonal, specially after Kin > 1000 followers, where practically any users
are found above the diagonal. Finally there are some users, corresponding to the region densely located above the diagonal,
who follow more people than those following them. These users represent the majority of the participants.

The second network is built according to who retransmits whose messages. It is a network that emerges from the users’
interactions. The nodes are users that retransmitted messages to its own followers, as well as users whose messages were
retransmitted. This network indicates the effective links throughwhich the information actually flows inside the active social
substratum. In principle it might seem to be a subgraph of the follower networks, but it is not so, since on Twitter people
are able to retransmit any message, no matter if it does not hold any type of relation with the source user. The resulting
network is also a directed graph, where edges are weighted according to the number of times a user retweeted the source
user. In total, by December 19, 2010, the graph is compounded by 54,423 nodes and 231,485 links. The difference between
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Fig. 5. In (top) and out (bottom) strength cumulative distributions of the retransmission network. The solid line is the fit to an exponentially truncated
power law P(Sout > S∗

out ) ∝ S−β
out e−Sout /c , where β = 0.89 ± 1.7 × 10−3 and c = 61 ± 1.15.

the amount of nodes found in the followers graph, shows that 30% of the users behavemuchmore passively than the others.
Furthermore, we found that 75% of the participants were not retweeted at all.

In the retransmissions network, we have analyzed the strength function for each user. The in strength value represents
the number of times a user has been retweeted. Its distribution follows a power law, as shown at the top of Fig. 5. Such
a distribution indicates the presence of highly connected hubs, which explains why the mean distance between nodes is
dR = 3.4, which is also a very low value. On the other hand, the out strength shows the number of times a single user has
retransmitted. Its distribution can be fitted better to an exponentially truncated power law distribution, as shown at the
bottom of Fig. 5. The truncation value, near 500, is related to the limitation for human actions as stated in the Dumbar
number theory [20]. This theory states that people are only able to maintain tie relationships with less than 200 people. The
reason for which we found a higher value relies on the fact that a retweet does not imply strictly a mutual relation between
people. In fact, it is an individual choice that has a very low cost in money, time and personal energy, which makes it easy
to happen.

The difference between the in and out strength distributions, is related to the way that we have designed the network.
While the out strength is due to one person’s activity, the in strength distribution is due to the aggregation of several
individual efforts. Such aggregation is responsible for the emergence of extreme cases and a higher complexity level in
the final distribution. From the in strength distribution, shown at the top of Fig. 5, it can be noticed that over 60% of the
users that participated in the retransmission process gained less that 3 retransmissions, while 1% gained more than 150
retransmissions, and only 0.01% gained over 5000 retransmission. Analogously, for the out strength distribution, we found
that over 60% of the users who retransmitted messages, did it over less than 3 messages, while 1% of them retweeted over
60 messages, and less than 0.01% retransmitted more than 300 messages.

We also calculated the edge’s weight distribution and found that it follows a power law as shown in Fig. 6. The edge’s
weight represents the number of times that a single user retweeted another user. The figure shows that only 10% of the
edges present a weight higher than 2. However, we found that near 0.001% of the edges have a weight higher than 80. This
indicates that the majority of users retweeted other users individually only a couple of times, yet a small fraction of them
maintained a closer tie with other users, in the sense that they retweeted their messages close to 100 times. On the other
hand, the retransmission network also presents the same asymmetries found in the followers network. For example the 10
most retransmitted users caused more than 20% of all retransmissions, writing less than 0.4% of all messages.

It is remarkable that the retransmissions network is much less dense than the followers network as stated in Table 1.
This indicates that inside the contacts web there is a finer structure where the information actually travels. The reason for
this result is that retransmitting implies an active behavior, instead of the passivity of the following relation. This shows
how users are more selective when it comes to take some action.

4. Analysis of user behavior

So far, we have discussed that people’s profiles are very heterogeneous according to the audience and source sizes,
retransmission levels and amount of messages posted, whereas they are original or retransmitted from others. In Fig. 7
we present the in strength, Sin, of the retransmissions network as a function of the relation between the in and out degrees,
Kin/Kout , of the followers network. The users are represented by points colored by the users’ activity or amount of messages
posted. It is important to clear out that the users that appear in this plot were retransmitted at least once. These users
represent 25% of the participants, as said in Section 3.
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Fig. 6. Edge’s weight cumulative distribution of the retransmission network.

Fig. 7. Retransmission in strength versus the ratio of followers in and out degrees. Color is related to the user activity. (For interpretation of the references
to colour in this figure legend, the reader is referred to the web version of this article.)

This presentation let us separate the popular accounts, where Kin/Kout > 1, from the non popular accounts, where
Kin/Kout < 1, and the reciprocal users, where Kin/Kout ∼ 1. It can be noticed that the popular accounts may get a high value
of retransmissions while having low activity. Meanwhile, the reciprocal users also get the same amount of retransmissions
compared to the popular accounts, but they must employ muchmore activity. Yet if a popular account increases its activity,
the retransmission level boosts nonlinearly, like themost retransmitted user that gainedmore than 10,000 retransmissions.

This result let us classify users into three categories: Information producers, active consumers and passive consumers.
The information producers are the widely followed users who gain an enormous amount of retransmissions, whereas they
have low activity. These users do not tend to follow a lot of people, nor retransmit many messages. We found that these
accounts belong to traditional mass media agents like TV, journalists, politicians and celebrities. On the other hand active
consumers are users with high reciprocity in relations. They tend to gain as much audience and retransmission rate, as the
amount of activity employed. They are key in the information diffusion process, because they boost the content and serve as
the propagators of the information producers. At last, passive consumers are the largest group of users who practically does
not participate in the propagation process. They consumemore information thanwhat they produce. They are characterized
for having low activity rate, not retransmitting many messages and receiving messages from many more people than their
audiences.

5. Mesoscale communities

In order to get more insight in the structure and behavior of the Twitter users during the protest, we have calculated the
mesoscale structure for both networks. It has been shown that complex networks from social and biological phenomena
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Fig. 8. Community structure for the follower graph. Circles represent communities of users and their size is proportional to the amount of users that
belong to the community. Edges represent the inter-community links, either followers (Left) or retransmissions (Right), and their width is proportional to
the amount of edges, normalized by the size of the outgoing community.

Table 2
Main collectives around which each follower community is formed.

Community Collective

0 Comedy accounts
1 Show business celebrities
2 Opposition media
3 Opposition politicians
4 International media
5 Government favorable politicians and media

usually present nodes which are more densely connected between them than with the rest of the network [21]. In this
section we describe the communities detected in our networks based on the algorithm described in Ref. [22]. We chose this
algorithm based on the modularity optimization, due to its capacity to reveal mesoscale structure in large graphs with good
computing performance.

On the follower graph, we found six main communities that grouped over 98% of the population. We identified the most
followed users at each community in order to understand the reasons for which people have grouped. We found that these
structures are formed by users around central accounts that belong to similar collectives. Specifically,we found communities
around opposition media and journalists, opposition politicians, entertainment celebrities, international media, comedy
accounts and government favorable politicians, as described in Table 2.

This structure is shown on the left side of Fig. 8. Each node represents a different community and its size is proportional to
the amount of users that compounds them.We found that the largest communities are formed around the comedy accounts
(0), celebrities (1), opposition media and journalists (2) and opposition politicians (3). Meanwhile, the smallest ones are
formed around international media (4) and government favorable users (5). The edges shown in Fig. 8 represent the inter-
community links, and indicates the existence of userswho follow or are followed by users fromother communities. The edge
width is proportional to the amount of individual inter-community links, normalized by the size of the outgoing community.
As it has been pointed out in Section 2, messages go from the source to its followers. Thus the information flows in the
opposite sense of the edges.

It can be noticed that there is a tie relation between the communities formed around the opposition media, opposition
politicians, celebrities and comedy accounts. These collectives seem to have dominated the protest. Specially the opposition
media community, group 2 in Fig. 8, which concentrates the most amount of users and incoming links. Therefore their
messages arewidely received throughout the network. Group 3 is certainly smaller than other groups, which is a remarkable
fact because it concentrates much of the opposition politicians and the event consisted of an opposition political protest.
However, this group is strongly related with other communities and, even though they present a large amount of outgoing
links, their messages are also quite spread. In contrast, group 5, which represents the government favorable accounts, seems
to follow a lot of outside users, yet only a little fraction of the participants seem to follow them. This means that most of
their messages mainly remain inside their community and are hardly read by the rest of the network. Nevertheless, for
all communities we found the same user behavior. In the sense that all of them are formed around popular accounts that
belong to traditional mass media agents, no matter if they are opposition or government favorable, or even non Venezuelan
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Fig. 9. Community structure for the retransmission graph. Nodes represent communities and edges represent the inter-community links. The nodes’ size
are proportional to the number of people that compound the community and the edge widths are proportional to the number of inter-community links
normalized by the size of the community.

users like group 4. On the right side of Fig. 8 we also show how the followers communities retransmit messages from other
communities. This behavior has been pointed by Przemyslaw et al. [11] who demonstrated that retweets transcend the
friends communities and serve as bridges for messages to spread throughout the network.

On the other hand, we also calculated the community structure for the retransmission graph. In this case we found 34
main communities containing more than 96% of the population. This network showed a completely different mesoscale
structure as can be observed in Fig. 9. However, a similar user behavior as the follower network has been detected. Each
of these communities contains at its core at least one popular account, like the information producers described above,
which is highly followed and retransmitted. In Table 3 we present some information about these popular accounts, like
their nicknames and profession. Once again we found communities formed around traditional mass media agents, such as
TV Stations, newspapers, journalists and politicians, as well as humorists, civilian activists, student leaders, community
managers and micro-bloggers. This result indicates that people behave selectively when retransmitting messages in
comparison to just receiving them.

Once again the nodes represent the communities detected and the sizes are proportional to the amount of users
compounding each of them. The edges represent the inter-community links, and its width is proportional to the amount of
inter-communities links found, normalized by the size of the outgoing community. These links exist due to the fact that some
users retransmitted messages from another community. It can be noticed that communities are also asymmetrical when
referring to inter-community retransmissions, and also present different profiles. For example, the community number
four, which is formed around the Venezuelan micro-blogger @cualrevolucion and Cuban blogger @yoanisanchez, is highly
retransmitted by all other communities, while it hardly retransmitted other communities.

6. Conclusions

We studied the Venezuelan protest #SOSInternetVE, which took place exclusively on Twitter. We have analyzed
the structure and behavior of the participant users based on their information exchange interactions. For this we have
constructed two networks to represent the social substratum, where information may flow, and the information diffusion
graph, where messages actually travel. Most of the degree distributions in both networks follow power laws and the mean
distances between nodes resulted to be very small.
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Table 3
Most retransmitted account at each retransmission community.

Community Popular account Collective

0 @nelsonbocaranda Journalist
1 @rctv_contigo TV Station
2 @elnacionalweb Newspaper
3 @indiferencia Community manager
4 @cualrevolucion, @yoanisanchez Micro-bloggers
5 @ucabistas Student leaders
6 @erikadlv Journalist
7 @vvperiodistas TV Station
8 @kikobautista Journalist
9 @edoilustrado Political comics

10 @globovision TV Station
11 @palabrasdecersar Humorist Micro-blogger
12 @rmh1947 Government favorable activist
13 @leopoldolopez Politician
14 @carlossicilia Humorist
15 @alberto_ravell Journalist
16 @gabycastellanos Community manager
17 @ecualink Ecuadorian magazine
18 @leonardo_padron Writer
19 @EUTrafico Newspaper
20 @2010misterchip Sports journalist
21 @simplescomillas Micro-blogger
22 @ledvarela Micro-blogger
23 @oscar_azacon Journalist
24 @josbarrios Micro-blogger
25 @soymalandro Humorist Micro-blogger
26 @mueveteahoracom Chilean radio station
27 @jossolavarria Micro-blogger
28 @randompiece Micro-blogger
29 @unoticias Newspaper
30 @manuelrosales Politician
31 @blackberryvzla Smart phone brand
32 @usemistas Student leaders
33 @jorgeramosnews International Journalist

Then, based on the network structure, we identified three types of user behavior that determine the dynamics of the
information flow: Information Producers, Active Consumers and Passive Consumers. We found some users that cause a lot
of activity inside the network, posting a small amount of messages, while others must post lots of messages in order to get
retransmitted. We also found a big fraction of very passive users who do not retransmit or get retransmitted at all.

We also carried out a community analysis to describe the mesoscale structure of the networks. We found that people are
organized around different collectives. The most central users who conform each of these collectives are very popular and
usually they also generate smaller retransmission communities emergent from the propagation dynamic. This shows that
people are more selective when it comes to take an active part in the conversation.

Finally, we conclude that although the online socialmedia seems to be a pure social phenomena, traditionalmedia agents
still enjoy a lot of power and influence over people, who they use to boost and enhance their messages.
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