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ABSTRACT
Most of research in the domain of Social Network Analysis is
conduced using a static version of the network. Evolutionary
social networks, however, exhibits a number of properties
that only possible to determine by looking to several snap-
shots network. These properties include node interactions
through time, community formation, information dissemi-
nation, among others.

In this work we present a exploratory study on the Twitter
network with emphasis on its dynamic aspects. We have
defined operators to be applied in the evolving networks in
order to get insights on questions like: How are the pat-
terns of the information being published? Is there a corre-
spondence between the community structure and the subject
of the published topics? How does information propagates
through the network?

Categories and Subject Descriptors
D.2.8 [Database Management]: Database Applications—
Data mining ; H.3.3 [Information Storage and Retrieval]:
Information Search and Retrieval—Information Filtering ;
J.4 [Computer Applications]: Social and Behavioral Sci-
ences—Economics

General Terms
Algorithms, Experimentation

Keywords
Community, Evolution, Information Spreading

1. INTRODUCTION
Social Network Analysis (SNA) is a multidisciplinary re-
search field that provide methods for understanding the struc-
ture and behavior of interconnected systems where entities
are represented as nodes and their relationships represented
as ties or edges. Many nature phenomena features a Social
Network structure which explains why SNA has applications

in several domains such as HIV-prevention strategies [1]; an-
alyzing protein interaction networks [14], evaluating the ef-
fectiveness of organizational roles [11], patterns of learning
in collaborative systems [13].

Most real networks typically contain parts in which the nodes
(units) are more highly connected to each other than to the
rest of the network. The sets of such nodes are usually called
clusters, communities, cohesive groups or modules. Those
networks are often dynamic1 in the sense that nodes joins
or leave communities, new interactions are created, infor-
mation flows through connected peers, among many others
events. Such behavior has been receiving some attention
recently [4] [15] [6] [8].

In this work we present a exploratory study on the Twitter
network with emphasis on its dynamic aspects. We would
like to get insights about questions like: How are the pat-
terns of the information being published? Is there a corre-
spondence between the community structure and the sub-
ject of the published topics? How does information prop-
agates through the network? To answer such questions we
defined SNA operators and techniques described throughout
this study.

The work is organized as follows: Section 2 briefly overviews
the related work on the analysis of evolving communities
and introduces the indexes for evolving communities used
in the experiment; Section 3 presents a case study on the
Twitter network; and Section 4 discusses the key findings of
the experiment followed by the conclusions and future work.

2. ANALYSIS OF EVOLVING COMMUNI-
TIES

Most of research in the domain of Social Network Analysis
is conduced using a static version of the network. Evolution-
ary social networks, however, exhibits a number of proper-
ties that only possible to determine by looking to several
snapshots network. The basic events that may occur in a
network throughout the time are a node joins the network;
a node links to someone; a node can join in a community;
communities can form or dissipate, a community can grow
or contract; groups may merge or split. All the events re-
lated to the behavior of the community dynamically over
time characterizes what we call “Evolving Community”. A

1We may refer to a changing network as “evolving”, “dy-
namic” network.



clustering algorithm works by producing a sequence of clus-
terings, one for each snapshot and measuring for compar-
ing those clusters [4]. There are basically two approaches
of clustering: clustering of evolving communities and incre-
mental clustering. The last is incrementally updated as new
data arrive. In evolutionary clustering, however, the focus is
upon optimizing a new quality measure which incorporates
deviation from history.

Researchers are beginning to uncover the potential of the
analysis of time-evolving networks recently. [4] proposes
an evolutionary clustering framework using modifications of
classic clustering algorithms to incorporate time features. In
[15] authors define a generative model for network evolution
which captures the power law distribution, network densi-
fication and shrinking diameter providing insights into the
evolution of networks with both social and affiliation links.

In our experiment we used data fetched systematically dur-
ing two weeks from the Twitter social network. In particu-
lar, we wanted to investigate the following questions:

• How is the network changing?

• Is there a correspondence between structural and func-
tional communities?

• How is the information spreading through the net-
work?

• Who are the most influential people of the network?

2.1 Indexes for Evolving Communities
We next define two indexes which provide us insights about
the above mentioned questions. They are applied taking
into account the sequence of snapshots of the network.

2.1.1 Influence Index
We define influence in this case as being the ability of a per-
son propagate their information to other peers. It works
works by relating the people who has published a tweet
about something with the probability of their followers do-
ing the same at subsequent time intervals (including or not
the “ReTweets”).

2.1.2 Geographical Connectivity Index
The geographical connectivity index is given by sum of all
edges of the minimum spanning tree where nodes are ge-
ographically located points. This index reveals how con-
nected is the network, with higher values of it meaning a
sparse network, dense network otherwise.

3. ANALYSIS OF THE TWITTER NETWORK
Twitter is a social networking site focused on the publica-
tion of short messages that enables its users to send and
read each others’ updates, known as tweets. Tweets are
text-based posts of up to 140 characters, displayed on the
author’s profile page and delivered to other users - known as
followers - who have subscribed to them. The Twitter net-
work has actually over 75 million users and 21 million daily
visitors. We have chosen it as the sample for our experiment
due to its intense activity.

3.1 Fetching and Preparing Data
The Twitter Application Programming Interface (API) was
used in order to request trending topics, tweets data, and
user information. The data collection was authorized by
Twitter and we are able to make up to 20,000 requests per
hour. We have crawled information using an ego-centric
multi-focal approach - each node which was added to the
sample was connected to at least other node. This avoids
having single nodes, i.e., nodes not connected with anyone
and, because its focal nodes were assigned randomly, we have
a better picture of the whole network.

Concerning location fields, Twitter allows users to optionally
tell their location from a simple text field. That leads to a
very unstructured format containing sometimes invalid data
(e.g. “Planet Earth”); location at different levels of granu-
larity (“latitude and longitude” to “539 Bryant Street, San
Francisco”); and multilingual text (e.g. “Brazil”, “Brasil”,
“Brésil”). We used the Google Maps API for batch geocod-
ing the location due to its capacity of translating text into
coordinates. Users without an valid location data are auto-
matically discarded by the API. We retrieved the geograph-
ical coordinates and as such, location is represented as a
point on the map. In the future we plan to use Gmap gen-
erator and ArcGis in order to get a fashioned view of the
geographical data, for example, using the shapefiles2 of ter-
ritories.

3.1.1 Data format
User Attributes

Each user entry is formatted as follows:

#ID LOCATION DATE_REGISTERED FOLLOWERS_COUNT

STATUSES_COUNT CURRENT_STATUS_TEXT

Followers Network

The network explicits the relationship between users in this
case who “follows” whom, in other words, who is subscribed
to receive status updates of whom. The network data is
formatted as follows:

FOLLOW_ID FOLLOWED_ID (e.g. 637073 18685460)

3.2 Analysis of Twitter Followers Network
In the analysis of the followers network we sought to inves-
tigate the relation between the structural groups identified
by the clustering algorithm and the social functional groups,
i.e., people who shared similar interests. Our hypothesis is
that if the nature of the content published by a group of
people is similar among them and differs from others, this
should reflect in a similar structure from the followers net-
work point of view. That means that connected people are
more susceptible to share the same interests.

While there are popular techniques for addressing the simi-
larity of a given text, for example, Content Analysis [12], we
opted to conduce a heuristic evaluation on a tag-like visual-
ization of the content published for each group. The proce-

2Shapefiles spatially describe geometries for geographic in-
formation systems



Figure 1: Three groups were clearly identified by
the algorithm

Figure 2: Group 1 tweets

dure of this experiment is divided in three steps: the commu-
nity identification, the collection of community tweets and
the analysis of their relation.

3.2.1 Community Identification
A community detection algorithm was applied in the Twit-
ter network dataset in order to identify densely connected
groups. In our experiment, we have applied a centrality al-
gorithm based on edge betweeness [9].It measures how many
times a node n occurs in a shortest path between any other 2
nodes in the graph and removes edges with lower value. This
algorithm yields good results in a relatively small amount of
time. Figure 1 show the groups identified in a subset of the
network containing 546 nodes. We have highlighted tree of
the groups identified for the tweets collection explained in
the next section.

3.2.2 Community Tweets
Community tweets are the set of the last 20 tweets pub-
lished by a person in a previously identified community. We
collected those tweets, eliminated the stop-words from them
and created a tag-like visualization using the Wordle3 ser-
vice. This visualization displays words from those group
tweets relatively to their occurrence (figures 2-4).

3.2.3 Analysis between Published Content and the
Followers Network

While there are many words not so “representative” of a
group (it may be because people use more twitter for telling
about the day-to-day things in their lives, for example “I
need to rest” or “I feel free”); Yet, a couple of words are

3www.wordle.com

Figure 3: Group 2 tweets

Figure 4: Group 3 tweets

really discriminant of what sort of group it refers to. For
example, group 1 should be a functional design group be-
cause the frequency of tweets related to “iCandy”, “design”,
“upa2009”, “wwdc” (both popular design conferences)(figure
2). Group 2 has “marketing”, “business”, “credit” as its most
discriminant words (figure 3). Surprisingly, group 3 is a
german-speakers group and almost all the words are dis-
criminant (figure 4). As one can see, the clusters identified
by the algorithm have a correspondence between the func-
tional groups of people, who share the same interests. We
are not stating however, that those groups offers a clear def-
inition of people’s interests. People activities and interests
are diverse and possible overlaps a single group definition.

A drawback with this approach is that an individual may be
publishing many tweets about the same subject and there-
fore biasing the visualization and analysis. A possible solu-
tion for this is the size of an word in the visualization not
be relative to word occurrence, but to the number of peo-
ple who have published tweets containing that word. The
tf/idf measure [10] can also be used to discriminate groups,
considering groups as documents.

3.3 Analysis of Twitter Trending Topics
He have systematically collected all tweets being published
about four important concurrent events at the time, be-
ing: “Air france” (the Air France plane crash in June 2009),

“Élections Européennes” , “Grippe Porcine” (swine flu) and
“Roland Garros”. The data was mined at regular intervals
of thirty minutes over two weeks starting June 1st, 2009.
The analysis of trending topics on Twitter investigated 1)
the evolution of those topics related to real-time events and
2) the geographical dissemination of those topics.

3.3.1 Topics Publishing Over Time



Figure 5: “Air france”, “Élections Européennes” ,
“Grippe Porcine” and “Roland Garros” published
topics over a week.

We graphically represented the accumulative number of top-
ics on a plotted graph as shown in figure 5. Each color
represents a topic: red - “Air france”; blue - “Roland Gar-
ros”; green - “Grippe Porcine” and yellow - “Élections Eu-
ropéennes” (both at the bottom).

One can notice sudden increases on the number of topics
followed by a stabilization over time. Those increases re-
veal facts within the events that attracted the peoples’ at-
tention and thereafter became popular. The related ma-
jor facts concerning “Air france” resulting in a increasing of
tweets were: (06/06 20:00 CEST) The first bodies of the
Air France plane crash were found in Atlantic (figure 5-1);
(07/06 16:00 CEST) More bodies were found, debris photos
published (figure 5-2). (07/06) Roland Garros finals (figure
5-3). It is also noteworthy that those tweets are related to
announcements and reveal the underlying herd behavior of
the crowds.

3.3.2 Geographical Analysis of Trending Topics
We have analyzed the spreading of tweets geographically
using the trending topics collected previously (figures 6-9).
We used the same operator described in section 2.1.2 - which
is the sum of the MST in the first snapshot over the MST
in the last one - to illustrate how connected is a trending
topic. In other words, if a trending topic becomes widely
spread geographically it has a lower value of the geographical
connectivity and vice-versa.

The “Air France” trending topic occurred most all over the
world while the “Roland Garros” trending topic was mostly
concentrated in France, as the tennis event is hosted there.
What is important to notice here is the spreading of the
trending topics. As expected, in general a trending topic
starts in large cities and then progresses to less demograph-
ically dense areas in both cases.

3.3.3 Most Influential People on Twitter
We have applied the operator described in section 2.1.1 to
rank the top 10 influential people on Twitter. The opera-
tor works by relating the people who has published a tweet
about something with the probability of their followers do-
ing the same at subsequent time intervals. Using the “Air

Figure 6: A world map displaying the published in-
formation in June 1st about “Air france”.

Figure 7: A world map displaying the published in-
formation about “Air france” a week later.

Figure 8: A world map displaying the published in-
formation in June 1st about “Roland Garros”.

Figure 9: A world map displaying the published in-
formation about “Roland Garros” a week later.



Table 1: 10 most influential people on “Air France” on Twitter.
User Followers count Tweets count Location

metheoro 792 14,647 SAO PAULO, BR
AHN Breaking News 529 32,482 ??

Eduardo Santos 444 226 ??, BR
Telegraph World News 371 3,909 LONDON, UK

Examiner Weather 61 152 DENVER, USA
Jorge Salgado 2,106 1,061 LISBON, PT

notivagos 1,584 106,936 PELOTAS, BR
Devesh Agarwal 219 1,317 MUMBAI, IN

GMTV news editor 323 836 LONDON, UK
El Nuevo Diario 227 7,289 MANAGUA, NIC

France” topic on Twitter we have got the results as shown
in Table 1.

One important thing to notice is that the operator is robust
enough to deal with variations of either followers and tweets
count. It is expected that people with a large number of fol-
lowers to have a greater influence index. As shown in Table
1., it’s not the case since the “Examine Weather” for exam-
ple, has only 61 followers and 150 tweets published so far
and it’s placed as the fifth most influential entity on Twit-
ter according to our operator. It roughly means that when
this entity publishes a new Tweet their followers, though
few, tend to publish something related. Of course, for mak-
ing such assumption it’s necessary a longitudinal approach
considering many key-words to be assessed by the operator,
which is left as an exercise for the reader.

By looking at the name of the entities on this list we have
found that many of them are representative of media pub-
lishers (in bold). It makes sense, since those entities are
often associated to reliable sources of information and there-
fore people trust and comment. This reinforces the accuracy
of the influence operator.

4. CONCLUSIONS AND FUTURE WORK
In this exploratory study we have conduced some experi-
ments on the Twitter network taking into account its evo-
lutionary properties. The experiment has demonstrated as-
pects of how people receives and propagates information.
The use of operators can reveal implicit relations on the
evolving social networks, for example, showing us that there
are some people that are more influential than others and
most of them are trustworthy media representatives. We
deduced that in general there’s a correspondence between
the structural groups on Twitter and the content of their
posts and people publish more tweets according to events
occurring in real-time.

In spite of the insights resulted from this experiment, we
are aware of its limitations. The size of the sample and
the results must be validated in a formal way. Apart the
“Air France” and “Roland Garros” which are internationally
known names, the trending topics analyzed were in French
language, thus it is expected to have more tweets coming
from francophone countries.

We plan to surpass those limitations in the next study and
extend the analysis of groups evolution over time. We intend

to see patterns of interaction intra and extra groups as well
as the movement of an individual in a network, like for ex-
ample, how a newcomer is being integrated with a group in
time and how do people plays different roles in the network
at different times. Another interesting research subject is
studying how groups propagates information. Some groups
can spread information quickly and broadly when this infor-
mation is of a common interest.
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APPENDIX
A. SOCIAL NETWORKS ANALYSIS SOFT-

WARE
There is a number of SNA tools and programming packages,
from generalists such as Matlab to specialized SNA applica-
tions like UCINET. There are two basic types of software for
SNA: software application (e.g. Pajek) and programming
language with SNA package (e.g. R and SNA package). In
the following we briefly introduces the most popular SNA
tools reviewed during our experiment. For a systematic re-
view of software packages for social network analysis see [7].

Pajek. Pajek[5] is a popular SNA software that provides
analysis tools for networks and visualization capabilities. It
provides many of the usual centrality measures, clustering
algorithms and visualizations. It can output the results to
R to calculate additional statistics.

UCINET. UCINET offers a comprehensive package of SNA
methods including centrality measures, subgroup identifica-
tion, role analysis, elementary graph theory, and permutation-
based statistical analysis.

R and SNA package. The R is a general-purpose statisti-
cal computing environment. There is a collection of R rou-
tines for social network analysis called SNA package: utili-
ties included range from hierarchical Bayesian modeling of
informant accuracy to logistic network regression. Quite a
few low-level utilities for plotting and transforming networks
are available as well, along with many of the usual central-
ity and distance measures. There is a gentle introduction
by Butts [3]. For a comprehensive Social Network Analysis
routines for R, see [2].

Figure 10: NetCluster interface.

Java Universal Graph Framework (JUNG). JUNG is
a Java API for the modeling, analysis, and visualization of
relational data. It enables customizable graph, properties,
algorithms, visualization and comprises a range o social net-
work analysis methods (e.g., clustering, decomposition, opti-
mization, random graph generation, statistical analysis, dis-
tances, flows, and centrality measures.

B. NETCLUSTER
NetCluster is a software and library build upon JUNG for
Social Network Analysis created at the Institut National
de Recherche en Informatique et Automatique - INRIA. In
its alpha version it provides the basic methods for fetching,
preparing, clustering and analyzing data from online Social
Networks. Among other utilities for social network analysis,
NetCluster has a graphical interface for evaluating cluster-
ing algorithms on social networks (figure 10). It allows you
for example, to see how different algorithms behaves when
applied to a network, compare and analyze results.

C. ANALYSIS WORKFLOW
The workflow of the analysis conduced in this work is shown
in figure 11.



Figure 11: The experiment workflow


