Structural Evolution of Information based
Online Social Networked Systems

Information based online social networked systems like Twitter are reshaping the flow of in-
The functionality of these systems is essentially different from
friendship based networks like Facebook. We plan to investigate the structural evolution of
information based social networked systems. To this end, we will gather data from Twitter
and extract the topological features of the graph. Based on our findings, we will develop a
model to identify the main mechanisms responsible for emergence of the observed topological
features. The comparison of the topological evolution of information based networks and friend-
ship based networks is expected to yield insights in the relationship between functionality and

formation in today's world.
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the mechanisms underlying the evolution of the respective system.

Data from Twitter network
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Our data collection strategy is to use multi-
ple agents to query a portion of Twitter social
network.

Initially, an agent queries Twitter for users
that satisfy a preset filter (i.e. Region, Trends,
tweeting patterns).

Then numerous (10-20) agents download
asynchronously the followings and followers
list of these users. The throughput of our ap-
proach is estimated to reach million users per
day.

Querying the followers/followings list of the
same users daily, will give significant insights
of the evolution of Twitter's Social Network.
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Fig. 2: Each node here is a user. Two users are

connected if they share a common URL.

Fig. 2 shows the leading components of the
one-mode projection of the bipartite networks
of Twitter users and posted URLs where nodes
are only connected if they both posted a
unique URL, which means it was posted by
one else in the dataset.

The complete network consists of 3779 nodes
from which 336 form the largest connected
component.

We notice that although most of users belong
to small (<5 nodes) subclusters (not shown in
the graph), there is a big cluster of connected
users that resembles a following/follower vi-
sualization.

Connection preferences

The idea that nodes optimize popularity and

similarity of their connections [3]| has proven
‘?iﬁ?fg to be successful to understand the topological
\ features of many real world complex networks.
However, this optimization requires that each
node is aware of the properties of each con-
nection candidate.
It the network is used primarily to obtain in-
formation, the information about the proper-
ties of the nodes will be transmitted on the
network itself. The dynamics of information
propagation (see next block) then allows indi-
viduals to obtain knowledge about the proper-
ties of other nodes. The previous optimization
then can be generalized to the case of limited
knowledge which acts as a constraint on the
pool of potential connection candidates.

k\\L\ \\ \
18 \ / \\\ \\\ / \ R
Nodes irya ce{tair;‘ ra\nge\\ / \
of age gr expected degree 7%

744
/" \
/o \
L AN X
N\ AN
\ \\
\ -

‘f //// \

s

— 5
| Connectivity perimeter

of the new node

6,

New node

Fig. 5: Popularity versus Similarity in Growing

Networks. Image taken from [3].

Fig. 3: Each node is a URL. The size of the node is
proportional to the number of users that have posted
this URL. Two URLs A,B are connected if the group of
people that posted the URL A and the group of people
that posted the URL B share the same elements with

a factor of 50% or more. This indicates that the two

URLs are semantically related.

Visualization of Twitter data can reveal in-
teresting structures and provide indication of
abnormal social behaviors. In Fig. 3 we plot
URLs as nodes. Two URLs are connected iff
the groups of people that posted them is sim-
tar.

The cluster of URLs in the center of the graph
reveals a set of different URLs that have been
posted by the same group of people.

The size of the cluster is unexpectedly high
given the rest of URLs in the graph. Indeed
a closer inspection of these URLs proved that
they belong to the Get More Followers cam-
paigns. This is a special class of spam that
lure users to give access to their accounts for
the benefit of acquiring more followers.
Similar visualizations can reveal not only sus-
picious activities but interesting social pat-
terns as well.

Propagation dynamics
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Fig. 6: Dynamics of information propagation.

The propagation of information emitted from one node is shown in Fig. 6. Depending on the
topological distance from the emitting node, the probability of obtaining the message reduces.
Interestingly, nodes can reversely follow the path of the information to obtain additional knowl-
edge about the sender.
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Modeling framework

The modeling of such system naturally leads to the inclusion of memory effects. The individuals
have to remember which nodes they are aware of and what their properties are. It could be
convenient to model such system by including an additional layer, which we denote “meta layer”,
where directed weighted links represent the level of knowledge nodes have about each other.

See Fig. 7.

A: Network structure B: Dynamics and knowledge

Fig. 7: Modeling of network awareness as additional meta layer.

Connectivity structure of directed networks
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Fig. 4: Connectivity structure of directed networks.

Figure taken from [1].

The connectivity structure of directed net-
works exhibits a ‘'bow tie" structure |[2]
Namely there are four main components: (1)
a main core (popular/easily visited pages), (2)
new pages linking to the core but not reach-
able (3) an ‘out’ cluster reached from core
but not linking to it and (4) other 'tendrils’
and 'tubes’, connected only to in or out parts.
Whether Twitter’s users structure resembles a
similar model is an open question.
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We are planning to address the following questions:

1. How is the structural evolution of the Twitter network? How does the connectivity structure

evolve?

2. Which are the underlying mechanisms for the topological evolution of information based social

networked systems?

3. What are the main differences to friendship based networks [4]?
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