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Abstract — Online Social Network platforms(e.g.
Facebook, LinkedIn, Flickr, Instant Messenger etc) provide a
deeper comprehension of social networks and hence render
the basis for social network analysis. The huge amount of
data from these sites  has given a boost to the researchers
who examine a network from different perspectives through
various SNA methods. The development of network analysis
tools have further helped to extract actionable patterns which
are useful for business, consumers, and users. This study is a
part of the growing body of research on Social Network
Analysis and make use of a Facebook network to analyze the
attributes of high degree nodes (users having greater number
of friends) and to uncover the hidden relationships of that
network. Results show that there is little association among
high degree nodes.
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I. INTRODUCTION

Social institutions, groups or individuals form a social
network. Analysis of  these networks gives us a perspective
on how the society functions[1]. Online Social Networks
(OSNs) represent the best approach currently available to
study social interactions among individuals as a proxy for
the real world society. They provide an almost unlimited
source of information at a scale that only a decade ago was
hardly conceivable[2]. According to the Facebook
estimation there are 1.11 billion active users who use this
site every month. An average user on Facebook has 130
friends and people spend over 700 billion minutes per
month on the site [3]. So, Facebook serves as a good
medium to study social interactions among individuals or
groups. Moreover, this wide application of Social Network
Analysis has led to the development of various tools like
Pajek , Gephi, igraph , Networkx  etc. These SNA tools are
very useful not only to analyze a social network
theoretically but also to represent it graphically [4]

In our analysis we have used a Facebook social graph to
study a network formed by high degree nodes. These high
degree nodes are the users who have  more number of
friends. These denote the  people who are sociable and/or
popular. We study the features of a network comprising
these popular actors. In general, it focuses on how the
popular and sociable people are connected to each other
and how much do they contribute to that network. It
identifies the ties, information flow and cohesion of such a
network.

Network analysis uses primarily one kind of graphic
display that consists of points (or nodes) to represent
actors and lines (or edges) to represent ties or relations.
With this representation, it is easier to follow the paths that
information (or basically anything) follows in social
networks and it helps to explore ways to improve the
effectiveness of the network. This study aims to explore
the following concepts:

 Identify the high degree nodes (popular actors)  in the
Facebook  network

 Measurement and analysis of the network of high
degree nodes.

 Behaviour of high degree nodes in the Facebook
network

II. RELATED WORK

Previous approaches to understand the complexities of
social networks include:  Identifying user behavior in
Online Social Networks which proposed a methodology
for characterizing and identifying user behaviors in online
social networks by crawling data through YouTube and
using clustering algorithms[5].Another notable study is
Social Network Analysis and Mining for Business
Applications[6] discussing the key problems and
techniques in social network analysis and mining from the
perspective of business applications. The Link-Prediction
Problem for Social Networks [7] gives Information about
new interactions among members of a social network in
future.

Apart from this, there is a large body of work on
algorithms for social network analysis. An example is An
Algorithmic Approach to Social Networks. A comparative
study of social network analysis tools [4] was also made
which compared some of the tools which implement
algorithms dedicated to social network analysis.

Work like "Crawling Facebook for Social Network
Analysis purpose" [8] describes the connection between
users of a Facebook network through two different
sampling techniques Binary First Search(BFS) and
Uniform(UNI).Concepts of graph theory have been used.
Minas Gjoka in his work Walking in Facebook:A Case
Study of Unbiased Sampling of OSNs [9] describes how
the Metropolis-Hasting random walk (MHRW) and a re-
weighted random walk (RWRW) techniques are better to
obtain an unbiased sample by crawling a Facebook social
subgraph. Important properties of Facebook are also
described in this work.

III. FACEBOOK NETWORK ANALYSIS

This work consists of two phases. First, a subgraph
consisting of high-degree nodes (i.e. users having large
number of friends) was obtained from a Facebook social
graph. Secondly, the attributes of these high degree nodes
were analyzed using the Social Network Analysis tool
called GEPHI.

We started our work with a dataset collected in April of
2009 through data scraping from Facebook [9] [10].
This dataset consisted of two files
 mhrw-socialgraph-anonymized (1.4GB)
 mhrw-nodeproperties-anonymized (17MB)
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MHRW - A sample of 957K unique users obtained
Facebook-wide by 28 independent Metropolis-Hastings
random walks

The first file contains for each sampled userID, the
number of times the user was sampled and the userIDs of
his/her friends.
<uid><#times sampled><friend_uid_1><friend_uid_2>
…<friend_uid_j>

The second file contains additional node properties for
each sampled user. For each sampled userID we have the
number of times sampled, the total number of friends, the
privacy settings and network membership.
<uid><#times sampled><#total friends><privacy settings>
<networkID(s)>

The sub graph was obtained from this dataset through
file handling techniques: First of all, the total number of
friends, corresponding to each user id was observed from
the second file. Accordingly, a threshold of 850 was set up
on the parameter “total friends” and the user ids having
more friends than this limiting value were identified.
These high-degree nodes (ids) were the primary concern
of our study.

Once the high degree nodes were identified, the first file
which is actually the Facebook social graph (consisting of
user ids and ids of their friends) was truncated to retain the
high degree nodes obtained above and all other nodes(ids)
were removed. So, the resulting subgraph was an
undirected graph (because friendship is) consisting of only
high degree nodes. The attributes of these high degree
nodes and the relationship between them were analyzed
using a SNA tool called GEPHI. After a small description
of this tool, we will come to our results and findings in
section IV.

IV. VISUALIZATION

Gephi is an open source software for graph and network
analysis. It uses a 3D render engine to display large
networks in real-time and to speed up the exploration. A
flexible and multi-task architecture brings new
possibilities to work with complex data sets and produce
valuable visual results. Its primary feature is to provide
useful and efficient network visualization and exploration
techniques. It provides easy and broad access to network
data and allows for spatializing, filtering, navigating,
manipulating and clustering. It provides built in clustering
algorithms to aggregate networks. It supports highly
configurable layout algorithms like Force Atlas algorithm.
Speed, gravity, repulsion, auto-stabilize, inertia or size-
adjust are the main features of this algorithm.

Force Atlas makes the connected nodes attracted to each
other and pushes unconnected nodes apart to create
clusters of connections. This SNA tool provides Ranking
and partition data that makes the network meaningful.
Dynamic filtering is also carried out to select nodes and
edges based on network’s structure [11] [12]. Gephi can
import following standard graph file formats: GEXF,
GDF, GML, GraphML, PajekNET, GraphViz DOT, CSV,
etc.

In our study the final subgraph file was converted to
CSV format and imported to GEPHI tool for obtaining
various patterns and parameters related to the high degree
nodes. The subgraph file containing about 8344 users
(nodes) was imported to GEPHI tool in the CSV format.
The network as depicted in the figure 1 is obtained.

Fig.1. A graph containing 8344 nodes and 8047 edges

V. RESULTS

In this section, following standard Social network
Analysis metrics have been evaluated and discussed for
the Facebook sub-graph.
A. Average Degree

The degree distribution of the nodes of the sub-graph is
shown in figure 2.  Average degree of the sub-graph is
1.929. The highest degree of any node is 23 and there is 1
such node. The graph density is almost 0. It is clear from
the figure that there is little relationship between these
high-degree nodes. 2243(26.88%) nodes are not connected
to any other node and 2215 (26.55%) nodes are connected
to just one node. Degree distribution conforms to zipf’s
power law as the number of nodes having smaller degrees
(0 to 4) is large and number of nodes having larger degrees
(10 to 23) is very small.

Fig.2. Degree distribution of the nodes of sub-graph
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B. Connected Components
The number of connected components obtained is equal

to 2823.  2243 nodes are not connected to any nodes. The
largest component contains 4314(51.7 %) nodes and 6715
( 83.45 %) edges. Fig. 3(a) shows the clusters formed by
the connected components while the disconnected
components of subgraph are pulled apart by Force Atlas
algorithm implemented in Gephi. Fig 3(b) shows the giant
component  of subgraph obtained by filtering it.

Fig.3. (a) Connected components of subgraph forming
clusters

Fig.3. (b) Largest component of subgraph containing 4314
nodes and 6715 edges

C. Network Diameter
The diameter of the largest component is 39 nodes.

Total number of shortest paths in this component is
18606282 and average path length is 13.451. The
closeness centrality distribution and eccentricity
distribution of the largest component of the sub-graph are
shown in Fig. 4 and Fig. 5 respectively. The mean length
of all shortest paths from that node to all other nodes in the
largest component is between 9 and 26. Average degree of
the nodes of this largest component is 3.113. It means that
most of the nodes are not in direct communication with
other nodes. Eccentricity values show that all the nodes in
the largest component are at least 20 hops apart from the
farthest node. The average eccentricity value for all nodes
is around 30, close to the diameter of this component (39).
It also shows that nodes are not much inter-related.

Fig.4. Closeness Centrality distribution of the nodes

Fig.5. Eccentricity distribution of the nodes

D.  Modularity
Fig. 5 shows the size distribution of modularity classes

of the sub-graph leaving all the disconnected nodes. Gephi
uses Blondel [13] algorithm to find the communities in a
social sub-graph. There are total 2863 communities and
modularity is 0.931. This low value of modularity implies
less cohesion among identified communities. Fig. 6 shows
different modularity classes with different colours. Also,
the size of nodes in figure is proportional to their degree.

Fig.6. Communities in the subgraph represented by
different colours
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Fig.7. (a) Size distribution of communities in network
leaving all disconnected nodes

The largest component consists of 46 communities and
modularity of this component is 0.911

Fig.7. (b) Size distribution of communities in the largest
component of network

E. Average Clustering Coefficient
Average clustering coefficient of the sub-graph is 0.22,
which is shown in Figure 8. This low value means that
there is less clustering among the nodes of this sub-graph.
This, in turn, implies the low friendship relations among
the high- degree nodes.

Fig.8. Clustering Coefficient Distribution

VI. CONCLUSION

In this preliminary work, we find that there are little direct
friendship relations among these high-degree nodes. Most
of these nodes are not connected to other high-degree
nodes. Though their friendship relations are very high in
the Facebook graph, but relationship among them is less.

Gephi has memory limitations and it is less efficient in
the matter of allowed vertices. More number of high-
degree nodes can be considered by lowering the threshold
on the number of friends of a node. A future analysis can
be done in an incremental way i.e. the Facebook social
graph can be subdivided into different parts and results can
be obtained by combining the analysis done on separate
parts. To speed up computation, analysis can be done on
parallel processors. Moreover, development of new SNA
tools is required which are efficient both in terms of
memory as well usage.
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