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ABSTRACT

In the advent of the Internet, web-mediated social net-
working has become of great influence to Filipinos. Net-
working sites such as Friendster, YouTube, FaceBook and
MySpace are among the most well known sites on the
Internet. These sites provide a wide range of services to
users from different parts of the world, such as connecting
and finding people, as well as, sharing and organizing
contents. The popularity and accessibility of these sites
enable information to be available. These allow people
to analyze and study the characteristics of the population
of online social networks. In this study, we developed a
computer program to analyze the structural dynamics of
a locally popular social networking site: The Friendster
Network. Understanding the structural dynamics of a vir-
tual community has many implications, such as finding
an improvement on the current networking system, among
others. Based on our analysis, we found out that users of
the site exhibit preferential attachment to users with high
number of friends.
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1. INTRODUCTION

Preferential attachment is a process in which a quantity is
distributed among a number of entities according to how
much the entities already have, so that those entities which
already have a lot of quantities receive more than those
which have less [11]. In Internet-mediated human networks,
such as those sites and services that are classified as social
networks, the quantity distributed in preferential attach-
ment is the number of relationship an entity has, while
the entities are the site users themselves. Understanding
the preferential attachment dynamics of Internet-mediated
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human networks has many uses. In the point of view
of computing and information technology, understanding
the structural dynamics of online social networks can help
in improving the current systems. Similarly, it can also
help in designing new applications for these systems and
in understanding the impact of online social networks on
the Internet. For instance, observing shared interest and
trust of users can lead to algorithms which could give
better results of the user’s future searches. If future dis-
tributed online social networks become more popular and
bandwidth-intensive, they can have a significant impact on
Internet traffic, just as current peer-to-peer content dis-
tribution networks do [9], allowing one to design a better
network overlay system.

Understanding the structural dynamics of social networks
can also have an impact on the social science discipline.
For instance, the information that can be gathered from
the analysis can be used to test theories derived from the
previous social studies conducted using small samples [1].
Similarly, the results of such a study could also be used in
the fields of information dissemination and mass communi-
cation. For example, politicians can use the knowledge for
online campaign while the marketing industry people can
use it for promoting products and companies. The reason
for this is that new algorithms for determining authorita-
tive sources in the web can be applied on social networks
to determine influential users. Moreover, more ways on how
to improve Internet search, to filter email spam and under-
stand how virus spreads, maybe contributed by such under-
standing. The knowledge will also play an important role
in future online interaction and in locating and organizing
information and knowledge. Thus, analyzing the structural
dynamics of these social networks are of tremendous impor-
tance to social networking [4].

In our previous efforts, we used data mining and information
theory techniques to extract and analyze on a community-
scale the demography, friendship preferences, and network
characteristics of a population, using as test bed the Friend-
ster accounts of users whose listed hometown is Los Bafios,
Laguna [6, 2]. The reason for this is that one of the most
popular social networking sites among Filipinos is Friend-
ster. An evidence of its popularity is the prevalent use of
the street lingo ”friendster” used by many Filipinos to refer
to a friend. Friendster stores the participants’ data such



as gender, age, relationship status, geographic location, and
list of friends, making it possible for an automated program
to mine important data and relationships on a large scale.
Based on this program, we found out about the Los Batios
Friendster Network (LBFN) that:

1. There are more female users (52.34%) than male
(47.66%);

2. Ages 15-25 of both genders compose 68% of the users,
with ages 2640 following at 28%, ages 41-85 at 4%,
and senior citizens (64-85 years old) at 1%;

3. Homophily (i.e., birds-of-a-feather adage) is observed
in the preferences of users with respect to age levels,
such that they are strongly biased towards being
friends with users of a similar age;

4. There is heterophily in gender preference such that
friendship among users of the opposite gender occurs
more often.

5. The friendship network is well-connected and robust
to node removal, such that users can still reach other
users through another friend’s circle of friends, even if
another user leaves the network;

6. It exhibits a small-world characteristic with an average
path length of 4.5 (maximum=12) among connected
users, shorter than the well-known siz degrees of sep-
aration [10]; And

7. The network exhibits a scale-free characteristics with
heavily-tailed power-law distribution (with the power
A = —1.02 and R? = 0.84) suggesting the presence of
many users acting as the network hubs.

The data gathered from the previous study is based only on
a static network created from one snapshot of the LBFN.
For us to be able to understand the impact of users on the
current underlying Internet overlay, we needed to analyze
the network’s dynamics over time. Thus, we extended our
previous works [7, 6, 2] by capturing the structure of the
LBFN over several snapshots.

In this paper, we will present the preferential attachment
of LBFN users. We found out that users of the site exhibit
preferential attachment to users with high number of friends.

2. RECENTSELECTED RELATED WORKS
ON ONLINE SOCIAL NETWORKS

During the time where the network of movie actors have
been studied, people have already shown huge interest on the
different structural properties such as degree distribution,
scale-free and small-world characteristics of networks. This
was followed by studies of different kinds of networks like
the scientific collaboration and the human sexual contacts
networks. However, the studies conducted were based on
a small-scale analysis and it is said that the relationships
between these kinds of networks differ from that of a normal
friend relationship. Just recently, the number of online social
networks has significantly increased making it possible to
study huge social networks directly. However, it is observed
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that these huge networks’ analysis are more focused on the
cultural and business viewpoints only [1].

There have already been previous studies related to online
social networks. The first one was a study of four sites:
Flickr, YouTube, Orkut and LiveJournal. The data set
consisted of about 1.8 million users from Flickr, 5.2 mil-
lion users from LiveJournal, 3 million users from Orkut,
and 1.1 million users from YouTube. The study showed
that the structure of social networks and its characteristics
differ from those networks mentioned earlier. It was found
that online social networks have more links and are highly
clustered. Nodes with high number of links towards them
also have a high probability of having a high number of
links coming from them. These online social networks are
composed of clusters which are highly connected. However,
these clusters are composed of nodes with low number of
links. This resulted to the inversely proportional values of
the clustering coefficient with respect to the number of links
of each node. Although the path lengths are short, most
paths passed through nodes which are highly connected [5].

Another one investigated on the topological characteristics
of huge online social networking services. The structures
of three online social networking services, Cyworld, MyS-
pace, and Orkut were compared. The number of examined
users was 100,000 for each social networking site. Results
showed that these networks follow the power-law distribu-
tion having a heavy tail. Based on the analysis of the degree
distribution of Cyworld, researchers found out that it sup-
ported the claim that the diversity of the types of users
greatly affects different network characteristics such as clus-
tering coefficient, evolution of the network size, average path
length and the network’s diameter. The results of the anal-
ysis of MySpace and Orkut followed the patterns found in
the different regions of the Cyworld network [1].

3. METHODOLOGY
3.1 The Web Robot

Instead of obtaining the data from the site operator, the
website was crawled by accessing the public web interface
provided. A spider-like computer program that ”crawls” the
Friendster website was developed that automatically visited
the participants’ web pages.

To be able to view the profiles of other Friendster users, a
person should be logged-in using a valid account. In rela-
tion to this, a new friendster account V referring to a real
human Friendster user was created. It is assured that the
data, which the web robot extracts, is from a real person
since Friendster has filtered their database and prevented
Pretenders, Fakesters and Fraudsters from intruding the net-
work. The web robot was created using Perl scripts. Linux
command line programs such as grep and wget were also uti-
lized. The web robot uses the cookie file of the web browser
where the user V is currently logged-in which makes it seem
that the web robot is simply the user V' visiting the profiles
of other Friendster users [6].

3.2 Friendster Users
The search tool provided by Friendster was used to extract
the accounts of users whose listed hometown is Los Baifios,



Laguna. The search parameters that concerns the person’s
friendship preferences and relationship status were applied.
The search tool produces an array of p pages with N unique
accounts. The first p — 1 pages contain 10 unique accounts
each while the last page contains N modulo 10 accounts. To
be able to crawl the p pages, a parameter is changed in each
URL. The web robot extracted the account number, user
name, age, gender, and relationship status of each user [6].

While crawling the web pages of each user, the list of
friends of a participant were also extracted and crawled.
The information gathered is stored in separate database
tables named ”account” and ”friends”. The first one having
the demographic information of the participants which pro-
duces N unique records corresponding to each Friendster
account gained from the crawl. The other one takes note
of the account number of the participants as well as the
account number of his friends. The user’s account number
in the "account” table is used as a foreign key for the other
table containing his friends [6].

3.3 Creating and Analyzing the LBFN

The friendship network was created using the data in the
table ”friends”. Each account was treated as a vertex while
the relationship between accounts as edges. From these, a
N x N adjacency matrix was created wherein the value of
the element is 1 if a relationship between users i and j exists
in the table, otherwise, the value is 0.

With the help of Pajek, a tool for analyzing and drawing
graphs of large networks [8], the following network metrics
were computed:

1. Degree distribution - It is the probability distribution
of the number of connections of a node with respect
to other nodes. Networks which follows the power-law
distribution having a heavy tail is considered as scale-
free [3].

2. Average Separation of Members - This is the average
number of friends along the shortest paths over all
pairs in which a person can reach another person. It
shows the network’s interconnectedness [3].

3. Clustering Coefficient - It tells how well connected a
participant’s friends are. It is the probability that a
person’s friends are also friends [3].

4. Size of the Largest Cluster - In this case, this is defined
as the highest number of links derived from the node
with the highest number of friends.

5. Average Degree - The average degree can also be
referred to as the average number of friends of a par-
ticipant. This is computed by summing up the total
number of friends of a person divided by the total
number of participants involved in the network.

6. Preferential Attachment - This is the behavior wherein
there is a high probability that a new node is more
likely to connect to nodes which already have a high
number of links to other nodes [3].

Three snapshots of LBFN were taken on August 5, August
26, and September 2, 2008.
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4. RESULTS AND DISCUSSION

Figure 1 shows the distribution of the number of friends
in the log-log scale taken from each LBFN snapshot. The
respective degree distributions indicate that the LBFN con-
tinues to be scale-free with a power-law tail over time.
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Figure 1: Log-log plot of the number of friends x
frequency obeys the power law distribution over dif-
ferent snapshots: (a) August 5 (b) August 26 (c)
September 2. Lines on each plot is the power-law fit
using regression analysis.

Figure 2a shows that the average separation of nodes in
LBFN increases in time. This means that through time, a
person can be reached by another person through a friend
of a friend at a much longer path or at a higher number
of persons. We can only speculate a reason for this phe-
nomenon: with the occurrence of new members, only few
links are added to the network, which resulted to a larger
network diameter.

The clustering coefficient for the networks as a function of
time is shown in Figure 2b. The results show its agree-
ment with the separation measurements mentioned above.
The values of the clustering coefficient range from 0.0352
to 0.1824 which suggest a weak interconnectedness. This
means that there is a low probability that a person’s friends
are also connected to each other.

In Figure 2d, the trend for the relative size of the largest
cluster is shown. It is evident in the figure that the size of
the largest cluster decreases. One possible reason is that
the availability of accounts in Friendster is becoming less
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Figure 2: Graphs of (a) the average separation of
nodes, (b) clustering coefficient, (c) frequency of
the average number of friends of a person, and (d)

largest cluster of the networks over time.

through time, with some of the accounts going private and
unreadable to the web robot. This is based on the obser-
vation that the size of the networks decreases starting from
the first network snapshot. It is possible that the largest
cluster in the previous snapshot has already become private
at the time. Friendster is also a dynamic network wherein
a user can delete a friend, decreasing the size of the largest
cluster.

Figure 3 shows the trend of the number of new links to old
nodes. Results show that more new nodes attach to nodes
which have a high number of existing links. Users tend to
be friends with those who already have a large number of
friends suggesting that there is preferential attachment in
the LBFN. This means that there is higher probability that a
person A is connected to a person B where B has a relatively
large number of friends or links.

5. CONCLUSION

This study presents new results from an extension of pre-
vious studies. The dynamics of LBFN were measured using
a web robot that we developed. Based on the analysis, the
following results were found:

1. New users exhibit preferential attachment to users
with high number of friends;

2. The average separation increases over time, suggesting
that the interconnectedness of the users are getting
weaker;

3. The largest cluster decreases through time; And
4. The average number of friends decreases through time

which shows that, on the average, users lose more
friends than acquire new ones.
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Figure 3: Graph of preferential attachment of nodes,
node degree X new links, (a) from August 5 to
August 26 (b) from August 26 to September 2.
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