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ABSTRACT

Recent past has witnessed tremendous increase in social
networking that provides a virtual platform to people to
share information, meet friends online and use the
platform for various activities. This cased an increased
interest among research communities to utilize the huge
amount of data being available for their information needs.
The peers that involve in social networking have its needs
for information. Papagelis et al. introduced sampling based
approaches to obtain and explore a user’s social network.
They introduced some sampling schemes that are used to
find correlations across the samples in centralized and
distributed environments. In this paper we have
implemented those schemes in order to help ranking
algorithms for ranking neighborhood of a user. We also
built a prototype application that demonstrates the proof of
concept. The experiments are performed using real and
synthetic data sets. The results revealed that the proposed
system is effective and can be used in the real world.

Keywords: Social networks, query processing, sampling
algorithms

1. INTRODUCTION

The trends have been changing in the usage of web
technologies over Internet. Now the trend is to have social
connectivity, information sharing and also expressing once
self which led to the popularity of social networking web
applications such as MySpace, Twitter, Face book,
YouTube and so on. The information needs of social
networking peers are changing from centralized access to
ad hoc access. They need user’s neighborhood information
without knowing underlying network structure. However,
obtaining interactions beyond contact list of a given user is
not possible at present. However, there is lot of interest in
this area to explore the possibilities. Many application
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domains need such information. Thus social search
mechanism came into existence. By exploring information
collection explicitly and implicitly in social networking
can improve the accuracy of social search results. In a
typical scenario a social search is given by user. The
search engine returns relevant results. Then the result are
ranked and presented by a global ranking algorithm.
Mislove et al. [1] explored such result and its accuracy
based on the global ranking criteria which are based on
how many times the users in the social environment
involved in the communications. For online user search
many researches were carried out. The aim of all the
researches is to bestow the users with accurate search
results instead of providing a bulk of information. There
are many approaches to know underlying network
structure which are not user specific but on all users. For
some applications it is useful to focus on the network
pertaining to a single user. In order to achieve this very
efficient algorithms are required as the user’s
neighborhood information is not static.

Recently Papagelis et al. [2] proposed various sampling
based algorithms that can analyze a user’s neighborhood
information and collect it without having much knowledge
about underlying network structure. They also introduced
some variants of those schemes that minimize the number
of nodes in the network to be visited in order to collect
required information. The remainder of this paper is
structured into the following sections. Section Il provides
review of relevant literature. Section Il provides the
proposed schemes. Section IV presents the prototype
implementation details. Section V provides experimental
results while section VI concludes the paper.

2. PRIOR WORKS

In this paper we focused on the sampling algorithms that
can help collect information about dynamically changing
neighborhood of a social networking user. This work is
related to other works explored in [3], [4], [5], [6], [7], and



[8]. All these researches have a common thread. They start
from a node and use random walk approach to navigate to
neighbors. Based on the degree in the graph the probability
of association with each node is inversely related. The
stationary correlations can be converted to a uniform
distribution using algorithm such as Metropolis Hastings
Algorithm proposed in [9]. It can also be done using an
approach known as rejection sampling. Similar approaches
with some differences were found in [10], [11]. Biased
sampling method is proposed in [12] by Katzir et al. to
explore social community structures.

In [2] the generic random walk algorithms are improved
further by sampling from neighborhood. Over a traditional
web search results, a lot of improvement is found on
providing personalized information [13]. Further the
literature reveals that statistical models for extracting
behavior in social networking improve quality of ranking
[14], [15]. Other approaches followed notion of relevance
feedback for improving ranking quality [16], [17]. Social
search started with general and gradually moved towards
personalized search. Then the personalization has been
extended to realize human filter on search results [18].
Some researches explored temporal correlations based on
given user’s web history [19], [20] and tag-based logs [21].
However, our work in this paper is closely related to that
of [2]

3. PROPOSED SAMPLING APPROACH

The aim of this approach is to let social networking peers
to collect information pertaining to neighborhood of given
user in such a way that the neighbor users endorsed an
item of given user. This has to be achieved without the
knowledge of underlying network structure. The proposed
algorithms provide probabilistic network structure that can
reflect the neighborhood of the given user. The network
assumed in the solution is dynamic in nature. It does mean
that the neighbors of given user are not static. Instead,
those changes as new users endorse an item of user under
study. The algorithms implemented in this paper
practically are provided here.

procedure SAMPLE (u, n, d, C)
T = NULL, sample s =0, Sample[ 1.....n]
while sample<=n do
if (v =randomWalk (u.d.C.T))! = 0 then
Sample [sample++] =v

end if
end while
end procedure
procedure randomWalk(u,d,C,T)
depth=0,ps=1
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while depth < d do
pick v e children (u) U u with pv = (degree (u) +1) -1
if T U v has no cycle then
addvto T
ps = ps.pv
if v=uthen
accept with probability c/ps
if accepted then

return v
else
return 0
end if
else
u=v,depth + +
end if
end if
end while
return 0

end procedure

Figure.1
Networks

. Algorithm for Sampling Dynamic Social

The sampling algorithm for dynamic social networks
which collects underling network structure and also
information based on the user information provided. The
algorithm searches in all he child nodes randomly to
sample the probable neighbor nodes which are someway
related to given user. Especially the neighbor’s
endorsement towards the items of given user is taken as
criterion.

1: procedure EVALSINGLE (v.d.C.n.X)
2: Smay of size n

3: Count array of size |X|

4: for all xe X do

5 S = SAMPLE (v.n.d.C)

6 forallieSdo

7 Count[x] = Count[x] + countix
8 end for

end for

10: return Count

11: end procedure

Figure. 2 : Algorithm for count estimation

The count estimation algorithm takes given node and other
details and returns the count based on the sampling of
dynamic social networks. This algorithm is meant for
counts estimation for separate samples.

1: procedure EVALBATCH (v,d,C,n,X)
2: Sarray of sizen

3: Count array of size IXI

4: S = SAMPLE (v,n.d,C)
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5:forallieSdo

6: for all x e X do

7: Count[x] = Count[x] + countix;
8: end for

9: end for

10: return Count

11: end procedure

Figure. 3: Algorithm for counts estimation (same sample)
The count estimation algorithm takes given node and other
details and returns the count based on the sampling of
dynamic social networks. This algorithm is meant for
counts estimation for same samples.

4. EXPERIMENTAL RESULTS

We have built a prototype application to demonstrate the
efficiency of the proposed algorithms. The application is
built to perform experiments different sample sizes. The
datasets used are synthetic and real world.
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Figure. 4: Effect of C in sampling accuracy

As can be shown above figure 4 horizontal axis represents
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As can be shown above figure 5 horizontal axis represents
C while vertical axis represents RE values
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As can be shown above figure 6 horizontal axis represents
sample size while vertical axis represents Mean absolute
relative error.
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As can be shown above figure 7 horizontal axis represents
Sample size while vertical axis represents Hops.
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Figure.9: Batch sampling effect: our sampling.

As can be shown above figure 9 horizontal axis represents
Sample size while vertical axis represents RE values
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Figure.10: Ordering accuracy: distance between lists.

As can be shown above figure 10 horizontal axis
represents Sample size while vertical axis represents
Distance.
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Figure.11: Ordering accuracy: precision at K for synthetic

As can be shown above figure 11 horizontal axis
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Figure.12: Ordering accuracy: precision at K for real
network

As can be shown above figure 12 horizontal axis
represents Sample size while vertical axis represents
Precision.

5. CONCLUSION

Social networks have emerged as virtual platforms that
serve users in various social aspects like online
communication, information sharing, publishing and so on.
Efficient information retrieval with respect to a user’s
social networking is required by many social networking
peers. The proposed a set of sampling algorithms that can
obtain a user’s neighborhood information with having the
knowledge of underlying structure of social network. In
this paper we implemented the algorithms in order to
provide efficient collection of user’s information on the
social networks like Facebook, Myspace, Twitter and so
on. We built a prototype application for evaluating the
concepts. The emperical results revealed that the proposed
schemes are useful and support quick information
collection of a user’s neighborhood in social networking.
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