Srikanth Raju T et al, International Journal of Computer Science and Mobile Computing, Vol.3 Issue.12, December- 2014, pg. 90-96

Available Online at www.ijcsmc.com

International Journal of Computer Science and Mobile Computing
A Monthly Journal of Computer Science and Information Technology

ISSN 2320–088X
IJCSMC, Vol. 3, Issue. 12, December 2014, pg.90 – 96
RESEARCH ARTICLE

Knowledge Discovery in Social
Networking for Future Filtering Purposes
Srikanth Raju T1, V.Santosh Kumar2, Ch.Ravindranath Yadav3
Student, Department of CSE, Sreyas Institute of Engineering and Technology, Hyderabad, India 1
Associate Professor, Department of CSE, Sreyas Institute of Engineering and Technology, Hyderabad, India 2
Asst.Professor, Dept. of CSE, Keshav Memorial Institute of Technology, Hyderabad, India 3
Tsrikanth91@live.in 1, vennu.santosh@gmail.com 2, ravi_chintala@hotmail.com 3
_________________________________________________________________________________________
Abstract— Social media has become very popular and is able to generate oceans of data which is a goldmine
to prospective researches in the real world. Discovering hidden patterns from such data can provide business
intelligence. Mining such social media data and learning collective behavior can have very useful utilities in the
real world. Many real world applications like advertising, marketing, sales do have their focus on social
networking. Scalable learning of collective behavior is very important research area where as the social media
data is very vast. Sustainable solution should promote scalability. Object heterogeneity is one of the challenging
aspects that can be incorporated in mining tasks so as to gain actionable knowledge. Recently Tang et al.
proposed a solution for this using edge-centric approach. In this paper we are influenced by that work and
propose a scheme that can solve the problem of object heterogeneity based on the multi-mode network. With this
solution the prediction capabilities of the proposed application will be more. We build an application to
demonstrate the proof of concept. The application can predict collective behavior with scalable feature and will
be useful in real world applications.
Index Terms – Social networking, data mining, social dimensions, collective behavior, clustering
_____________________________________________________________________________________________
I.

INTRODUCTION

Due to the advancements in technologies, virtual communities have been realized as a new phenomenon that
empowers people get together online. Plenty of possibilities have been explored with social media including
knowledge sharing, business collaborations, obtaining collective intelligence with unprecedented scope and scale
and no time and geographical restrictions. Social media provides plethora of opportunities to gain business
intelligence by studying human interactions and obtaining collective behavior of people of various walks of life who
participate in virtual computing. Social network analysis [1] has become important in many fields such as targeted
marketing, intelligent analysis [2],epidemiology [3], and sociology. An important study which has given much
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importance in social media is to predict collective behavior of some individuals of a group provided the knowledge
of some people of the same group [4]. The connections in social media are heterogeneous in nature. For instance an
individual can have connections with classmates, colleagues, friends, family members and others. Generally only
connectivity information is available. But inferring collective behavior is a challenging job due to heterogeneity of
connections. A framework was proposed in [5] for addressing the heterogeneity by exploring novel way of
classifying social networks to capture real time affiliations across actors. In [6] modularity maximization was
explored in order to obtain dimensions of social media. This technique also employed relational learning methods
which were described in [5]. However, this framework is not scalable when the networks are very vast in scale.
Later on it is understood that scarifying social dimensions can eliminate the bottleneck of scalability.
Recently Tang et al. [7] proposed a framework for scalable learning of collective behavior. Their approach exploits
sparse social dimensions in order to make the solution scalable to millions of networks in social media without
compromising prediction performance. They employed edge-cluster model to achieve this. However, this model is
sensitive to number of social dimensions. In this paper, we enhance the object heterogeneity expressed by edgecentric clustering further by exploiting multiple modes of actors over social media resulting a multi-mode network.
Multi-mode networks exhibit relationship among various users can provide very useful information for target
marketing besides other utilities[8]. Our main contribution in this paper is the enhancement of edge-centric
clustering scheme in order to handle object heterogeneity in multimode networks more effectively. The remainder of
the paper is structured as follows. Section II reviews social networking, learning collective behavior and other
related content in the literature. Section III provides insights into preliminaries required to understand our problem.
Section IV throws light into the proposed scheme and implementation. Section V presents experimental results
while section VI concludes the paper.
II.

RELATED WORKS

Mining social media content has been around for some years. However, this kind of research started long
back. For instance network instances classification was explored in [9]. In similar fashion relational learning [9] was
focused by Getoor and Taskar. Conventional data mining is different from that of social data mining. The datasets
used for network instances is not uniformly distributed. In such datasets objects have relationships and correlating
with neighboring data objects is done with an assumption known as “Markov dependency assumption”. It does mean
that label of one network node relies on one of more labels of neighboring nodes. Classification is one of the data
mining techniques for supervised learning which is used to classify network objects. For instance in [9] a weighted
vote relational classifier [10] was built which showed good performance in classification against benchmark
datasets.
A network contains heterogeneous relations and only capturing local dependency is possible with Markov
assumption. For this reason in [11] and [12] class labels are used with latent groups. Similar kind of research was
done in [5] to explore heterogeneous relationships and differentiate the same by extracting social affiliations and
dimensions from social media data. Soft clustering scheme was suggested by them in order to explore community
membership in social dimensions. Social dimensions extracted from social media data are known as features and
data mining technique such as Support Vector Machine (SVM) can be used to classify such data. The social
dimensions approach is better than other approaches to explore social media data based on collective inference. Soft
clustering techniques can be used to achieve this which is based on modularity maximization [6], spectral clustering
[13], and matrix factorization. To solve the same problem other methods such as probabilistic methods came into
existence [14], [15], and [16]. A drawback of soft clustering is that the social dimensions are naturally dense and
throw challenges pertaining to computational overhead. The research which is similar to our method in this paper is
finding overlapping communities. In [17] Palla et al. proposed this method by name “clique percolation method”
which is used to find dense communities which are overlapping. This method has two fundamental phases. They are
finding all cliques in graph, and finding connections between cliques in order to discover various communities.
Similar idea was explored in [18] where all maximal cliques are found in a network through hierarchical clustering.
Overlapping communities are handled by the method proposed by Newman-Girvan [19] which is an extension to the
method proposed by Gregory [20]. The Newman-Girvan method recursively removes edges in order to generated
disconnected components. The method removes only edges with high betweenness among them. Finally it generates
output consisting of non-overlapping communities. Node splitting is another feature added by Gregory besides
removing edges. Their algorithm splits nodes recursively where multiple communicates reside and remove edges
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that are used to interconnect communities. These methods list out all possible cliques and choose the paths which are
very short in the network where computational cost is very high in case of large scale networks.
For finding overlapping communities, graph partition algorithms were explored in [21] and [22] that work
on line graphs. However, just construction of ling graph is not sufficient as it prohibits functional with large scale
networks. Scalable approaches are required in order to deal with huge number of networked objects present in the
data of social media. Recently in [7] K-means was used to achieve partitioning of edges to for disjoint sets. They
also proposed a variant of K-means to hand scarcity of data in order to handle huge number of edges effectively. IN
order to accelerate the process more advanced data structures can be exploited [23], [24]. When the data loaded into
RAM is very high, other variants of K-means such as distributed k-means [25], scalable k-means [26] and online kmeans [27] can be used.

III.

PRELIMINARIES

This section familiarizes the reader about preliminaries required to understand the problem solved in this
paper. They details provided here include social networking, social dimension, affiliations, communities, collective
behavior, sparse social dimensions, edge clusters, and object heterogeneity. Social networking refers to the online or
virtual community including friends, relatives, classmates, family members, researchers and so on who can have a
platform to get together and exchanging views. Social dimension refers to the relationship an actor has with others.
Affiliation refers to a group of nodes in social network to which an actor belongs. One actor may belong to multiple
affiliations. Community refers to a set of edges in the network. Collective behavior refers to the result of a process
where the behavior of some objects is known based on the other objects in the same affiliation. Sparse social
dimension refers to the social dimension where density is very low. Edge cluster refers to a cluster of objects that is
connected to another such cluster in the network. Sample edge clusters are presented in figure 1 with a toy example.

Fig. 1 (a) Toy example (b) Edge clusters (excerpt from [7])
Each object in the network is associated with other objects. One actor can have multiple affiliations. The
affiliations can be represented with modularity maximization. The actors, modularity maximization and edge
partition details are presented in table 1. It does mean that the table shows social dimensions in the Toy example.
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Table 2 –Social dimensions of Toy example (excerpt from [7])
Multi-mode network is the network which essentially contains multiple and heterogeneous social actors. There
are interactions among these actors through which communicates can be identified or evaluated over a period of
time. Figure 2 shows a sample multi-mode network which is based on online marketing scenario. Such multi-mode
networks exhibit object heterogeneity.

Fig. 2 – Illustrates a multi-mode network with three actors
As can be seen in figure 2, multiple modes are involved in the same network. The resultant network is known as
multi-mode network [51]. The queries, users, and ads are intervened with seemingly perfect coexistence. This kind
of network shows more object heterogeneity which has to be handled. Object heterogeneity is explored in [7] but the
approach is sensitive to number of social dimensions. Handling object heterogeneity has many real world utilities
social mining domain. In this paper we focus on addressing object heterogeneity through edge cluster in multi-mode
networks.
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IV.

PROPOSED SCHEME TO ADDRESS OBJECT HETEROGENEITY

Scalable learning of collective behavior is explored in [7] in which a variant of K-means is sued for Edge
Clustering. The generated clusters and used to mine the collective behavior. Given knowledge of some actors in a
group predicting the behavior of other actors in the same group is known as learning collective behavior. Scalability
of this approach is achieved in [7] by using sparse social dimensions. However their solution is sensitive to number
of social dimensions. To overcome this drawback, in this paper, we proposed a new scheme that handles object
heterogeneity more gracefully. The proposed scheme is presented as pseudo code in figure 3.

Fig. 3 –Multi-mode clustering algorithm

V.

EXPERIMENTAL RESULTS
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