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Abstract
Sentence clustering plays an important role in many text processing 
activities. Irrespective of the specific task (e.g., summarization, 
text mining, etc.), most documents will contain interrelated topics 
or themes, and many sentences will be related to some degree to 
a number of these. The scale of these networks entails scalable 
learning of models for collective behavior prediction. To address 
the scalability issue, we propose an Spectral Clusteringclustering 
scheme to extract sparse social dimensions. For mining different 
associations of mining behavioral features like user activities 
and temporal spetial information collected from different social 
media, and integrates them with social networking information 
to improve prediction performance. To integrate these sources 
of information, it is necessary to identify individuals across 
social media sites. It consists of three key components: The first 
component identifies users’ unique behavioral patterns that lead 
to information redundancies across sites; the second component 
constructs features that exploit information redundancies due 
to these behavioral patterns; and the third  component employs 
machine learning for effective user identification.
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I. Introduction
Now a days social media like Face book, twitter are becoming 
popular very rapidly. Given the social network information, is it 
possible to collect user behavior or user preferences. In this paper, 
we study how social media networks can help predict user 
behaviors and individual preferences. This study can help better 
understanding of users behavioral patterns in social media for 
applications like social advertising and recommendation.The 
connections in the social media networks are not homogeneous, 
those are heterogeneous. We have to access the connectivity 
information between users, but we do not have any idea why they 
are connected to each other. This heterogeneity of connections 
limits the effectiveness of a commonly used technique - collective 
inference for network classification.  A framework that is based 
on social dimensions is shown to be effective in addressing this 
heterogeneity. The framework suggests a novel way of network 
classification, first, capture the latent affiliations of actors by 
extracting social dimensions based on network. Connectivity, 
and next apply extant data mining techniques to classification 
based on the extracted dimensions. In the initial study, modularity 
maximization was employed to extract social dimensions. The 
superiority of this framework over other representative relational 
learning methods has been verified with social media data.
The original framework, however, is not scalable to handle 
networks of colossal sizes because the extracted social dimensions 
are rather dense. In social media, a network of millions of actors 
is very common. With a huge number of actors, extracted dense 
social dimensions cannot even be held in memory, causing a 
serious computational problem. Scarifying social dimensions 
can be effective in eliminating the scalability bottleneck. In this 
work, we propose an effective Spectral Clustering approach to 

extract sparse social dimensions. We prove that with our proposed 
approach, sparsity of social dimensions is guaranteed. Extensive 
experiments are then conducted with social media data. The 
framework based on sparse social dimensions, without sacrificing 
the prediction performance, is capable of efficiently handling 
real-world networks of millions of actors.

II. Existing System
The advancement in computing and communication technologies 
enables people to get together and share information in innovative 
ways. Social networking sites (a recent phenomenon) empower 
people of different ages and backgrounds with new forms of 
collaboration, communication, and collective intelligence. Social 
media provides ample opportunities to study human interactions 
and collective behavior on an unprecedented scale. For providing 
efficient communication over social networks via clustering 
between users a better communication system was required.
Collective behavior refers to the behaviors of individuals in a social 
networking environment, but it is not simply the aggregation of 
individual behaviors. We propose an Spectral Clusteringclustering 
scheme to extract social dimensions and a scalable k-means variant 
to handle edge clustering. Essentially, each edge is treated as one 
data instance, and the connected nodes are the corresponding 
features. We attempt to leverage the behavior correlation presented 
in a social network in order to predict collective behavior in social 
media. We explore scalable learning of collective behavior when 
millions of actors are involved in the network. Social dimensions 
are extracted to represent the potential affiliations of actors before 
discriminative learning occurs. An incomparable advantage of our 
model is that it easily scales to handle networks with millions of 
actors while the earlier models fail. This scalable approach offers 
a viable solution to effective learning of online collective behavior 
on a large scale. For consider different dimensions in user behavior 
edge centric clustering model is not supporting. So the better 
system was required for during above consideration. 

III. Collective Behaviour
Collective behavior refers to the behaviors of individuals in a 
social networking environment, but it is not simply the aggregation 
of individual behaviors. In a connected environment, individuals’ 
behaviors tend to be interdependent, influenced by the behavior 
of friends. This naturally leads to behavior correlation between 
connected users. The recent boom of social media enables us 
to study collective behavior on a large scale.  Here,  behaviors 
include a  broad range   of  actions:   joining   a  group, connecting 
to a person, clicking  on  an  ad,  becoming interested in certain  
topics,  dating people of a certain type,  etc.  In  this  work,  we  
attempt to  Leverage the behavior correlation presented in a social 
network in order to  predict collective  behavior in  social  media. 
Given a network with the behavioral information of some actors, 
how can we infer the behavioral outcome of the remaining actors   
within the same   network? Here, we assume the studied behavior 
of one actor can be described with K class labels {c1 , ••• , cK 
}. Each label, ci , can  be 0 or 1. For instance, one  user  might 
join multiple groups of interest, so ci  = 1 denotes that the  user  
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subscribes to group i, and  ci  = 0 otherwise. Likewise, a user can 
be interested in several   topics simultaneously, or click on multiple 
types of ads. One special   case  is  K  = 1,  indicating that   the  
studied behavior can  be  described by  a  single  label  with  1 and  
0. For  example, if the  event  is  the  presidential election,  1 or 0 
indicates whether or not a voter  voted for  Barack  Obama.  The 
problem we study can be described formally as follows:
Suppose there   are   K class   labels   Y   ={c1 , ••• , cK }. Given  
network G  = (V, E, Y ) where V  is the  vertex  set, E  is the  edge  
set and  Yi   ? Y are  the  class  labels  of a vertex vi  ?  V , and  
known values   of  Yi   for  some subsets  of  vertices   V L ,  how   
can  we  infer the values  of Yi  (or an estimated probability over  
each  label)  for  the  remaining  vertices V U  = V - V L ?
It should be noted that this problem shares the same spirit as 
within-network classi?cation. It can also be considered as a special 
case of semi-supervised learning   or relational learning   where 
objects are connected within a network. Some of these methods, 
if applied directly to social media,   yield only limited success. 
This is because connections in social media are rather noisy 
and heterogeneous. In  the  next  section,  we  will  discuss the  
connection heterogeneity  in  social   media,   review   the   concept 
of social dimension, and  anatomize the scalability limitations 
of the earlier  model  proposed in, which provides a compelling 
motivation for this  work.

IV. Proposed System
For mining different associations of mining behavioral features 
like user activities and temporal spetial information collected from 
different social media, and integrates them with social networking 
information to improve prediction performance. To integrate these 
sources of information, it is necessary to identify individuals across 
social media sites. It consists of three key components: The first 
component identifies users’ unique behavioral patterns that lead 
to information redundancies across sites; the second component 
constructs features that exploit information redundancies due 
to these behavioral patterns; and the third component employs 
machine learning for effective user identification.Consider a toy 
example to explain an edge centric view and then present potential 
solutions to extract sparse social dimensions. 

A. Spectral Lustering View
By using SocioDim with soft clustering for social dimension 
extraction demonstrated promising results, its scalability is limited. 
A network may be sparse (i.e., the density of connectivity is very 
low), whereas the extracted social dimensions are not sparse. , 
whereas the extracted social dimensions are not sparse. Let’s look 
at the toy networkwith two communities. Its social dimensions 
following modularity maximization are shown in Table. Clearly, 
none of the entries is zero.Whenevera network expands into 
hundreds of thousands of actors, large number of social dimensions 
also needs to be extracted.The corresponding memory requirement 
delays both the extraction of social dimensions and the subsequent 
discriminative learning. The extracted social dimensions following 
edge partition are guaranteed to be sparse. This is because the 
number of one’s relation is no more than that of her connections. 
Given a network with m edges and n nodes, if k social dimensions 
are extracted, then each node vi has no more than min(di, k) 
non-zero entries in her social dimensions, where di is the degree 
of node vi.

Fig. 1: A Toy Example

Fig. 2. Spectral Clustering

B. Social Dimensions of the Toy Example
For example an actor has only one connection. It is expected that 
he is active in only one relation. Let’s assume eachconnection 
represents one complicated relation, we can expect the number 
of relations an actor has is no more than that of his connections. 
For this reason we propose an Spectral Clusteringview rather 
than defining a community as a set of nodes, weredefine it as a 
set of edges.
The two communities in Figure1 can be represented by two edge 
sets in Figure 2, where the dashed edges represent one relation, 
and the remaining edges denote the second relation. The disjoint 
edge clusters inFigure 2 can be converted into the representation 
of social dimensions as shown in the last two columns in Table, 
where an entry is 1 (0) if an actor is (not) involved in that 
corresponding social dimension. Node 1 is affiliated with both 
communities because it has edges in both sets. Bycontrast, node 
3 is assigned to only one community, as all its connections are 
in the dashed edge set. To extract sparse social dimensions, we 
partition edges rather than nodes into disjoint sets. The edges 
of those actors with multiple affiliations (e.g., actor 1 in the toy 
network) are separated into different clusters. The extracted social 
dimensions following edge partition are guaranteed to be sparse. 
This is because the number of one’s relation is no more than that 
of her connections. Given a network with m edges and n nodes, if 
k social dimensions are extracted, then each node vi has no more 
than min(di, k) non-zero entries in her social dimensions, where 
di is the degree of node vi. We have the following theorem about 
the density of extracted social dimensions. Theorem: Suppose k 
social dimensions are extracted from a network with m edges and 
n nodes. The density (proportion of nonzero entries) of the social 
dimensions based on edge partition is bounded by the following:

  (1)

Moreover, for many real-world networks whose node degree 
follows a power law distribution, the upper bound in Eq. (1) can 
be approximated as follows: 
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  (2)
Where 𝛼> 2 is the exponent of the power law distribution.

Fig. 3: Overview of Edge Cluster Algorithm

1. K-MEANS Variant
As mentioned above, Spectral Clusteringclustering essentially 
treats each edge as one data instance with its ending nodes being 
features. Then a typical k-means clustering algorithm can be applied 
to find out disjoint partitions. One concern with this scheme is that 
the total number of edges might be too huge. Owning to the power 
law distribution of node degrees presented in social networks, the 
total number of edges is normally linear, rather than square, with 
respect to the number of nodes in the network.
By taking into account the two concerns above, we devisea 
k-means variant as shown below

Fig. 4: Algorithm of Scalable K-Means Variant

By taking advantage of the feature-instance mapping, the cluster 
assignment for all instances (lines 5-11 in Figure 4) can be fulfilled 
in O(m) time. Computing the new centroid (lines 12-13) costs 
O(m) time as well. Hence, each iteration costs O(m) time only. 
Moreover, the algorithm requires only the feature-instance mapping 
and network data to reside in main memory, which costs O(m + n) 
space. Thus, as long as the network data can be held in memory, 
this clustering algorithm is able to partition its edges into disjoint 
sets. As a simple k-means is adopted to extract social dimensions, 
it is easy to update social dimensions if a given network changes. 
If a new member joins the network and a new connection emerges, 
we can simply assign the new edge to thecorresponding clusters. 
The update of centroids with the new arrival of connections is also 
straightforward. This k-means scheme is especially applicable for 
dynamic large scale networks.

Hence by using the above described algorithms i.e Edge-cluster 
and k-means variant we can learn the collective behavior. Therefore 
the collective behavior algorithm shown below.

Fig. 5: Algorithm for Learning of Collective Behavior

V. Conclusion 
In this paper, we can conclude that the actors of scalable behavior of 
social media network and performance of an actor are predictable. 
We extend scalable learning of collective behavior when hundreds 
of thousands of actors are involved in the network. For that 
we used a social dimension based learning framework. These 
Social dimensions are used to extract and represent the possible 
relations of actors before discriminative learning occurs.In existing 
approaches it suffer fromto extract social dimensionsscalability, 
it is imperative to address the scalability issue.
In proposed approach we use Spectral Clusteringclustering scheme 
to extract social dimensions and a scalable k-means variant to 
handle edge clustering.In Spectral Clusteringclustering each edge 
is treated as one data instance, and the connected nodes are the 
resultant features. The proposed k-means clustering algorithm 
can be applied to partition the edges into disjoint sets, with each 
set representing one possible relation.This scalable approach 
proposals a possible solution to effective learning of online 
collective behavior on a large scale.It is also interesting to mine 
other behavioral features (e.g., user activities and temporal spatial 
information) from social media, and integrate them with social 
networking information to improve prediction performance. 

VI. References
[1] Lei Tang, Xufei Wang, Huan Liu,"Scalable Learning of 

Collective Behavior".
[2] Social Dimension Extraction for Scalable Learning of 

Collective Behavior.
[3] Behavior Prediction via Social Dimensions Extraction 
[4] L. Tang, H. Liu,“Toward predicting collective behavior via 

social dimension Extraction”, IEEE Intelligent Systems, vol. 
25, pp. 19-25, 2010.

[5] “Relational learning via latent social dimensions”, In KDD 
’09: Proceedings of the 15th ACM SIGKDDinternational 
conference on Knowledge discovery and data mining. New 
York, NY, USA: ACM, 2009, pp. 817-826. 

[6] M. Newman,“Finding community structure in networks 
using the eigenvectors of matrices”, Physical Review E 
(Statistical, Nonlinear, and Soft Matter Physics), Vol. 74, 



IJCST  Vol. 5, ISSue 4, oCT - DeC 2014  ISSN : 0976-8491 (Online)  |  ISSN : 2229-4333 (Print)

w w w . i j c s t . c o m 66   InternatIonal Journal of Computer SCIenCe and teChnology

No. 3, 2006. [Online] Available: http://dx.doi.org/10.1103/
PhysRevE.74.036104

[7] L. Tang, H. Liu,“Scalable learning of collective behavior 
based on sparse social dimensions", In CIKM ’09: Proceeding 
of the 18th ACM conference on Information and knowledge 
management. New York, NY, USA: ACM, 2009, pp. 1107-
1116. 

[8] P. Single, M. Richardson,“Yes, there is a correlation: - from 
social networks to personal behavior on the web”, In WWW 
’08: Proceeding of the 17th international conference on 
World Wide Web. New York, NY, USA: ACM, 2008, pp. 
655-664. 

[9] M. McPherson, L. Smith-Lavin, J. M. Cook,“Birds of a 
feather: Homophily in social networks”, Annual Review of 
Sociology, Vol. 27, pp. 415-444, 2001. 

A.KAVITHA received the M.Tech 
degree from Madhira Institute of 
Technology and Science, Kodad in 
2013.Currently she is working as 
Assistant professor in Kodad Institute 
of Technology and Science for Women, 
Kodad. Her research interests include 
cloud computing, mobile computing.

  

Y VENKATALAKSHMI  received her 
B.Tech degree from Kodad Institute of 
Technology and Science for Women, 
Kodad, Nalgonda (DT)  in 2012. The 
M.Tech degree in CSE from Kodad 
Institute of Technology and Science 
for Women, Kodad in 2012. At present 
she is engaged in “Process Statement 
Informed Text by Napped Connected 
Using Clustering Techniques” Project 
developing process. Her research 

interests include Data mining, Networking.


