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Abstract
Social network like Face book, Twitter, Flicker, and You Tube 
present opportunities and challenges to study collective behavior 
on a large scale. The scale of these networks entails scalable 
learning of models for collective behavior prediction. To address 
the scalability issue, we propose an edge-centric clustering 
scheme to extract sparse social dimensions. For mining different 
associations of mining behavioral features like user activities 
and temporal spatial 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. In this we also 
include cluster ensemble approach with consistent results of 
various social networks using a link based clustering ensemble 
approach. These experimental results show efficient process 
generation of collecting behaviors of various users with different 
dimensionality exclusion.
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I. Introduction
Now a days social media like Facebook, 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. 

Fig. 1: Social Network Collection Using Data Items

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 edge-centric approach to extract sparse 
social dimensions. We prove that with our proposed approach, 
scarcity 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
Irrelevant features, along with redundant features, severely affect 
the accuracy of the learning machines. Thus, feature subset selection 
should be able to identify and remove as much of the irrelevant 
and redundant information as possible. Moreover, “good feature 
subsets contain features highly correlated with (predictive of) the 
class, yet uncorrelated with (not predictive of) each other.” 
Keeping these in mind, we develop a novel algorithm
which can efficiently and effectively deal with both irrelevant and 
redundant features, and obtain a good feature subset.
We achieve this through a new feature selection framework (shown 
in fig. 1) which composed of the two connected components of 
irrelevant feature removal and redundant feature elimination. The 
former obtains features relevant to the target concept by eliminating 
irrelevant ones, and the latter removes redundant features from 
relevant ones via choosing representatives from different feature 
clusters, and thus produces the final subset.
The irrelevant feature removal is straightforward once the right 
relevance measure is defined or selected, while the redundant 
feature elimination is a bit of sophisticated. In our proposed 
FAST algorithm, it involves (1) the construction of the minimum 
spanning tree from a weighted complete graph; (2) the partitioning 
of the MST into a forest with each tree representing a cluster; and 
3) the selection of representative features from the clusters.
In order to more precisely introduce the algorithm, and because our 
proposed feature subset selection framework involves irrelevant 
feature removal and redundant feature elimination, we first present 
the traditional definitions of relevant and redundant features, then 
provide our definitions based on variable correlation as follows. 
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III. Proposed System
A Link Based Clustering Ensemble (LCE) approach is used to 
overcome the existing system drawbacks. Its performance is more 
than the existing system approach. The Link Based Clustering 
Ensemble is shown in the following diagram. 

Fig. 2: The Basic Process of Cluster Ensembles. It First Applies 
Multiplebase Clustering’s to a Data Set X to Obtain Diverse 
Clustering Decisions. Then, these Solutions are Combined 
to Establish the Finalclustering Result Using a Consensus 
Function

In the above figure shows efficient process using Spectral graph 
partitioning (SPEC) and Weighted Component Tree (WCT) 
specification in data representation. It has three main steps: (1) 
to form a cluster ensemble ( ) we are creating base clustering’s. 
(2) By using a link based similarity algorithm we can generate a 
refund cluster association matrix (RM). (3) To produce the final 
data partition ( *) by developing the spectral graph partitioning 
technique as a consensus function.

IV. Creating A Cluster Ensemble
In this approach we need to follow three types. Those are:

A. Type I (Direct ensemble)
It transforms the problem of categorical clustering to cluster 
ensembles, by considering each categorical attribute value (or 
label) as cluster in an ensemble. Let X={x1,x2,…….xn}be a 
set of n data points, A={a1,a2,……am} be a set of categorical 
attributes and ={ 1, 2,…….. m} be a set of M partitions. 
Each partition i is generated for a specific categorical attributes 
aiєA. i= Correspond to different values of the 
attribute where  and kiis the number 
of values of attribute ai. .Without actually implementing any base 
clustering, the categorical data X can be directly transformed to 
a cluster ensemble. Whereas single-attribute data partitions may 
not be as accurate as those obtained from the clustering of all data 
attributes, they can bring about great diversity within an ensemble. 
The ensemble generation method has the potential to lead to a 
high-quality clustering result.

B. Type II (Full-space Ensemble)
The following two ensemble types are created from base clustering 
results, each of which is obtained by applying a clustering algorithm 
to the categorical data set. So the k-modes technique is used to 
generate base clustering’s, each with a random initialization of 
cluster centers.

C. Type III (Subspace Ensemble)
Other approach to generate diversity within an ensemble is 
to exploit a number of different data subsets. For this extent, 

the cluster ensemble is established on various data subspaces, 
from which base clustering results are generated. . Similar to 
the study in, for a given N× d data set of N data points and d 
attributes, an N q data subspace (where q<d) is generated by

   (1)
here α є [0;1] is a uniform random variable, qmin and qmax are the 
lower and upper bounds of the generated subspace ,respectively.
An attribute is selected one by one from the pool of data attributes, 
until the collection of q is obtained. Note that k-modes is exploited 
to create a cluster ensemble from the set of subspace attributes, 
using both Fixed-k and Random-k schemes for selecting the 
number of clusters.

V. Generating a Refined Matrix
Numerical and categorical data of Several cluster ensemble 
methods, are based on the binary cluster matrix.Each entry in 
this matrix BM ( xi,d) є {0,1} represents a crisp association degree 
between data point xi є X and cluster d є . when relations between 
different clusters of a base clustering are originally assumed to be 
null. In fact, each data pointcan possibly associate toseveral clusters 
of any particular clustering. In fact, this local normalizationwill 
significantly distort the true semantics of known associations, 
such that their magnitudes becomedissimilar, different from one 
clustering to another.

VI. Experimental Results
In this section we describe efficient process generation of collecting 
the user behaviors present in social networks. These applications 
provides efficient user interface to the end users with relative 
aspect generation. These results are as follows:

A. Investigated Datasets
This experimental evaluation is to determine over nine datasets. 
The “20Newsgroup” data set is a subset of the well known text 
data collection—20-Newsgroups,2 while the others are obtained 
from the UCI Machine Learning repository. The “20Newsgroup” 
data set contains 1,000 documents from two newsgroups, each of 
which is described by the occurrences of 6,084 different terms. 
In particular, the frequency (f2 f0; 1; . . . ;1g) that a key word appears 
in eachdocument is transformed into a nominal value: “Yes” if f > 
0, “No” otherwise. Moreover, the “KDDCup99” data set used in 
this evaluation is a randomly selected subset of the original data. 
Each data point (or record) corresponds to a network connection 
and contains 42 attributes: some are nominal and the rest are 
continuous.For each attribute, any value less than the median 
is assigned a label “0,” otherwise “1.” Note that the selected set 
of data records covers 20 different connection classes. These 
two data sets are specifically included to assess the performance 
ofdifferent clustering methods, with respect to the large numbers 
of dimensionality and data points, respectively.

Table 1: Comparison Results in Data Sets

Data Set Existing 
System

Proposed 
System

10 data sets 0.55 0.53
100 datasets 0.75 0.43

2500datasets 0.33 0.27

Datasets 0.02 0.003
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The quality of data partitions generated by hill climbing technique 
is assessed against those created by different categorical data 
clustering algorithms and cluster ensemble techniques. We 
compare the results of our proposed metropolis and ACO clustering 
algorithm with LCE based clustering algorithm. Both specifically 
developed for categorical data analysis and that state-of-the-art 
cluster ensemble techniques found in literature. 
As shown in the table 1 imports each data set in the form of 
comma separated values (CSV files) that produces efficient cluster 
generation with traditional and proposed approaches. 
Each clustering method divides data points into a partition of K 
clusters it is then evaluated against the corresponding true partition 
using the following set of label-based evaluation data sets like 
accident, diabetes, marks and economy ratings. 

Fig. 3: Imported Data Sets Results for Cluster Formation

As shown in above fig. 3 we import required data sets on different 
domains was specifically entered into data computational process 
model. Then we calculate each dataset time computation for data 
released into computational process model. This time computation 
can be calculated in both priori approach and proposed approach. 
Analysis of these results time complexity in proposed approach 
was reduced when compared to prior approach. Select each data 
set when they are accessed independently. Ant colony optimization 
clustering technique is an efficient method for classifying similar 
data items for cluster formation. Formation of centroid is the main 
process in cluster application. This process can be applied for 
solving relevant similarity results for each data set. Then combine 
all the similar results of each data item. 

Fig. 4: Comparison Results on Cluster Ensemble Approach 
Process in Terms of Cancroids Formation

As shown in above fig. 4, establish results are occupied and formed 
cluster cancroids for each data set. The parameter analysis aims to 
provide a practical means by which users can make the best use of 
the link-based framework. This paper presents a unique, extremely 
effective link-based cluster ensemble approach to categorical 
knowledge agglomeration. The above results are obtained with 
systematic data representation in data set uploaded. Whenever 
we are uploading data sets into different aspects present in the 
scenario of the data event generation and then that cluster are 
freely rotated in HTML content based information in real time 
application development. Upload data sets with natural events 
in synthetic data representation from uploading data items in 
recommended data event in realistic data items. It contains each 
processing details in cluster head, each cluster head contains 
semantic data representation in real time applications. Our 
experimental show efficient process generation with relative data 
set representation. 

VII. 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 edge-centric clustering scheme to extract social dimensions 
and a scalable k-means variant to handle edge clustering. In edge-
centric clustering each edge is treated as one data instance, and 
the connected nodes are the resultant features.In this paper we 
propose to develop a link based clustering technique collecting 
data of all the social networking users. This technique able to 
access relative event generation in all the user behavior in social 
networks like Face book and other networks. Our experimental 
results show efficient scalable learning each user present in social 
networks. 
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