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ABSTRACT: In comparison with hard clustering methods, in which a pattern belongs to a single cluster, fuzzy
clustering algorithms allow patterns to belong to all clusters with differing degrees of membership. This work presents
a novel fuzzy clustering algorithm that operates on relational input data; i.e., data in the form of a square matrix of
pairwise similarities between data objects. The algorithm uses a graph representation of the data, and operates in an
Expectation-Maximization framework in which the graph centrality of an object in the graph is interpreted as a
likelihood. Results of applying the algorithm to sentence clustering tasks demonstrate that the algorithm is capable of
identifying overlapping clusters of semantically related sentences, and that it is therefore of potential use in a variety of
text mining tasks. We also include results of applying the algorithm to benchmark data sets in several other domains.
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. INTRODUCTION

Sentence clustering plays an important role in many text processing activities. For example, various authors have
argued that incorporating sentence clustering into extractive multi document summarization helps avoid problems of
content overlap, leading to better coverage However, sentence clustering can also be used within more general text
mining tasks. For example, consider web mining , where the specific objective might be to discover some novel
information from a set of documents initially retrieved in response to some query. By clustering the sentences of those
documents we would intuitively expect at least one of the clusters to be closely related to the concepts described by
the query terms; however, other clusters may contain information pertaining to the query in some way hitherto
unknown to us, and in such a case we would have successfully mined new information. 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 work described in this paper is motivated by the
belief that successfully being able to capture such fuzzy relationships will lead to an increase in the breadth and scope
of problems to which sentence clustering can be applied. However, clustering text at the sentence level poses specific
challenges not present when clustering larger segments of text, such as documents. We now highlight some important
differences between  clustering at these two levels, and examine some existing  approaches to fuzzy clustering.
Clustering text at the document level is well established in the Information Retrieval (IR) literature, where documents
are typically represented as data points in a high dimensional vector space in which each dimension corresponds to
a unique keyword , leading to a rectangular representation in which rows represent documents and columns represent
attributes of those documents (e.g., tf-idf  values of the keywords). This type of data, which we refer to as “attribute
data,” is amenable to clustering by a large  range of algorithms. Since data points lie in a metric space, we can
readily apply prototype-based algorithms such as k-Means , Isodata , Fuzzy c-Means (FCM) ,and the closely related
mixture model approach , all of which  represent clusters in terms of parameters such as means and  co-variances,
and therefore assume a common metric input space. Since pairwise similarities or dissimilarities between data points
can readily be calculated from the attribute data  using similarity measures such as cosine similarity, we can  also
apply relational clustering algorithms such as Spectral Clustering and Affinity Propagation, which take input data in
the form of a square matrix (often referred to as the “affinity matrix™), where wij is the  (pairwise) relationship
between the ith and jth data object.
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1. LITERATURE SURVEY

A novel method for simultaneous key phrase extraction and generic text summarization is proposed by modeling text
documents as weighted undirected and weighted bipartite graphs. Spectral graph clustering algorithms are used for
partitioning sentences of the documents into topical groups with sentence link priors being exploited to enhance
clustering quality. Within each topical group, saliency scores for key phrases and sentences are generated based on a
mutual reinforcement principle. The key phrases and sentences are then ranked according to their saliency scores and
selected  for inclusion in the top key phrase list and summaries of the document. The idea of building a hierarchy of
summaries  for documents capturing different levels of granularity is also briefly discussed. Our method is illustrated
using several examples  from news articles, news broadcast transcripts and web documents. Partitioning a large set of
objects into homogeneous clusters is a fundamental operation in data mining. The k-means algorithm is best
suited for implementing this operation because of its  efficiency in clustering large data sets. However, working only
on  numeric values limits its use in data mining because data sets in  data mining often contain categorical values.
In this paper we present an algorithm, called k-modes, to extend the k-means paradigm to categorical domains.
We introduce new dissimilarity ~ measures to deal with categorical objects, replace means of  clusters with modes,
and use a frequency based method to update modes in the clustering process to minimise the clustering cost
function. Tested with the well known soybean disease data set the algorithm has demonstrated a very good
classification performance. Experiments on a very large health insurance data set consisting of half a million
records and 34 categorical  attributes show that the algorithm is scalable in terms of both the ~ number of clusters
and the number of records We present a statistical similarity measuring and clustering tool, SIMFINDER, that
organizes small pieces of text from one or multiple documents into tight clusters. By placing highly related text units
in the same cluster, SIMFINDER enables a subsequent  content selection/generation component to reduce each
cluster to a single sentence, either by extraction or by reformulation. We report on improvements in the similarity
and clustering components of SIMFINDER, including a quantitative evaluation, and establish the generality of the
approach by interfacing  SIMFINDER to two very different summarization ~ systems.

1. EXISTING SYSTEM

The vector space model has been successful in IR because it is able to adequately capture much of the
semantic content of document-level text. This is because documents that are semantically related are likely to
contain many words in -~ common, and thus are found to be similar according to popular vector space measures such
as cosine similarity, which are based on word co-occurrence. However, while the assumption that (semantic)
similarity can be measured in  terms of word co-occurrence may be valid at  level, the assumption does not hold for
small-sized text  fragments such as sentences, since two sentences may be  semantically related despite having few,
if any, words in common. A limitation of this approach is the high dimensionality introduced by representing
objects in terms of their similarity with all other objects.

Disadvantages of existing system:
The major disadvantage of the algorithm is its time complexity. Despite its success, the Euclidean
requirement in RFCM  was considered restrictive, and various alternatives have  been proposed.

V. PROPOSED SYSTEM

We first describe the use of Page Rank as a general graph centrality measure, and review the Gaussian mixture model
approach. We then describe how Page Rank can be used within an Expectation-Maximization framework to
construct a complete relational fuzzy clustering algorithm. The final section discusses issues relating to
convergence, duplicate clusters, and various other implementation issues.  Since Page Rank centrality can be viewed
as a special case of eigenvector centrality, we name the algorithm Fuzzy Relational Eigenvector Centrality-based
Clustering Algorithm (FRECCA).
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Fig 1.fuzzy logic system architecture

ADVANTAGES OF PROPOSED SYSTEM:
Able to achieve superior performance to benchmark Spectral Clustering and k-Medoids algorithms when
externally evaluated in hard clustering mode on a challenging data set of famous quotations.

V. FUZZY RELATIONAL CLUSTERING

Fuzzy Relational Clustering Unlike Gaussian mixture models, which use a likelihood function parameterized
by the means and co-variances of the mixture components, the proposed algorithm uses the PageRank score of an
object within a cluster as a measure of its centrality to that cluster. These PageRank values are then treated as
likelihoods. Since there is no parameterized likelihood function as such, the only parameters that need to be determined
are the cluster membership values and mixing coefficients. The algorithm uses Expectation Maximization to optimize
these parameters. We assume in the following that the similarities between objects are stored in a similarity matrix S ¥4
fsijg, where sij is the similarity between objects i and j. Initialization, we assume here that cluster membership values
are initialized randomly, and normalized such that cluster membership for an object sums to unity over all clusters.
Mixing coefficients are initialized such that priors for all clusters are equal.

The E-step calculates the PageRank value for each object in each cluster. PageRank values for each cluster
are calculated as described in , with the affinity matrix weights wij obtained by scaling the similarities by their cluster
membership values; i.e., wm ij ¥ sij * pmi * pmj ; where wm ij is the weight between objects i and j in cluster m, sij
is the similarity between objects i and j, and pmi and pmj are the respective membership values of objects i and j to
cluster m. The intuition behind this scaling is that an object’s entitlement to contribute to the centrality score of some
other object depends not only on its similarity to that other object, but also on its degree of membership to the cluster.
Likewise,an object’s entitlement to receive a contribution depends on its membership to the cluster. Once PageRank
scores have been determined, these are treated as likelihoods and used to calculate cluster membership values. Since
there is no parameterized likelihood function as such, the only parameters that need to be determined are the cluster
membership values and mixing coefficients. The algorithm uses Expectation Maximization to optimize these
parameters.

Maximization step.
Since there is no parameterized likelihood function, the maximization step involves only the single step of
updating the mixing coefficients based on membership values calculated in the Expectation Step.

The pseudocode is presented in Algorithm 1, where wm ij , sij, pmi , and pmj are defined as above, m is the

mixing coefficient for cluster m, PRmi is the PageRank score of object i in cluster m, and Imi is the likelihood of
objectiin cluster m.
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VI. ALGORITHM IN FRECCA SYSTEM

Graph-Based Centrality and PageRank:

The basic idea behind the PageRank algorithm is that the importance of a node within a graph can be determined by
taking into account global information recursively computed from the entire graph, with connections to high-scoring
nodes contributing more to the score of a node than connections to low-scoring nodes. It is this importance that can
then be used as a measure of centrality. In both TextRank and LexRank, each sentence in a document or
documents is represented by a node ona  graph. However, unlike a web graph, in which edges are  Unweighted,
edges on a document graph are weighted with  a value representing the similarity between sentences. The PageRank
algorithm can easily be modified to deal with weighted undirected edges.

Mixture Models and the EM Algorithm

The algorithm we present is motivated by the mixture  model approach, in which a density is modeled as a linear
combination of C component densities in the form , where are called mixing coefficients, and  represent the prior
probability of data point x having been generated from component m of the mixture. Assuming that the parameters
of each component are represented by a  parameter vector _m, the problem is to determine the  values of the
components of this vector, and this can be  achieved using the Expectation-Maximization algorithm. Following

random initialization of the parameter  vectors _m, m { 1; ... ; C, an Expectation step (E-step), followed by a
Maximization step (M-step), are iterated until convergence. The E-step computes the cluster membership
probabilities.

Fuzzy Relational Clustering

Unlike Gaussian mixture models, which use a likelihood  function parameterized by the means and co-variances of
the mixture components, the proposed algorithm uses the  PageRank score of an object within a cluster as a measure
of its centrality to that cluster. These PageRank values are then treated as likelihoods. Since there is no
parameterized likelihood function as such, the only parameters that need to be determined are the cluster
membership values and  mixing coefficients. The algorithm uses Expectation Maximization  to optimize these
parameters.
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Fig 3.Clustering Sentence using Fuzzy Relational.

VII. COMPUTATION
Algorithm

/I INITIALIZATION
/I initialize and normalize membership values
fori=1toN

for m=1toC
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pmi=rnd // random number on [0, 1]

end for
form=1to C

pmi= pmi/€ pji // normalize
end for

end for
form=1to C
nm=1/C // equal priors
end for

repeat until convergence
/[l EXPECTATION STEP

form=1to C
/I create weighted affinity matrix for cluster m
fori=1toN
forj=1toN
wmij =sij * pmi* pmj
end for
end for
I/ calculate PageRank scores for cluster m
repeat until convergence
PRmi=(1 _d) +d * PNj%1 wmyji (PRmj=PNk/1 wjk)
end repeat
Il assign PageRank scores to likelihoods
Lmi = PRmi
end for
/[ calculate new cluster membership values
fori=1toN
form=1toC
pmi= (mm * Imi)/€j=1(mj *Pji)
end for
end for

[l MAXIMIZATION STEP
/I Update mixing coefficients
form=1toC

nm = 1/NPNi=1 pmi
end for
end repeat

VIII. RESULT ANALYSIS

The results show that the best average precision, recall and f-measure to summaries produced by the fuzzy
method. Certainly, the experimental result is based on fuzzy logic could improve the quality of summary results that
based on the general statistic method. In conclusion, we will extend the proposed method using combination of fuzzy
logic and other learning methods and extract the other features could provide the sentences more important.

DOI: 10.15680/ijircce.2015. 0307145 6702

Copyright to IJIRCCE



IJIRCCE)

ISSN(Online): 2320-9801
ISSN (Print): 2320-9798

International Journal of Innovative Research in Computer
and Communication Engineering

(An ISO 3297: 2007 Certified Organization)

Vol. 3, Issue 7, July 2015

|
Fuzzy ‘
Baseline ‘ ‘ M precision
MS-Word | | recall
GSM | | F-measure
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IX. CONCLUSION AND FUTURE WORK

The FRECCA algorithm was motivated by our interest in  fuzzy clustering of sentence-level text, and the
need for an  algorithm which can accomplish this task based on relational  input data. The results we have presented
show that the  algorithm is able to achieve superior performance to benchmark  Spectral Clustering and k-Medoids
algorithms when  externally evaluated in hard clustering mode on a challenging  data set of famous quotations, and
applying the algorithm to a recent news article has demonstrated that the algorithm is capable of identifying
overlapping clusters  of semantically related sentences. Comparisons with the ~ ARCA algorithm on each of these
data sets suggest that FRECCA is capable of identifying softer clusters than ARCA, without sacrificing
performance as evaluated external  measures. Our main future objective is to extend these ideas to the development
of a hierarchical fuzzy relational  clustering algorithm.
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