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Abstract
This paper presents a new spectral clustering method called 
Correlation Preserving Indexing (CPI), which is performed in 
the correlation similarity measure space. In this framework, 
the documents are projected into a low-dimensional semantic 
space in which the correlations between the documents in the 
local patches are maximized while the correlations between the 
documents outside these patches are minimized simultaneously. 
Since the intrinsic geometrical structure of the document space 
is often embedded in the similarities between the documents, 
correlation as a similarity measure is more suitable for detecting 
the intrinsic geometrical structure of the document space than 
euclidean distance. Consequently, the proposed CPI method can 
effectively discover the intrinsic structures embedded in high-
dimensional document space. The effectiveness of the new method 
is demonstrated by extensive experiments conducted on various 
data sets and by comparison with existing document clustering 
methods.
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I. Introduction

A. Document Clustering Overview
Document clustering is the act of collecting similar documents 
into bins, where similarity is some function on a document. 
The clustering algorithms implemented for LEMUR. With the 
exception of Probabilistic Latent Semantic Analysis (PLSA), all 
use cosine similarity in the vector space model as their metric. 
The LEMUR clustering support provides two principle APIs, 
the Cluster API, which defines the clusters themselves, and the 
ClusterDB API, which defines how Clusters are persistently stored. 
It organizes the documents according to the structure that arises 
naturally, without preconceptions or query terms.  It labels each 
cluster with a set of keywords, providing a quick overview of the 
cluster.  It also identifies a “representative document” that can be 
used as a proxy for the cluster.
Cluster performs the basic online clustering task. In conjunction 
with an incremental indexer (such as KeyfileIncIndex), it could be 
used for the TDT topic detection task. It iterates over the documents 
in the index, assigning each document that is not in any cluster to 
a cluster. The document id, cluster id, and score are printed to the 
standard output. Default is cosine similarity (COS). 
The example application that demonstrates the basic offline 
clustering task. Provides k-means and bisecting k-means  
partitional clustering. It will run each algorithm on the first 100 
documents in the index (or all of them if less than 100) and print 
out the results. The parameters accepted by OfflineCluster are: 
index -- the index to use. Default is none. clusterType -- Type 
of cluster to use, either agglomerative or centroid. Centroid is 
agglomerative using mean which trades memory use for speed 
of clustering. Default is centroid. 

Document clustering aims to group document into clusters 
which belongs to unsupervised learning. Since the documents 
are projected in the low dimensional semantic subspace in which 
the correlations between the document points among the nearest 
neighbors are preserved, we call this criterion “correlation 
preserving indexing.” Since a strong correlation between z and 
z0 means a small geodesic distance between z and z0, then CPI is 
equivalent to simultaneously minimizing the geodesic distances 
between the points in the local patches and maximizing the geodesic 
distances between the points outside these patches. Based on this 
conclusion, CPI can effectively capture the intrinsic structures 
embedded in the high-dimensional document space.It is worth 
noting that semi-supervised learning using the nearest neighbors 
graph approach in the Euclidean distance space was originally 
proposed, and LPI is also based on this idea. Differently, CPI is a 
semi-supervised learning using nearest neighbors graph approach 
in the correlation measure space.

II. Related Work
Document clustering aims to group document into clusters 
which belongs to unsupervised learning. However, it can be 
transformed into semi-supervised learning by using the following 
side information, If two documents are close to each other in the 
original document space, then they tend to be grouped into the 
same cluster. If two documents are far away from each other in 
the original document space, they tend to be grouped into different 
clusters. Based on these assumptions, we can propose a spectral 
clustering in the correlation similarity measure space through the 
nearest neighbors graph learning. Classification is not performed 
in this paper [1].
By using Locality Preserving Indexing (LPI), the documents can 
be projected into a lower dimensional semantic space in which 
the documents related to the same semantics are close to each 
other. Different from previous document clustering methods 
based on Latent Semantic Indexing (LSI) or Non-negative 
Matrix Factorization (NMF), our method tries to discover both 
the geometric and discriminat-ing structures of the document 
space. Theoretical analysis of our method shows that LPI is an 
unsupervised approximation of the supervised Linear Discriminant 
Analysis (LDA) method which give the intuitive motivation of 
our method. Extensive experi-mental evaluations are performed 
on Reuters-21578 and TDT2 data sets [7].
A general method using kernel Canonical Correlation Analysis to 
learn a semantic representation to web images and their associated 
text. The semantic space provides a common representation 
and enables a comparison between the text and images. In the 
experiments we look at two approaches of retrieving images based 
only on their content from a text query. We compare the approaches 
against a standard cross-representation retrieval technique known 
as the Generalized Vector Space Model [9].
Spatial data mining is the discovery of interesting relationships and 
characteristics that may exist implicitly in spatial databases. In this 
paper, we explore whether clustering methods have a role to play in 
spatial data mining. Thus, it plays an important role in a) extracting 
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interesting spatial patterns and features; (b) capturing intrinsic 
relationships between spatial and non-spatial data; (c) presenting 
data regularity concisely and at higher conceptual levels; and 
(d) helping to reorganize spatial databases to accommodate data 
semantics, as well as to achieve better performance [13].

III. Implementation

A. System Design
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Fig. 1: Block Diagram

B. System Modules 

1. Classification
Document classification or document categorization is a problem 
in library science, information science and computer science. 
The task is to assign a document to one or more classes or 
categories. This may be done “manually” (or “intellectually”) 
or algorithmically. The intellectual classification of documents has 
mostly been the province of library science, while the algorithmic 
classification of documents is used mainly in information science 
and computer science. The problems are overlapping, however, 
and there is therefore also interdisciplinary research on document 
classification. 

2. Stemming
The Porter stemming algorithm (or ‘Porter stemmer’) is a process 
for removing the commoner morphological and in flexional endings 
from words in English. Its main use is as part of a term normalization 
process that is usually done when setting up Information Retrieval 
systems. In linguistic   morphology and information retrieval 
,  stemming is the process for reducing inflected (or sometimes 
derived) words to their stem, base or root form—generally a written 
word form. The stem need not be identical to the morphological 
root of the word; it is usually sufficient that related words map 
to the same stem, even if this stem is not in itself a valid root. A 
stemmer for English, for example, should identify the string “cats” 
(and possibly “catlike”, “catty” etc.) as based on the root “cat”, 
and “stemmer”, “stemming”, “stemmed” as based on “stem”. 
A stemming algorithm reduces the words “fishing”, “fished”, 
“fish”, and “fisher” to the root word, “fish”. On the other hand, 
“argue”, “argued”, “argues”, “arguing”, and “argus” reduce to 
the stem “argu” (illustrating the case where the stem is not itself 

a word or root) but “argument” and “arguments” reduce to the 
stem “argument”. 

3. CPI Implementation
A set of documents x1; x2; . . . ; xn € IRn. Let X denote the 
document matrix. The algorithm for document clustering based 
on CPI can be summarized. Construct the local neighbour patch, 
and compute the matrices MS and MT .Project the document 
vectors into the SVD subspace by throwing away the zero singular 
values. The singular value decomposition of X can be written as 
X =U∑VT. Here all zero singular values in _ have been removed. 
Accordingly, the vectors in U and V that correspond to these zero 
singular values have been removed as well. Thus the document 
vectors in the SVD subspace can be obtained by ~X =UTX.

4. Frequency Calculation
The term frequency vector can be computed as follows: Transform 
the documents to a list of terms after words stemming operations. 
Remove stop words. Stop words2 are common words that contain 
no semantic content. Compute the term frequency vector using 
the TF/IDF weighting scheme.

5. Clustering
The experimental results of LPI and CPI on data set are obtained 
when the number of nearest neighbors is set to seven or eight. For 
Reuters data sets, the number of nearest neighbours used for LPI 
and CPI varies from 3 to 24. In all experiments, our algorithm 
performs better than or competitively with other algorithms.
CPI algorithm has two essential parameters: the dimension of 
optimal semantic subspace and the number of nearest neighbors. 
Unfortunately, how to determine the optimal dimension of the 
semantic subspace is still an open problem. In typical spectral 
clustering, the dimension of semantic subspace is set to the number 
of clusters.

C. Algorithm Description
In high-dimensional document space, the semantic structure 
is usually implicit. It is desirable to find a low dimensional 
semantic subspace in which the semantic structure can become 
clear. Hence, discovering the intrinsic structure of the document 
space is often a primary concern of document clustering. Since 
the manifold structure is often embedded in the similarities 
between the documents, correlation as a similarity measure is 
suitable for capturing the manifold structure embedded in the 
high-dimensional document space. 
Corr(u,v )= UTv/√UTu√vTv    (1)
Note that the correlation corresponds to an angle _ such that cos 
ø=Corr(u;,v). The larger the value of Corr(u, v), the stronger the 
association between the two vectors u and v. Online document 
clustering aims to group documents into clusters, which belongs 
unsupervised learning. However, it can be transformed into semi-
supervised learning by using the following side information: 
A1. If two documents are close to each other in the original 
document space, then they tend to be grouped into the same 
cluster .
A2. If two documents are far away from each other in the original 
document space, they tend to be grouped into different clusters.
Based on these assumptions, we can propose a spectral clustering 
in the correlation similarity measure space through the nearest 
neighbors graph learning.

1. Clustering Algorithm Based on CPI
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Given a set of documents x1; x2; . . . ; xn € IRn. Let X denote 
the document matrix. The algorithm for document clustering 
based on CPI can be summarized as follows:Construct the local 
neighbor patch, and compute the matrices MS and MT .Project the 
document vectors into the SVD subspace by throwing away the 
zero singular values. The singular value decomposition of X can 
be written as X =U∑VT . Here all zero singular values in _ have 
been removed. Accordingly, the vectors in U and V that correspond 
to these zero singular values have been removed as well. Thus 
the document vectors in the SVD subspace can be obtained by 
~X = UTX.Compute CPI Projection. Based on the multipliers n 
one can compute the matrix M Let WCPI be the solution of the 
generalized M eigenvalue problem MSW =∑MW. Then, the low 
dimensional representation of the document can be computed by 
Y = WT CPI ~X = WTX; where W =UWCPI is the transformation 
matrix.Cluster the documents in the CPI semantic subspace.

D. CPI System Analysis
The performance of the proposed CPI method is demonstrated by 
various experiments and compared with that of other competing 
methods.

1. Evaluation Metrics
In this work, the accuracy (AC) metric and the normalized mutual 
information (MI) metric are used to measure the clustering 
performance. The AC metric is defined as follows:
AC = ∑ƿ(Si, map(ri))/n    (2)
where ri is the cluster label obtained by our algorithm, si is the 
label provided by the corpus, n is the total number of documents, 
Þ(x,y) is the delta function that equals one if x =y and equals zero 
otherwise, and map(ri) is the permutation mapping function that 
maps cluster label ri to the equivalent label from the data corpus. 
The best mapping can be achieved by using the Kuhn-Munkres 
algorithm

2. Document Representation
In all experiments, each document is represented as a term 
frequency vector. The term frequency vector can be computed 
as follows: Transform the documents to a list of terms after 
words stemming operations. Remove stop words. Stop words2 
are common words that contain no semantic content.Compute the 
term frequency vector using the TF/IDF weighting scheme. The 
TF/IDF weighting scheme assigned to the term ti in document 
dj is given by
(tf/idf)i,j = tfi,j * idfi              (3)
is the term frequency of the term ti in document dj, where ni,j is 
the number of occurrences of the considered term ti in document 
dj. idfi is the inverse document frequency which is a measure 
of the general importance of the term ti, where jDj is the total 
number of documents in the corpus and jfd : ti 2 dgj is the number 
of documents in which the term ti appears. Let V = ft1; t2; . . . ; 
tmg be the list of terms after the stop words removal and words 
stemming operations. The term frequency vector Xj of document 
dj is defined as Xj = ½x1j; x2j; . . . ; xmj_;

IV. Performance Analysis

Fig. 1: Performance Analysis
In this performance analysis graph, the accuracy of  clustered 
document is compared with  other algorithms. Five types of 
algortithms are used to compare the performance of clustered 
documents such as Genetic, K-means, CPI, QT, Simulated 
Annealing algorithms. Genetic algorithm, K-means algorithm, 
simulated annealing algorithm provides 20 percent accuracy of 
clutering the documents. Whereas CPI provides 50 percent accuracy 
that is 30 percent more than other algorithms. But QT algorithm 
provides only 10 percent of accuracy of clusteing technique. Thus, 
CPI provides 30 percent performance efficiency.

V. Conclusions and Future Work
In this project, we present a new document clustering method based 
on correlation preserving indexing. It simultaneously maximizes 
the correlation between the documents in the local patches  and 
minimizes the correlation between the documents outside these 
patches. Consequently, a low dimensional semantic subspace is 
derived where the documents corresponding to the same semantics 
are close to each other. Extensive experiments on NG20, Reuters, 
and OHSUMED corpora show that the proposed CPI method 
outperforms other classical clustering methods. Furthermore, the 
CPI method has good generalization capability and thus it can 
effectively deal with data with very large size. In future, we may 
perform document clustering among distributed systems.
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