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Abstract
Clustering method in similarity measure space is a topic for 
new research graduates. In this paper a new spectral clustering 
method (CPI- Spectral Clustering Method has been introduced. 
Here the documents are expected into a low-dimensional semantic 
space in which the correlations between the documents in the 
local patches are maximized and minimized simultaneously. 
Correlation as a similarity measure is more suitable for detecting 
the intrinsic geometrical structure of the document as it embedded 
in the document. CPI can discover easily the intrinsic structure 
as compare to the Euclidean distance. We have demonstrated the 
result in rigorous experiment and shown that CPI method is better 
than the existing one.
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I. Introduction
Document clustering is the method to group similar data and It is 
one of the most important tasks in machine learning and artificial 
intelligence and has received much attention in recent years [1-3]. 
Based on various distance measures, a number of methods have 
been proposed to handle document clustering [4-10]. A typical 
and widely used distance measure is the euclidean distance. The 
k-means method [4] is one of the methods that use the euclidean 
distance, which minimizes the sum of the squared euclidean 
distance between the data points and their corresponding cluster 
centers. Since the document space is always of high dimensionality, 
it is preferable to find a low-dimensional representation of the 
documents to reduce computation complexity.
Low computation cost is achieved in spectral clustering methods, 
in which the documents are first projected into a low-dimensional 
semantic space and then a traditional clustering algorithm i s 
applied to finding document clusters. Latent Semantic Indexing 
(LSI) [7] is one of the effective spectral clustering methods, 
aimed at finding the best subspace approximation to the original 
document space b y minimizing t he global reconstruction error 
(euclidean distance).
However, because of the high dimensionality of the document 
space, a certain representation of documents usually reside on a 
nonlinear manifold embedded in the similarities between the data 
points [11]. Unfortunately, the euclidean distance is a dissimilarity 
measure which describes the dissimilarities rather than similarities 
between the documents. Thus, it is not able to effectively capture 
the nonlinear manifold structure embedded in the similarities 
between them [12]. An effective document clustering method must 
be able to find a low-dimensional representation of the documents 
that can best preserve the similarities between the data points. 
Locality preserving indexing (LPI) method is a different spectral 
clustering method based on graph partitioning theory [8]. The 
LPI method applies a weighted function to each pairwise distance 
attempting to focus on capturing the similarity structure, rather 
than the dissimilarity structure, of the documents. However, it 
does not overcome the essential limitation of euclidean distance. 

Furthermore, the selection of the weighted functions is often a 
difficult task.
In recent years, some studies [13-15] suggest that correlation as 
a similarity measure can capture the intrinsic structure embedded 
in high-dimensional data, especially when the input data is 
sparse. In probability theory and statistics, correlation indicates 
the strength and direction of a linear relationship between two 
random variables which reve als t h e natu re of dat a rep rese 
nted by the class ical geometric concept of an “angle.” It is a 
scale-invariant association measure usually used to calculate the 
similarity between two v ectors. In man y cases, correlation can 
effectively represent the distributional structure of the input data 
which conventional euclidean distance cannot explain. 
In this paper, we propose a new document clustering method 
based on Correlation Preserving Indexing (CPI), which explicitly 
considers the manifold structure embedded in the similarities 
between the documents. It aims to find an optimal semantic 
subspace by simultaneously maximizing the correlations between 
the documents in the local patches and minimizing the correlations 
between the documents outside these patches. This is different 
from LSI and LPI, which are based on a dissimilarity measure 
(euclidean d istanc e ), and are focused on detecting the intrinsic 
structure between widely separated documents rather than on 
detecting the intrinsic structure between nearby documents. 
The similarity-measure-based CPI method focuses on detecting 
the intrinsic structure between nearby documents rather than 
on detecting the intrinsic structure between widely separated 
documents. Since the intrinsic semantic structure of the document 
space is often embedded in the similarities between the documents 
[11], CPI can effectively detect the intrinsic semantic structure of 
the high-dimensional document space. At this point, it is similar to 
Latent Dirichlet Allocation (LDA) [15] which attempts to capture 
significant intra document statistical structure (intrinsic semantic 
structure embedded in the similarities between the documents) 
via the mixture distribution model.

II. Documentation Clustering Based on Correlation 
Preserving Indexing
In high-dimensional document space, the semantic structure is 
usually implicit. It is desirable to find a lowdim ensi onal semantic 
sub space in which t h e sema nti c 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. Mathematically, the correlation between two 
vectors (column vectors) u and v is defined as

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:
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A1. If two documents are close to each other in the original 
document space, then they tend to be grouped into the same 
cluster [8].
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 correlati on similarity measure space through the nearest 
neighbors graph learning.

A. Correlation Based Clustering
It is easy to validate that the matrix M is semi positive definite. 
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.” T Physically, this model may 
be interpreted as follows: all documents are projected onto the 
unit hypersphere (circle for 2D). The global angles between the 
points in the local neighbors, 
, are minimized and the global angles between the points outside the 
local neighbors, I , are maximized simultaneously, as illustrated in 
Fig. 1. On the unit hypersphere, a global angle can be measured by 
spherical arc, that is, the geodesic distance. The geodesic distance 
between z and z 0 j on the unit hypersphere can be expressed 
as 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. 
The geodesic distance is superior to tradit ional euclidean distance 
in capturing the latent manifold [18]. 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 in the literatures [19] and [20], 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. Zhong and Ghosh showed that euclidean distance 
is not appropriate for clustering high dimensional normalized data 
such as text and a better metric for text clustering is the cosine 
similarity [12]. In [21], Lebanon proposed a distance metric for 
text documents, which was defined as

This distance is very similar to the distance defined by (12). Since 
the distance dis local (thus it captures local variations within the 
space) and is defined on the entire embedding space [21], correlation 
might be a suitable distance measure for capturing the intrinsic 
structure embedded in document space. That is why the proposed 
CPI method is expected to outperform the LPI method. 

B. Algorithm Derivation
The optimization problem with the constraints can be solved by 
maximizing the objective function under the constraints given 
as 

Note that in document clustering, the matrix M in (18) is often 
singular as the dimension of the documents is generally larger than 
the number of documents. To circumvent the requirement of M 
being nonsingular, we may first project the document vectors in to 
the SVD subspace by throwing away the zero singular values.

C. Clustering Results
Experiments were performed on 20 newsgroups (or NG20), 
Reuters, and OHSUMED data sets. We compared the proposed 
algorithm with o ther competing a lgorithms under same 
experimental setting. The experimental results of LPI and CPI on 
NG20 data set are obtained when the number of nearest neighbors 
is set to seven or eight. For Reuters and OHSUMED data sets, the 
number of nearest neighbors used for LPI and CPI varies from 3 
t o 24. In all experiments, our algorithm performs better than or 
competitively with other algorithms. 

D. Parameter Selection
Parameter selection is a crucial issue in most learning problems. 
In some situations, the learning performance may drastically vary 
with different choices of the parameters. Our 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 [31]. Based 
on this observation, we transform the original documents into a 
c-dimensional semantic subspace when involving c-way clustering 
in our experiments.
Of great interest is the selection of the number of nearest neighbors 
( k), which defines the “locality” of the data manifold in CPI and 
is also a key parameter in LPI. Fig. 2 shows the performance of 
CPI and LPI as a function of the parameter k. A s can be seen, LPI 
and CPI methods achieve good performance when k is in the range 
from 10 to 20. CPI is very stable with respect to the parameter 
k. Thus, the selection of parameter k is not a crucial problem in 
the CPI algorithm. It should be pointed out that the selection of 
the optimal number of nearest neighbors is very difficult under 
unsupervised learning and is still an open problem.

E. Generalization Capability
The LSI, LPI, and CPI methods try to find a low-dimensional 
semantic subspace by preserving the relational structure among 
the documents, where the mapping between the original document 
space and the low-dimensional semantic subspace is explicit. 
In practical applications, we may use the part of documents to 
learn such mapping, then transform the documents into the low-
dimensional semantic subspace which can reduce computing time. 
It is very important for a clustering method to have the capability 
of predicting the new data by using knowledge formerly acquired 
from training data without learning again. The performance on the 
new samples reflects the generalization capability of the methods. 
In order to test the generalization capability of LSI, LPI, and CPI, 
the following experiment was performed in each of the previous 
experiments, we randomly selected 20 percent of the data for 
learning the mapping, and the remaining were used for testing. 
Finally, the cluster label of the testing documents was predicted 
by using knowledge formerly ac quired from training d ata. The 
g eneralization error (averaged over two to eight classes) across 
30 random runs is shown in fig. 3. Clearly, the CPI method has 
smaller generalization error than the LSI and LPI methods do. 
This means t hat t he CPI m ethod h as be tter g eneralization 
capability. Another interesting result lies in the generalization 
error of LSI and LPI with euclidean distances ( L and L 12) We 
observed that LSI and LPI with correlation distance performed 
much better than LSI and LPI with euclidean distances, while CPI 
with euclidean distances performed competitively with CPI with 
correlation distance. CPI can find a low-dimensional semantic 
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subspace in which the documents related to the same semantic 
are close to each other. Thus, correlation is an appropriate m etric 
for measuring similarity between the documents.

IV. Conclusion
In this paper, 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 lowdimensional semantic s ubspace i s 
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.
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