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Abstract— Document clustering aims to automatically group related documents into clusters. It is on of the most important
tasks in machine learning and artificial intelligence and has received much attention in recent years During this framework, the
documents are projected into a low-dimensional semantic area during which the correlations between the documents within the
native patches are maximized whereas the correlations between the documents outside these patches are minimized
simultaneously. Since the intrinsic geometrical structure of the document area is usually embedded within the similarities
between the documents, correlation as a similarity live is additional appropriate for detecting the intrinsic geometrical structure
of the document area than Euclidean distance. Consequently, the proposed CPI technique will effectively discover the intrinsic
structures embedded in high-dimensional document area. The effectiveness of the new technique is demonstrated by in depth

experiments conducted on varied information sets and by comparison with existing document clustering strategies.
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l. INTRODUCTION

Based on various distance measures, and 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 centres. Since the
document space is always of high dimensionality, it is
preferable to find a low-dimensional representation of the
documents to reduce the computation complexity.

Low computation cost is achieved in spectral clus-tering
methods, in which the documents are first projected into a
low-dimensional semantic space and then a traditional
clustering algorithm is applied to finding document clusters.
Latent semantic indexing (LSI) [7] is one of the effective
spectral clustering methods, aimed at finding the best
subspaceapproximation to the original document space by
minimizing the 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
between the documents. Thus, it is not able to effectively
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capture the nonlinear manifold structure embedded in the
similarities between them [12]. An effective docu-ment
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 pair-wise
distance attempting to focus on cap-turing the similarity
structure, rather than the dissimi-larity 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 suggest that correlation as a
similarity measure can capture the intrinsic structure
embedded in high-dimensionality data, especially when the
input data is sparse. In probability theory statistics,
correlation indicates the strength and direction of liner
relationship between two random variable which revels the
nature of data by the classical geometric concept of an angle.
It is a scale invariant association measure usually used to
calculate the similarity between two vectors.

In this paper, we propose a new document clustering

methods based on correlation preserving indexing (CPI),
which explicitly consider the manifold structure embedded in
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the similarities between the documents. It aims to find an
optimal semantic subspace by simultaneously maximizing
the correlation between the documents in the local patches
and minimizing the correlations between the documents
outside these patches. Which is implemented by Reuters
sample data and presented the correlation measurements and
comparisons between the CPI and K-means? In recent years,
some studies [13] suggest that correlation as asimilarity
measure can capture the intrinsic structure embedded
in high-dimensional data, especially when the input data is
sparse [19]-[20]. In probability theory and statistics,
correlation indicates the strength and direction of a linear
relationship between two random variables which reveals the
nature of data represented by the classical geometric concept
of an "angle". It is a scale invariant association measure
usually used to calculate the similarity between two vectors.
In many cases, correlation can effectively represent the
distributional structure of the input data which conventional
Euclidean distance cannot explain. The usage of correlation
as a similarity measure can be found in the canonical
correlation analysis (CCA) method [21]. The CCA method is
to find projections for paired data sets such that the
correlations between their low-dimensional representatives in
the projected spaces are mutually maximized. Specifically,
given a paired data set consisting of matrices
X ={ X1, X0yeveneen X} and Y ={y1,Yo,eeeennnnne Vot

We would like to find directions wy for X and wy for Y
that maximize the correlation between the projections of X
on wy and the projections of Y on wy . This can be expressed
as

Xwy ,Ywy

max
e [ X [y |

Where\/ A andT. denote the operators of inner product and
norm, respectively.

)

As a powerful statistical technique, the CCA method has
been applied in the field of pattern recognition and machine
learning [20]-[21]. Rather than finding a projection of one
set of data, CCA finds projections for two sets of
corresponding data X and Y into a single latent space that
projects the corresponding points in the two data sets to be
as nearby as possible. In the application of document
clustering, while the document matrix X is available, the
cluster label (Y) is not. So the CCA method cannot be
directly used for clustering.

In this paper, we propose a new document clustering method
based on correlation preserving indexing (CPI).
Il. DOCUMENT CLUSTERING BASED ON CORRELATION
PRESERVING INDEXING

In high-dimensional document house, the Semantic
structure is sometimes implicit. it's fascinating to find an
occasional dimensional semantic subspace in which the
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semantic structure will become clear. Hence, discovering the
intrinsic structure of the documents house is usually a
primary concern of document clustering since the manifold
structure is usually embedded within the similarities between
the documents, correlation as a similarity live is appropriate
for capturing the manifold structure embedded within the
high-dimensionality document house.

Mathematically, the correlation between vector U and V
defined as

UTV u v

utuvty M

Note that the correlation corresponds to an angle 6 such
that cos® = corr (u, v). The larger the value of corr (u, v) is
the stronger the association between the two vectors u and v.

Online document clustering aims to group the documents
into clusters, which belong to unsupervised learning.
However, it can be transformed into semi-supervised
learning by using the following information.

Al) 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 correlation similarity measure space through
the nearest neighbours graph learning.

corr(u, v)

A. K-Means on Document Sets

The k-means method 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 centres. 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.

B. Correlation Based Clustering Criteria
Suppose Yi€Y is the low-dimensional representation of

-t . . .
the i documentx;€X in the semantic subspace, where i =
1,2, - - -, n. Then the above assumptions Al) and A2) can
be expressed as

max (o10] 4 £ (V0 VAT R )
i XJ N (i)

min (o1o] 4 {7/ V) O (4)
i AJ N (%))
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Respectively, where N (Xj) denotes the set of nearest
neighbours of Xj. The optimization of (3) and (4) is

equivalent to the following metric learning

a d(xy)= *cos(x,Y)

Where d(x, y) denotes the similarity between the

documents X and Y, corresponds to whether X and Y
are the nearest neighbours of each other.

The maximization problem (3) is an attempt to ensure that if

Yiandyjare close as well. Similarly,
the minimization problem (4) is an attempt to ensure that if the

maximization problem (3) is an attempt to ensure that if Xjand
Xjare far away,Yjandyjare also far away. Since thefollowing

equality is always true
corr(yi, i)+ corr(yi , ¥j) =

iy Ny iyj Ny i
The simultaneous optimization of (3) and
by maximizing the following objective function

corr(yi, Y )

N (i)

corr(yi, y i)

i Xj

i

corr(y;

Yi )-(6)

i
(4) can be achieved

Without loss of generality, we denote the mapping between
the original document space and the low dimensional semantic

. r
subspace by W i.e. W x; = vy; following some algebraic

manipulations, we have

corr(y ,y ) Yi'Yi
i j —
i N(x) = ioxp NG YiYY i Y =
corr(yi, y i) T
i #J_
i Yi yiyli Yi
tr(yy") tr(W "x Xy
ey ]
ixN
! X, (X.)tr(yiyiT)tr(y jT) i xj N (x) tr(WTx xTW)tr(WTx X'W)
. = ‘ - (7
tr(y y) W 'x xW) )
i i j
i tr(yiyiT)tr(yini) i tI’(WTX XTW)tI’(WTX _XTW)
1

i j
Where tr()is the trace operator. Based on optimization

theory, the maximization of (7) can be written as

tr(W ' x x'W) tr(W '( x X Hw)
Pxj N _ NGy
M n\;ax tr(W ' x x'W) -4 Tax rw'( (i x )W) ®)

i i

Consider a mapping W

j

R" dwhere m and d are the

dimensions of the original document space and the semantic
subspace, respectively. We need to solve the following

constrained
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optimization
VV IVI W
i S i
AGMAX o (10)
WTM W
i T i
il
d T
Subject X
to WX W =1,j=1,2,..n.
i
Here the matrices and
Mt Msl are defined as
Mo xx') M (xx')
1] 1

iathidfa the nearest
RIS A R S O T S R LR
presghbiogr $rafexineseovadPwve call this criterion “correlation
presagpgiogl Ipdehitngiodel may be interpreted as follows. All
@Btuments are projected onto the unit hyper-sphere (circle
for 2D). The global angles between the points in the local
ne‘@ﬁ?ﬁ%&‘llﬁitﬁ@rﬂﬁﬂﬂ‘iﬁgf BEdrihssalee AnspR bRt weRN
the JBRiiHEr IR BieclagInts ieBhaEhy Ber SRR EHER
simultaneously, as illustrated in Fig. 1. On the unit hyper-sphere,
fo9lopy! anale R PR Had B sane sl fheti4pe
BSRAISHISOHIRL B e MRIRFRHESE &M R SThred Bemeth
the™ unit hyper-sphere can ~be  expressed as
d6(Z,Z) outskec@séZ'Z ) arccos(corr(Z,Z2)  (12)

th%ﬁg&n&%&%ﬁg correlation 98&%%%%3&@’2’ me_ansazgesmgﬁimizw
elneliRneRERYcastlitRied in 79 e PO Bhe U L vARSRIere,

simultaneously minimizing the geodesic distances between the
points in the local patches and maximizing the geodesic

ALAR3LAPAIGERA BRdMBRTHIS LONsROC FRLE CoHEhIY: e
geodesic distance is-superiar,to.traditional Euclidean distance
e R R Rl e
CI?]I can eff.(Ieﬁtivelly c:ﬂ)ture the intrinsic structure%embedded in d
theehi #—@lﬁﬁglésf%l%gcument space. can ©  expressedas
dG(Z, Z") arccos(ZTZ") arccos(corr(Z,Z') (12)
SincEa strong correlation between Z and Z~ means g small

correl tgons E%étweent e document noints

ocodesic distance between Z and Z’, then CPI i§ equivalent to

= pimultaneously minimizing the geodesic distandes between the
geodesi
and maximizing the ¢
thes
distgnces between the points outside e patches. The
geodesigdistance is superior to traditional Eucl ’—Tean distance
in capturing the latent manifold [14].Based on this conclusion,
CPI can effectively capture the infrinsic structures embedded in
the high-dimensional document space.
It is worth nothing that semi-supervised learning using the
nearest neighbours graphs approach in the Euclidean distance
space was originally proposed in the literatures [15] and [16],

points in the local patches
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and LPI is also based on this idea. Differently, CPI is a semi-

supervised learning using nearest neighbours graph
approach in the correlation measure space. Zhong and Ghosh
Euclidea no
showed that n distance is t appropriate for
clustering high dimensional normalized
bette th
and a r metric ~ for text clustering is e

similarity[12]-[13].Lebanon in [17]
metric for text documents, which was defined as:

It is easy to validate that the matrix M+ is semi-positive
definite. Since the documents are projected in the low-
dimensional semantic sub subspace in which the

ni Xi Vi
dr(x,y) arccos i —————
F( y) - i X, Y,

This distance is very similar to the distance defined by
3

A

(12). Since the distance de= (X, y) is local and is defined on

the entire embedding space [17], 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

3
method. Note that the distance dg« (%, y) can be obtained
based on the training data and it can be used for

classification rather than clustering.
111.RELATED WORK

A. Clustering algorithm based on CPI

Given a set of documents Xy, Xo...... X, €R"Let X

denote the document matrix. The algorithm for document
clustering based on CPI can be summarized as follows:

a. Construct the local neighbour patch, and compute the
matrices M® and M.

b. 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=UZV' 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=U"X.

IV. COMPLEXITY ANALYSIS
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The time complexity of the CPI clustering algorithm can be
analysed as follows: Consider n documents in the d-
dimensional space (d > n). In step a, we need to compute the
pair wise distance which needs O (n?d) operations. Secondly,
we need to find the k nearest neighbours for each data point
which needs O (kn?) operations. Thirdly, computing the
matrices Ms and M requires O (n’d) operations and O (n (n
— k) d) operations, respectively. Thus, the computation cost
in step 1 is O (2n?d + kn? + n (n — k) d). In step 'b' the SVD
decomposition of the matrix X needs O (d®) operations and
projecting the documents into the n-dimensional SVD
subspace takes O (mn?) operations. As a result, step ‘b’ costs
O (d*+n’d).Then, transforming the documents into m-
dimensions semantic subspace requires O(mn?) operations In
step 'c', it takes O (lcmn) operations to find the final
document clusters, where | is the number of iterations and ¢
is the number of clusters. Since k < n, I<<nand m, n < d in
document clustering applications, the step 'b' will dominate
the computation. To reduce the computation cost of step 'b',
one can apply the iterative SVD algorithm [18] rather than
matrix decomposition algorithm or feature selection method
to first reduce the dimension.

V. DOCUMENT REPRESENTATION

In all experiments, each document is represented as a term
frequency vector. The term frequency vector can be
computed as follows:

1) Transform the documents to a list of terms after words
stemming operations.

2) Remove stop words. Stop words are common words that
contain no semantic content.
3) Compute the term frequency vector using the
TF/IDF weighting scheme. The TF/IDF weighting
scheme assigned to the term t; in document dj is

given by:
tr T

f !
= ijx idf; i —
(/Li?de P e S

is the term frequency of the term tj in document dj where
nj jis the number of occurrences of the considered termtjin

aocument . |d|
dj.idfi_ Io{ ] is the inverse
dit € d

document frequency which is a measure of the general
importance of the term tj, where |D] is the total number of
documents in the corpus and|{d: tj€d}| is the number

of documents in which the term tj appears. Let v={ty,

to...... tm} be the list of terms after the stop words removal
and words stemming operations. The term frequency vector
X;jof documentd;is defined as:
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Xi = [x1j, Xa......... Xmil,  Xii= (tf/idf)
Using n documents from the corpus, we construct an mx n
term-document matrix X. The above process can be
completed by using the text to matrix generator (TMG) code.

VI. CLUSTERING RESULTS

Experiments were performed on Reuters, and OHSUMED
data sets. . We compared the proposed algorithm with other
competing algorithms under same experimental setting. In all
experiments, our algorithm performs better than or
competitively with other algorithms.

Cor 0: 1:0.04395113068664207:
0.04395113068664207

éor 26:27: 0.051122792602862815:
0.051122792602862815

=] Comparison Result = B

Document Clustering Result

[[CPI | K-Means |[Accuracy | Normalized MI |

No of Documents 28

No of Clusters 1
K-Means 39.285714285714285

CPI 85.71428571428571

K-Means < CPI

Document Clustering Result

[CPI | K-Means | Accuracy [Normalized MI |

No of Documents 28
No of Clusters 1
K-Means 12.048411977847575

Chl 45.01124969649359

K-Means < CPI

[~} Comparison Resutt s B

Fig: 5.1 Performance comparisons of different clustering
methods using Reuter’s dataset

VII. CONCLUSIONS
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
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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.
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