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Dimensionality Reduction Particle Swarm Algorithm for High
Dimensional Clustering
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Abstract—The Particle Swarm Optimization (PSO)
clustering algorithm can generate more compact clustering
results than the traditional K-means clustering algorithm.
However, when clustering high dimensional datasets, the PSO
clustering algorithm is notoriously slow because its
computation cost increases exponentially with the size of the
dataset dimension. Dimensionality reduction techniques offer
solutions that both significantly improve the computation time,
and yield reasonably accurate clustering results in high
dimensional data analysis. In this paper, we introduce research
that combines different dimensionality reduction techniques
with the PSO clustering algorithm in order to reduce the
complexity of high dimensional datasets and speed up the PSO
clustering process. We report significant improvements in total
runtime. Moreover, the clustering accuracy of the
dimensionality reduction PSO clustering algorithm is
comparable to the one that uses full dimension space.

[. INTRODUCTION

he clustering of high dimension data sets is a process

that is needed in many application areas. Because

traditional data clustering algorithms tend to be biased
towards local optimum when applied to high dimension data
sets, Particle Swarm Optimization (PSO) has been used for
solving data clustering problems in recent years [1-5]. Many
researchers [1, 5, 6] have indicated that when utilizing the
PSO algorithm’s optimal ability, and given sufficient time,
PSO generates a more compact clustering result from low
dimensional data than the traditional K-means clustering
algorithm. However, when clustering high dimensional
datasets, the PSO clustering algorithm is notoriously slow
because the algorithm needs to repeatedly compute high
dimension data vector similarities.

Researchers have found that dimensionality reduction
techniques offer solutions that both improve the computation
time, and still yield accurate results in some high
dimensional data analysis [7-11]. It is therefore highly
desirable to reduce the dimensionality of a high dimension
dataset before clustering in order to maintain tractability.
Since reducing dataset dimensionality may result in a loss of
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information, the lower dimension representation generated
by a dimensionality reduction algorithm must be a good
approximation of the full high dimensional dataset.

In this paper, we introduce our research of applying two
different dimensionality reduction techniques as data pre-
processing for the PSO clustering algorithm in order to
reduce the complexity of the high dimensional dataset and
speed up the clustering computation time. We use the
document dataset as our experimental data. The document
Vector Space Model (VSM), originated by G. Salton [12],
represents documents as vectors in a vector space. Compared
to other high dimension datasets, document datasets’
dimensionality value is usually quite large, on the order of
10,000 dimensions for moderately-sized document
collections.

The document vector set comprises an nXm term-
document matrix X, in which each row of the matrix
represents a document, and each entry x(i,j) represents the
weighted frequency of term i in document j. The entry
weight value represents the significance of this term in a
document. To calculate the term weight, the frequency of the
term within a document and in the entire set of documents
must be considered. The most widely used weighting
scheme combines the Term Frequency with Inverse
Document Frequency (TF-IDF) [13]. The weight of term i in
document j is given in Eq. (1):

x, =tf, *idf, =1f, *log,(n/df ;) )

where ff; is the number of occurrences of term i in the
document j; df; indicates the term frequency in the
collections of documents; and »n is the total number of
documents in the collection. This weighting scheme
discounts the frequent words with little discriminating
power. A major benefit of this VSM document
representation is that methods developed in linear algebra
for use in other application areas can be applied to document
retrieval as well. However, each unique term in the
document collection represent one dimensionality of the
vector space. Modern document sets sometimes includes
millions of documents. To achieve higher efficiency in
clustering the VSM dataset, it is often necessary to reduce
the dimension severely.

Traditional document clustering involves dividing a set of
documents into a specified number of clusters [14]. The
motivation behind clustering a set of data is to find inherent
structure in the data and expose this structure as a set of
groups. The data objects within each group should exhibit a
large degree of similarity while the similarity among
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different clusters should be minimized [15]. A lower
dimension approximation of document vector can
significantly increase the clustering speed. The two most
popular dimensionality reduction methods, Latent Semantic
Indexing (LSI) and Random Projection (RP), are
investigated in this research for reducing the dimensionality
of the document vector space. This should in theory speed
up similarity computation times in PSO clustering.

In the following sections, an introduction to the PSO
clustering algorithm is given. Dimensionality reduction and
the LSI and RP techniques are discussed. The experimental
design of the hybrid PSO (HPSO) clustering algorithm is
described. The experiment results of applying different
dimensionality reduction techniques as PSO algorithm’s data
pre-processing are compared. Finally, we present concluding
remarks and analytical derivations for the proposed
technique.

II. PARTICLE SWARM CLUSTERING ALGORITHM

In clustering research, it is common to view the clustering
problem as an optimization problem that locates optimal
centroids rather than optimal partitions. This view offers us a
chance to apply the PSO algorithm to the clustering solution.
The objective of the PSO clustering algorithm is to discover
centroids of clusters for minimizing the intra-cluster distance
as well as maximizing the distance between clusters. Omran
[16] used the PSO clustering algorithm for clustering image
data. In [1], a K-meanstPSO clustering algorithm was
proposed and evaluated on the standard UCI clustering test
datasets. This k-menas+PSO clustering algorithm uses k-
means to pre-process and initialize the PSO positions.

In [6], a PSO clustering algorithm for documents is
proposed. In this PSO document clustering algorithm, the
multi-dimensional document vector space is modeled as a
problem space. Each term in the document dataset represents
one dimension of the problem space. Each document vector
can be represented as a dot in the problem space. One
particle’s position in the swarm represents one possible
solution for clustering the document collection. Therefore, a
swarm represents a number of candidate clustering solutions
for the document collection. Each particle maintains a matrix
X = (Cp Cy ooy Cy .., Cp), where C; represents the ith
cluster centroid vector and k is the number of clusters.

Vg =W*(vy +¢ *rand  *(p,, —x;,) +
= X))

Xig = Xig T Vy

(2a)

¢, *rand , *(pgd
(2b)

The PSO clustering algorithm can be represented in eq
(2a) and (2b). As indicated in Eq(2a), each particle acquires
experience by moving through the solution space with
velocity v;;. According to this experience and those of its
neighbors, the particle adjusts the centroid vector’s position
in the vector space at each generation. The two random
values (randl, rand2) are generated each generation. These
values along with the inertial weight factor w provide the
necessary diversity to the swarm, avoiding stagnation at

local optima. Also, the greater the number of particles used,
the quicker the system converges to a global optimum. The
behavior of the PSO clustering algorithm can be classified
into two stages: a global searching stage and a local refining
stage. Initial PSO search iterations can be classified as a
global searching stage. After several iterations, the particle’s
velocity will gradually reduce and the particle’s exploration
area will shrink as the particle approaches the optimal
solution. The global searching stage gradually merges into
the local refining stage. By selecting different parameters in
the PSO algorithm, we can control the shift time from the
global searching stage to the local refining stage. The later
this shift occurs, the higher the possibility that it can find a
globally optimal solution. Although the PSO algorithm
generates much better clustering result than the K-means
algorithm does, it is much slower to execute because of the
high dimensionality of the document dataset. In [3], a hybrid
PSO (HPSO) that uses PSO for global search and then
employs K-means for local refining is presented. This hybrid
PSO significantly increases the result accuracy and reduces
the runtime.

The PSO clustering algorithm needs a fitness function to
evaluate each particle’s performance at each iteration. In
most data clustering PSO algorithms, a common approach is
to use a cluster validity measure index functions as a fitness
function. In [1], the sum of squared error (SSE) index is used
as the fitness function. In [3], a modified SSE index, the
average distance of document to cluster centroid (ADDC), is
used to evaluate the particle’s performance in document
clustering. There are many other clustering evaluation
criteria that have been developed. The common goal of the
clustering evaluation is to identify compact clusters that are
well separated. This goal can be represented as two criteria:

Compactness: The similarity distance between the
elements in one cluster. It indicates the compact degree
of the cluster. The elements in one cluster should be
similar to each other.

Separation: The similarity distance between centroids
of different cluster. The clusters should be well
separated from each other.

These two criteria have been widely used to measure the
quality of clustering result. The PSO clustering fitness
function in this research is the combination of these two
criteria.

III. DIMENSIONALITY REDUCTION

Dimensionality reduction is an important task in data
mining for the classification, clustering, and visualization of
high dimensional data by mitigating undesired properties of
high dimensional space. More simply, it retains the most
important attributes in a dataset and removes the noise. In
recent years, a large number of new techniques for
dimensionality reduction have been proposed. A systematic
review of different dimensionality reduction techniques has
been presented in [17].

Dimensionality reduction techniques can be classified into
two categories: feature extraction and feature transformation.
For textual data, the feature extraction technique involves
specifying the bounds on the term distribution in the



collection, i.e., to consider only terms which occur between
the predefined minimum and maximum number of
documents in the collection. The rationale is that terms that
are present in a large percentage of documents in the
collection are uninformative while those that are extremely
rare can be disposed off as noise. Such words are therefore
ignored. The feature extraction methods are usually tailored
according to the nature of the data, and therefore are not
generally applicable in all data mining or process tasks. The
feature transformation techniques perform a transformation
of the high dimensional vector data into a meaningful
representation in lower dimensional subspace where the new
dimension can be viewed as a linear transform from the
original dimensions. Suppose we have an mxm matrix X
with n data vectors x; and dimensionality m, a feature
transformation technique transforms matrix X into a new
nxd matrix Y with dimensionality d (d<m), while retaining
the major feature of matrix X as much as possible. In this
section, the mathematic details of two different
dimensionality reduction techniques, Latent Semantic
Indexing and Random Projection are introduced.

A. Latent Semantic Indexing

Latent Semantic Indexing (LSI) [18] (or Latent Semantic
Analyzing (LSA)), is one of the standard dimension
reduction techniques in information retrieval. It analyzes
relationships between documents and document terms in the
matrix by producing a set of concepts related to the
document and terms. LSI wuses Singular Value
Decomposition (SVD) [19] to embed the original high
dimensional space into a low dimensional space with
minimal distance distortion. In SVD, an nxm matrix X can
be decomposed into three matrixes of special forms:

X[nxm] :U[nxn] : S[an] : T[mxm] (3)
where U and V are orthogonal matrixes that contain the left
and right singular vectors of X. They are often referred as
the term projection matrix and the document projection
matrix, respectively. .S is the diagonal matrix that contains
the singular values of X, and the subscript » denotes the
number of singular values. The singular values are sorted in
descending order to indicate their “importance” or rank in
the matrix. The dimensionality of the data can be reduced by
projecting the data onto the space spanned by the left
singular vectors corresponding to the k largest singular
values. The top rank-k approximation of X can be generated
by:

T
X[n Xk]:U [nxk] ’X[n xm] “

In this way, X, ., is projected from m dimensional space to
k dimensional space X,y (normally m>>k) and the top k
“importance” features are retained. LSI not only can retain
the most important relationship between terms and
documents, it is also effective at removing noise and
redundancy from the dataset [20].

A major drawback of LSI is its high computational cost.
For a data matrix with nxm elements, the time complexity of

LSI dimensionality reduction is O(m’n). However, for a
sparse matrix, which is commonly used in representing
document term frequencies, the computational complexity
can be reduced to O(cmn), where c¢ is the average number of
non-zero elements in each vector. Regardless, it is
computational expensive when LSI is applied on a large
dataset.

B. Random Projection

Random projection (RP) [10] is another feature
transformation-based dimensionality reduction technique. It
is much less computationally expensive than LSI. The idea
of RP is motivated by Johnson and Lindenstrauss Lemma
[11] which states that a set of n points in high dimensional
space can be mapped onto an O(log(n)/e’) space and that the
distance between the points is still approximately preserved
with distortion of no more than a factor of (1+-e), for any
0<e<I. In RP, resulting low dimension datasets are
generated randomly with no importance placed on order. As
shown in Equation 3, the high dimensional data space Xj,xy
can be projected to low dimensional space A4,y by using a
randomly generated projection matrix R of size kxm.

A[nxk] :X[nxm]'R[ka] (5)

There are many ways to build this random matrix R.
Typically, each element of R can be Gaussian distributed,
R;=N(0,1). But the least expensive way to build this matrix
is:

—1|probability =1/6
R, = J3*40 probability =2/3 (6)
—1|probability =1/6

Since this process involves only one matrix multiplication
step, for a sparse matrix X, the computational complexity of
RP is O(cnk), where c is the average term number of each
document and k is the reduced dimension number. RP can
maintain the distance information in a high dimensional
dataset, which makes it useful in situations where the
distance between data points is meaningful, such as data
clustering. Intuitively, it may seem surprising that random
projection can reduce the dimensionality of the data in a
manner that preserves the approximate structure of the
original dataset. The mathematic proof of the RP
dimensionality reduction technique has been discussed in
[18].

IV. EXPERIMENTS AND RESULTS

We investigated the relative effectiveness of LSI and RP
when used for data pre-preprocessing of the HPSO
clustering algorithm on a benchmark dataset. These two
dimensionality reduction based HPSO clustering algorithms
are named LSI-HPSO and RP-HPSO, respectively in our
experiments. We run each dimensionality reduction
technique to reduce the dataset to different dimension k&
values. We apply clustering on the data before and after the



dimensionality reduction to verify and compare the results.
The accuracy of the clustering results and the runtime of the
algorithms will be compared. The runtime for the
dimensionality reduction based HPSO algorithm will include
the dimensionality reduction time and the HPSO clustering
time.

A. Experimental Setup

The HPSO clustering algorithm [3] that combines the PSO
clustering algorithm with K-means clustering algorithm is
implemented for the experiments. The HPSO algorithm
includes two modules, a PSO module and a K-means
module, which performs the global search stage and
localized refinement stage, respectively. In the initial stage,
the PSO module is executed for a short period (50 iterations)
to discover the vicinity of the optimal solution by a global
search, and to minimize resource consumption. The result
from the PSO module is then used as the initial seed of the
K-means module. The K-means algorithm will then be
applied for refining and generating the final result. In the
PSO module, we choose 20 particles with an inertia weight
w initially set as 0.95 and the acceleration coefficient
constants ¢; and ¢, are set to 1.4. These values are chosen
based on [3].

B. Datasets

We used the document dataset from the CLUTO toolkit
[21] to compare the performance of different dimensionality
reduction techniques when these techniques are combined
with the HPSO algorithms. These document datasets are
derived from the Text REtrieval Conference (TREC)
collections. In these document datasets, very common
words (e.g. function words: “a”, “the”, “in”, “to”; pronouns:
“I”, “he”, “she”, “it”) are stripped out completely and
different forms of a word are reduced to one canonical form
by using Porter’s stemming algorithm [22]. In order to
reduce the impact of the length variations of different
documents, each document vector is normalized so that it is
of unit length. The document collection was converted into a
vector space matrix of dimension 414x6429. The
dimensionalities of the matrix are then reduced to lower k-
dimensions. The cosine similarity was used as the vector
distance metric.

C. Clustering Results Evaluation Methods

The experiment results should be evaluated using an
informative quality measurement to reflect the quality of the
clustering results. Since the document collection datasets
used in this experiment have already been classified by
human experts, we will use the human classification results
as a standard to evaluate these three HPSO clustering
algorithms. We use the F-measure as the quality measure.
This F-measure combines the precision and the recall ideas
from information retrieval literature. The precision P and
recall R of a cluster j (generated by the clustering algorithm)
with respect to a class i (prior knowledge of the datasets) is
defined as:

N,

PG, j)=—+ )
Ni
N,

R(, j)=—+ ®)
Nj

Where Nj is the element number of class i within cluster j,
N; is the number of items of cluster j and N; is the number of
members of class i. The corresponding value of the F-
measure is:

2PR
F(i)=—" 9
)= ©

With respect to class i, members of i may be organized into
different clusters. That will generate multiple F-measure
value for class i. We consider the cluster with the highest F-
measure score as the cluster for class i. The overall F-
measure for the clustering result of one algorithm is
computed as:

S 1i[*F ()
F — i=1

n
i
i

Where n is the number of the clusters in the dataset and [i] is
the number of data objects in class i. The F value is limited
within the interval [0, 1] with the higher the F-measure
producing the better the clustering result.

(10)

D. Experimental Results

All experiment codes are implemented in MATLAB. The
experiments are conducted on a Pentium 4, 2GB memory
desktop. We conducted a set of experiments with 20
different choices of dimensionality k = {10, 20, 30, 40, 50,
100, 150 .... 800}, and compared their results. The same
experiments are repeated for each algorithm: LSI-HPSO,
RP-HPSO and the original HPSO. The CPU time and the
clustering results of each experiment are collected. Each
clustering algorithm is repeated 20 times and the average
result at each & were chosen as the final result. Figure 1
summarizes the clustering accuracy for the three algorithms
on different dimensionality k. The top level line is the F
measure value of the HPSO clustering the original document
matrix dataset. The result line is expanded to serve as the
reference. The other two curves show the F-measure of
results obtained by LSI-HPSO and RP-HPSO. Based on the
results, we observed that LSI achieves superior results with
low dimensionalities. Within the dimension range of [10,
150], LSI-HPSO clustering accuracy performance is even
better than HPSO clustering on original data. The RP-HPSO
has low accuracy performance in low dimension range of
[20, 400]. It can achieve related better accuracy performance
when reduced data has more than 400 dimensionalities. But



its result f measure is still lower than the clustering result on
original data.
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Fig. I: The accuracy performance of HPSO clustering algorithm with
different dimensionality reduction techniques

Figure 2 displays the CPU runtime for HPSO clustering
on different kind of data. The top level line is the CPU
running time for HPSO clustering on original data. It has
highest running time value, around 140 seconds for
clustering 414 documents. The middle curve is the CPU time
for LSI-HPSO clustering on different dimensionalities
reduced data. Runtimes for the different k values remain
relatively stable because the major computational cost is the
LSI dimensionality reduction part. Because the RP
dimensionality reduction is much faster than the LSI, RP-
HPSO uses the fewest CPU time compare to other two
algorithms. The CPU running time for different
dimensionalities reduced data ranges from below one second
for 20 dimensionality reduced data to around 10 seconds for
800 dimensionality reduced data.

Total CPU Time and Dimension D eduction
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Fig. 2: The CPU running time of HPSO clustering algorithm with different
dimensionality reduction techniques

V. DISCUSSION

From our results it is clear that LSI-HPSO can generate
better F-measure results in low dimension data than HPSO
clustering on original data. It has also been shown that the
LSI dimensionality reduction technique not only reduces the
dimensions, but also effectively removes noise and
redundancy in the dataset. It enhances the hidden semantic
structure of the document dataset. Previous research has

indicated that the choice of & is important to the performance
of LSI dimensionality reduction [18]. Our HPSO document
clustering experiments has revealed that the LSI can
preserve the document similarities sufficiently for very small
k values as compared to the original dimensionality m. LSI-
HPSO reaches its highest F-measure value when & equals 20.
In our experiments, the LSI-HPSO algorithm performs
nearly three times faster than HPSO on original data. But
RP-HPSO can run even faster. It is 26 times faster than
HPSO and 10 times faster than LSI-HPSO at 400
dimensionalities. If accuracy is important, LSI-HPSO
clustering on twenty dimension data may generate a good
result. If clustering time is critical, the RP-HPSO with higher
dimension data will be suitable.

Rapadimitriou [23] proposed to combine RP and LSI
using RP to initially reduce a high dimensional dataset to an
intermediate dimensionality on which LSI could then
perform an additional dimensionality reduction process. In
theory, this method might reduce the computational cost but,
as indicated by Lin [24], the computational cost will increase
for document matrix dimensionality reduction. Because the
document matrix is represented as a sparse matrix, the
matrix produced by RP will no longer be sparse and the LSI
computational cost will thus increase significantly.

VI. CONCLUSIONS

In this research, we investigated the performance of HPSO
clustering algorithms integrated with different
dimensionality reduction techniques. We report significant
improvements in total clustering runtime for two
dimensionality reduction techniques. Moreover, the
clustering accuracy of the LSI-HPSO and RP_HPSO
clustering algorithm is comparable to the one that uses the
full term space. In some cases, LSI can even help improve
the accuracy of HPSO clustering algorithm. The major
drawback of LSI-HPSO is that the LSI dimensionality
reduction process is computational expensive compared to
the RP dimensionality reduction process.

The experiments presented in this paper focus on
improving the performance of HPSO document clustering by
transforming the high dimensional vector document matrix
into a lower dimension matrix. The dimensionality reduction
idea can also be used to improve the HPSO clustering
algorithm for other kinds of high dimensional data.
According to our experiments, when LSI combines with the
HPSO clustering algorithm, the document clustering result is
more accurate and the total runtime is three times faster than
HPSO clustering without the dimensionality reduction.
Combining the RP technique with the HPSO clustering
algorithm can be 26 times faster than just the HPSO and still
keep reasonable accurate result. Future research includes
implementing more dimensionality reduction techniques and
applying them on different high dimensional datasets to
discover the most efficient technique.
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