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Abstract—To effectively exploit large-scale data sets using a 
limited storage space, it is necessary to find a special treatment 
which reduces them. There are certain methods with this 
intention. We can quote clustering method. However, this method 
proves its limits in the case of large-scale data sets. In this paper, 
we propose to reduce the workspace using the Principal 
Component Analysis (PCA). We work with fuzzy clustering of a 
data set in which users don’t know the optimal number of 
clusters to be generated. We proved the effectiveness of the pre-
processing use of this technique before any clustering operation. 

Keywords-Clustering; Fuzzy Logic; Principal Component 
Analysis;  Sampling; Data Compression.        

I.  INTRODUCTION  
The evolution of the data processing and storage 

technologies and tools involved an explosion of available data. 
This phenomenon was reinforced by the awakening of the 
decision makers of the potential knowledge value which 
contain their databases (DB). Nevertheless, the available large 
data don’t bring any appreciation in absence of exploration and 
analysis methods. In this case, the installation of treatments 
tools to clarify the available knowledge in these data is 
fundamental and represents one of the major stakes of the 
Knowledge Discovery from Database (KDD). 

The reduction of the space of description and the number of 
data are two dual approaches which bring brief replies to this 
problem. We often gather them under name “reduction of 
dimensions”. Their objective is to select or extract an optimal 
subset from characteristics and/or objects for a fixed criterion. 
By eliminating non relevant or redundant information 
according to the criterion used, these approaches make it 
possible to reduce the size of the data set according to its two 
dimensions to make it more representative to a given problem.  

They have the following objectives: (1) simplify the data 
visualization and comprehension; (2) reduce the storage space; 
(3) reduce the time of training and use, and (4) identify the 
relevant factors. 

Several works were proposed in the literature to seek and 
improve the Data Mining methods among which we quote the 
Information Retrieval (IR), the data querying, the clustering, 
the Formal Concept Analysis (FCA) etc. 

In this work, we focus ourselves on fuzzy clustering of 
large-scale data sets. 

Several works improve this method while proving its 
performances in the management of the large-scale data sets 
that on the determination of the optimal number of clusters. 

However, these solutions are insufficient to ensure a good 
clustering of the large-scale datasets, in which the data can 
have hundred attributes or variables and make the clustering in 
this space extremely difficult. 

The Principal Component Analysis (PCA) permits to solve 
these problems while putting in considerations the following 
objectives: (1) represent observations moreover than 2 
variables into 2 or 3 dimensions; (2) reduce dimension in a 
relevant way while guaranteeing a minimal loss of information. 

The new variables obtained have the following 
characteristics: (1) they are ordered according to the 
information which it restores of the initial variables; (2) they 
are not linearly correlated between them. 

The rest of the paper is organized as follows: section 2 
presents some works on the clustering large data sets. Section 3 
presents our approach for fuzzy clustering of large-scale data 
sets while using the PCA. Section 4 presents experimentation 
and evaluates the approach. Section 5 concludes the paper and 
presents the future work. 

II. CLUSTERING OF LARGE DATA SETS 
When we treat large datasets, the problem of the resources 

always emerges. In our case, the traditional clustering 
techniques have important complexities, so, it is not obvious to 
apply them to large datasets, because they are so enormous that 
we cannot store it in memory. A solution consists of applying 
compression technique to prevent that these kind of datasets 
exceeds the memory space. 

For this, several techniques and approaches were applied to 
the methods and existing algorithms to deal with the problem 
of the clustering in the large datasets, we divided them into data 
reduction and dimension reduction techniques. 

For data reduction, several researchers studied the concept 
of sampling and data compression [9], [10], [11], [12], [13], 
[14], [15], [16]. Table 1 presents a comparative study of these 
approaches. 
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TABLE I.  COMPARATIVE STUDY OF LARGE DATA SETS CLUSTERING 
ALGORITHMS 

Were X is the data set, C is the number of clusters, V the 
initial centers and P the sampling data. 

The majority of the algorithms presented above are 
interesting, but they present some limits. Although they solve 
the problem of the clustering of large datasets, they require also 
the number of clusters like input parameter. However WEFCM 
(Weighted Enhance Fuzzy C-Means) [19] presents a good 
automatic system of clustering while provides the optimal 
number of clusters. Based on this point, and since this 
algorithm allows only the data reduction, we will associate to 
him a dimension reduction procedure. This is to facilitate the 
clustering of large-scale datasets. 

The principle of this algorithm is as follow: suppose we 
intend to cluster a large data sets present on a disk. We can 
only load a certain percentage of the data based on the 
available memory allocation. If we load 1% of the data into 
memory at a time then we have to do it 100 times to scan 
through the entire data set. We call each such data access a 
Partial Data Access (PDA). The number of partial data 
accesses will depend on how much data we load each time. 

In this algorithm, after the first PDA, data is clustered into 
c partitions using EFCM [8]. Then the data in memory is 
condensed into c weighted points and clustered with new 
points loaded in the next PDA. These points are calculated by 
summing the membership of examples in a cluster. In each 
PDA new singleton points are loaded into memory and 
clustered along with the past c weighted points obtained from 
the previous clustering. It is called Partial Data Clustering 
(PDC). After clustering these new singleton points along with 
the past c  weighted points, they are condensed again into c  
new higher weighted points and clustered with examples 
loaded in the next PDA. This continues until all the data has 
been scanned once.  

The evaluation of the clustering with WEFCM is done 
globally and locally. So, it uses the following measures: 

Global Weighted Separation-Compactness: given a cluster 
scheme { }cCCCC ,...,, 21=  for a data set { }NxxxX ,...,, 21= , let 

='C { CCpj  and pjC  is not singleton, kj ,...,2,1=  

where 'Ck = }, the global weighted separation-compactness, 

WSC , of a cluster scheme C  is given equation (1).  
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where ( )ij xμ  is the membership degree of data ix  to thj  

cluster and iw the weight of a data [19].  
Then, the objective of WEFCM algorithm is to find the 

cluster scheme which solves: 

{ }
Ω≤≤ C

WSC
Nc

maxmax
2

 (2) 

Where CΩ denotes all of the candidate cluster schemes for a 
certain number of clusters c . 

We still use the measures of separation and compactness to 
evaluate individual clusters (except singleton). 

 Local Weighted Separation-Compactness : given a cluster 
scheme { }cCCCC ,...,, 21=  for a dataset { }NxxxX ,...,, 21= , for 
each CC j ∈ , if jC  is not singleton, the local weighted 
separation-compactness of jC , denoted as jwsc , is given by 
equation (3) [19].   
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Thus, the “worst” cluster is the one with the least jwsc value.  
 
Procedure 1 Weighted Merge-based Process [19] 

Step 1: Build the array { }1
**

2
*

1
** ,,...,, += cc CCCCC , such that 

each *
jv is the center of cluster ** CC j ∈ . 

Step 2: Calculate wsc value for each *
jC  in *C , 

Step 3: Delete the center of cluster with the least wsc value 
from *C , recalculate the   cluster centers. Store the new 
cluster scheme { }cCCCC ,...,, 21= . 

Procedure 2 Recalculate the cluster centers [19] 
Step 1: Choose the nearest center *

jv  for each element Xxi ∈ , 

and group ix   into    cluster *
jC whose center is *

jv . 

Step 2: Calculate the data median for each *
jC  as the new center 

for it; denote it as jv , output the cluster 

scheme { }cCCCC ,...,, 21= . 
Step 3: If ( )CC ≠*  and maximum step is not reached, go to step1. 
Step 4: Output C . 

Let p the fraction of data loaded in each PDA, d the number 
of PDA’s required by WEFCM and dr ≤≤1 . 

WEFCM follows the following steps [19]: 
 

Name Type Inputs 
Used techniques  

(sampling or 
compression) 

Optimized for 

CURE Hierarchical X+C+ Number of 
representatives Sampling Large Data sets 

CLARANS 
Partition-

based  
clustering 

X+C+ Maximum 
number of the nearest Sampling Spatial data sets 

GEFFCM 
Partition-

based  
clustering 

X+C Sampling Large Data sets 

Single pass 
k Means 

Partition-
based  

clustering 
X+C+Vi Compression Large Data sets 

Single pass 
fuzzy C- 
Means 

Partition-
based 

clustering 
X+C+P Compression Large Data sets 

WEFCM 
Partition-

based 
clustering 

X Compression Large Data sets 
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Step 1: The first PDA. Applying the EFCM clustering 
algorithm. 

Step 2: Repeat 
Clustering will be applied on singleton points freshly 
loaded in the thd  PDA along with optc weighted points 

obtained after condensation from the ( )thd 1− PDA. So, 
there will be cnd + points in the memory for 
clustering using EFCM by taking in account of 
weighted local and global measures.  
Until  r=d. 

However, data used in clustering can have hundreds 
attributes or variables. Clustering in such space of high 
dimensionality is extremely difficult. The calculation of 
similarity becomes very expensive. 

Another problem can occur in a space of high dimension, it 
is the presence of non relevant attributes which affect 
proximity measurements. In fact, this phenomenon can appear 
with data of low dimension, but the possibility of presence and 
the number of the non relevant attributes increase with the 
dimensionality. 

There are certain techniques for dimension reduction to 
solve the problems above, such as the technique of selection of 
attributes, the reduction of dimensionality, classification under-
spaces and Co-classification [17], [15]. 

We present, in the next section, a new algorithm for 
clustering large-scale data sets while using the PCA. 

III. CLUSTERING OF LARGE-SCALE DATASETS USING PCA 
The clustering is often used to facilitate the training and 

decrease the processing time. Particularly in the case when the 
clustering is made on the two levels. 

It should be noted that the data clustering, in order to gather 
them in a number of representative clusters is the most used, 
but we can also make a scale clustering in order to reduce their 
number. 

A. PCA Terminology 
The purpose of PCA is to create one or more variables 

which are a linear combination of n  variables. A data 
described by  n  variables belonging to  R  can be represented 
by a point in a space R with n  dimensions. 

The PCA allows, starting from n  variables belonging to nR , 
to build p  ( )n≤ other variables, called principal components (or 
factorial axes), which are linear combinations of the n initial 
variables. Each principal component will be defined by a linear 
equation bringing into account the initial variables which take 
part in its construction. 

If there are only two variables ja and ka , we give the graph 
giving ja  according to ka  and we see immediately if there is 
linear correlation or not. If there are more than two variables, 
this geometrical approach does not function any more, because 
we are unable to understand a space with more than 3 
dimensions.  

The fundamental idea of the PCA is the following one: 
considering the group of points in  P  dimensions (in this space, 
1 point = 1 data), we seek to find the plan (the two-dimensional 
representation that we will be able to see and understand) in 
which the projection of the points of the cloud is least possible 
distorted therefore most reliable possible.  

For that, we start by seeking the line 1Δ which minimizes 
the squared sum of the distances between each point and the 
line.  

This line has the property to be the direction according to 
which the variance of the points is biggest. Then, we look for a 
second line 2Δ   perpendicular to 2Δ  and have the same 
property; and we continue until obtaining P lines which form 
an orthogonal reference mark.  

We note that, like any statistical method, the number of 
data and the number of attributes must be relatively important 
so that the conclusions of the PCA have a meaning; 

Let take the example of data in table II which describes 10 
persons by their physical characteristics and their annual 
average notes. 

TABLE II.  DATA  EXAMPLE 

Data Weight Tall Age Mark

1 45 1.5 13 14 
2 50 1.6 13 16 
3 50 1.65 13 15 
4 60 1.75 15 9 
5 60 1.7 14 10 
6 60 1.7 14 7 
7 70 1.6 14 8 
8 65 1.6 13 13 
9 60 1.55 15 17 

10 65 1.7 14 11 

B. Distances Calculation, Data Centering and Reduction 
It is necessary to start by defining a distance concept 

between two data. So, if we take the Euclidean geometry, we 
could write: 

( ) ( )=

=
−=

Pk

k
kjkiji xxxxd

1
,,

2 ,  (4) 

Let us consider data 4x , 5x and 6x . We have ( ) 0.2, 54
2 =xxd , 

( ) 0.5, 64
2 =xxd and ( ) 0.9, 65

2 =xxd . Now if we express the talls in 
centimeters, the distances become: ( ) 27, 54

2 =xxd , ( ) 30, 64
2 =xxd  

and  ( ) 9, 65
2 =xxd . It is noted that according to the unit used, 

data 6x  is closer to the 4th or of 5th, we use reduced centered 
variables to avoid this problem.  

In this case, we obtain ( ) 3.2, 54
2 =xxd , ( ) 6.2, 64

2 =xxd  and 
( ) 8.0, 65

2 =xxd , whatever the units used. 

Afterwards, we consider that the data are centered and 
reduced. The definition of distances given above means that all 
attributes have the same importance in the distance measure. 

We use equation (5) to balance the attributes to have more 
or less importance: 
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where a weight kw belongs to R  and balances each 
component of the distance for each attribute.  

If all the attributes have the same importance, we take kw all 
equals. We suppose here that all the attributes have the same 
importance and that 1=kw . For this the calculation of the 
averages and standard deviations is essential for data centering 
and reduction. x  is the arithmetic mean of each column, it is 
presented by equation (6). 
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The standard deviation is the square root of the variance; it 
is presented by equation (7): 
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Table III gives the average and the standard deviation of 
each variable (column). 

TABLE III.  CHARACTERISTICS OF THE GRAVITY CENTER 

 Weight Size Age Note

Average 58.5 1.64 13.8 12.0 

Standard deviation 7.84 0.08 0.79 3.50 

Once we calculate the average and the standard deviation of 
each column, we determine the centered and reduced 
coordinates of each data in a new reference mark whose origin 
is the gravity center and whose axes are parallel to the original 
ones (of the non reduced and non centered data).  

Table IV presents the new centered and reduced data. 

TABLE IV.  DATA CENTRING AND REDUCTION 

 Weight Size Age Note 

1 -1.72 -1.72 -1.01 0.57 

2 -1.09 -0.45 -1.01 1.14 

3 -1.09 0.19 -1.01 0.86 

4 0.19 1.47 1.52 -0.86 

5 0.19 0.83 0.25 -0.57 

6 0.19 0.83 0.25 -1.43 

7 1.47 -0.45 0.25 -1.14 

8 0.83 -0.45 -1.01 0.29 

9 0.19 -1.09 1.52 1.43 

10 0.83 0.83 0.25 -0.29 

Next, we suppose that we centered and reduced the data, 
0=jx  is the average of thj  column and ( ) 1=jxσ { }Pj ,...,1∈∀ . 

This assumption simplifies the calculations and the 
notations. The N data described by their  P  characters can be 
put in the form of a matrix having  N  lines and P columns: one 

line describes a data and each column corresponds to an 
attribute. Let us note this matrix X . 

C. Matrix Counting 
To determine the principal components, we start from a 

square matrix. The choice of the matrix type is a parameter of 
the PCA. It is directly function of metric adapted to the 
problem. 

• Covariance matrix 

The covariance of two variables 1V and 2V is an indicator of 
the simultaneous variation. Covariance is positive when 2V  
grows each time 1V   increases. It is negative when 2V  decrease 
each time 1V   increases. It is null if 1V  and 2V  are independent. 
Covariance and correlation are of the same sign. Covariance is 
function of the coefficient of correlation.  It is given in equation 
(8). 

( )21,VVCov = Stand-Dev ( )1V * Stand-Dev ( )2V * ( )21,VVCor    (8) 

Where Cov is the covariance, Stand-Dev is the standard 
deviation and Cor the correlation. 

If there are homogeneous data with identical magnitude 
orders, then there is an Euclidean metric and we work with a 
covariance matrix.  

With each couple ( )21,VV , the value of each element of the 
matrix is that of the covariance of the couple ( )21,VV . 

• Correlation Matrix 

For each couple ( )21,VV , the value of each element of the 
correlation matrix is the correlation coefficient between 

1V and 2V .  It is given in equation (9). 

( )21,VVCor  = ( )21,VVCov / (Stand-Dev ( )1V * Stand-Dev ( )2V ) (9)

If there are heterogeneous data with different magnitude 
orders, we work with a correlation matrix. It is given in 
equation (10) 

( ) ( ) ( )
( ) ( )

=

1

,,1
,,,1

132

212121

Paaraar
aaraaraar

R  (10) 

R is symmetric since ( ) ( )jkkj aaraar ,, = (the left lower 
triangle was not indicated). For centered and reduced variables, 
these two matrices are equal: VR = . 

We have the relation: XX
P

R T1= where TX indicates the 

transposed of the matrix X . The examination of the correlation 
matrix is interesting: it makes it possible to immediately locate 
the strongly correlated variables and the variables which are 
not correlated. 

The calculation of the eigenvalues and the eigenvectors of 
R  provide all required information. 

Let we note { }Pi ,...,1∈λ the P eigenvalues of R  ordered in a 
decreasing way: Pλλλ ≥≥≥ ...21 and their P   associated 
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eigenvectors  
→

iv  { }Pi ,...,1∈ . R  is symmetric and defined positive, 
its values are real and positive and its own vectors have real 
coordinates.  

If there exists one, or many, null eigenvalues, we 
understand that the attributes are not linearly independent some 
of the others: one, or several, attributes are obtained by linear 
combination of the others. 

      Eigenvectors are unit and orthogonal two by two and form 
an orthonormal basis. They are the required main axes. The 
main axis is that associated to the biggest eigenvalue. 
Therefore, the q  main axes are the lines whose unit vectors are 
the eigenvectors associated to the q  biggest eigenvalues and 
going by G . 

We obtain the principal coordinates of the data by 
projecting them in this space, i.e. by making the scalar product 
of the coordinates (centered reduced) of a data by each one of 
the P eigenvectors. By taking 2=q , we can represent the 
N data in the principal plan.  

The data distribution in the principal plan must be realized 
and studied. The problem is to know if the representation in the 
principal plan is faithful to the initial group of data. We 
approach this point below. 

In the rest, we give an explanation on the calculation of 
eigenvectors and eigenvalues of the correlation matrix.  

The first question is “What are we looking for”? The 
answer is that we seek the directions of greater lengthening of 
the data group, these directions having to be orthogonal to 
obtain an orthogonal base.  

The second question is “How to determine lengthening 

according to a certain direction 
→
v  of the data group? We 

determine it by the variance according to this direction which is 
obtained by RVV T .  

The third question is “How we obtain the direction of 

greater lengthening? We look for the vector 
→
V  which 

maximizes this lengthening, so which cancels the derivative of 

this lengthening. We seek 
→
v a vector with norm 1 which 

cancels →

→→

vd

vRvd
T

. The direct calculation of this derivative don’t 

give anything interesting, the trick consists in calculating the 

derivative of this same quantity divided by 1; the norm of  
→
v   

is 1 (by assumption); this norm is worth 
→→
vRv

T
; we are 

interested in  
→
v  which cancels →

→→→→

vd

vvvRvd
T

T )/()( . So that this 

derivative is null, the relation obtained is: 
→→→→→

== vvvRvvR T λ . 

Therefore, 
→
v must be an eigenvector of R  associated to the 

eigenvalue. We must be interested in the eigenvector associated 

to the greatest eigenvalue. More generally, the set ordered 
eigenvectors according to their decreasing eigenvalues will 
provide the set of directions corresponding to lengthening in 
the decreasing order of the data group.  

The matrix R  is symmetric and definite positive. It has only 
real and positive or null eigenvalues. Moreover, eigenvectors 
form an orthonormal base. The rank of the eigenvalues 
indicates their importance. If some eigenvalues have much 
more important values than the others that mean that the 
essence of information is given by these main axes and that the 
others axes give little information. 

On the contrary, if all the eigenvalues have approximately 
the same value, then no main axis can be left. The ideal 
situation is, when one or two eigenvalues are very important 
compared to the others. Notice that 

{ }
Pi

Pi
=

∈
λ

,...,1
, the importance 

of an eigenvalue compared to the others is well measured by its 
inertia. It is given in equation (11). 

P
i

i
λλ =  (11) 

iλ is the variance along the main axis carried by the 

eigenvector; therefore 
→

iV is the variance of the principal 
component iz . 

Also we note that the covariance matrix in principal space 
is diagonal: by a PCA, we obtain a representation in a data 
space in which the components are not linearly correlated. It is 
a very interesting property, knowing that projection in the 
principal plan deforms reality by shortening the distances (the 
distribution of the data in the first space).  

It is necessary to be able to estimate this deformation. For 
that, we calculate the cosine of the angle formed by the half-
line  going of the origin to the initial point  and the half-line 
going of the origin to the projection of the point in principal 
space, either an axis, or a plan.  

We note { } { }pjNi ,...,1,,...,1 ∈∈θ  the angle between the half-line 
passing by the origin and the initial point ix and the main axis 
j . { } { } { }pkpjNi ,...,1,...,1,,...,1 ∈×∈∈θ is the angle between the half-line 

passing by the origin and the plan formed by the main axes j  
and k . The square cosine of these angles is given in equation 
(12) and (13). 

{ } { }
{ }∈

∈∈ =
Pj ij

ij
pjNi

x

z

,...,1
2

2

,...,1,,...,1
2cos θ  (12) 

{ } { } { }
{ }∈

∈×∈∈
+

=
Pj ij

ikij
pkpjNi

x

zz

,...,1
2

22

,...,1,...,1,,...,1
2cos θ  

(13)

Where ijz  and ikz  are the coordinates on the main axes j  
and k  of the data ix . A square cosine lower than 0.3 indicates 
an important deformation (>57°). 
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The linear coefficient of correlation between the thj  initial 
variable jx  and the thk principal component   kz is given in 
equation (14). 

[ ] kjkkj vr λ×=
→

,  (14) 

All the axes can have their utility. To judge some, it is 
necessary to compare the various eigenvalues (seen above). For 
each one, we can measure their inertia jI  and their cumulated 
inertia. It is given in equation (15). 

≤
=

ij
ji IC  (15) 

D. Dimension Reduction 
The dimension reduction procedure makes it possible to 

reduce the number of variables of the data set while 
maximizing the information (variance) contained in the 
simplified model. 

Procedure 3Dimension Reduction by PCA 

Step 1: Data centering and reduction by using equations 6 and 
7. 

Step 2: Calculation of the correlation or covariance matrix 
using the equations 8 and 9. 

Step 3: Calculation of eigenvalues and eigenvectors of the 
matrix. 

Step 4: Sort out the eigenvalues thanks to their inertia given by 
the equation 11. 

Step 5: Select the PK ≤ eigenvectors and generate the whole 
data in a new presentations structure using the 
equation 15. 

Step 6: Look into the correlation between the initial and the 
principal data using the equation 14. 

This procedure will be applied to the data set in order to 
ensure a dimension reduction. Once reduced, WEFCM can be 
applied to classify the data. The new algorithm was named SR-
WEFCM (Scale Reduction-Weighted Enhance Fuzzy C-
Means). 

E. Illustrative Example 
For a better assimilation of PCA, we take again the example 

given above with persons and their characteristics. It is given 
by equation (16). 

−−−
−
−
−

=

132.062.056.0
32.0139.048.0
32.039.0136.0
56.048.037.01

Mark
Age
Tall
Weight

MarkAgeTallWeight

R

 

(16) 

The eigenvalues and eigenvectors are given in equation 
(17). 

391.2
1

=λ , ( )5383,0,4455.0,5038.0,5080.01 −=
→
v  (17) 

750.0
2

=λ , ( )4381,0,7085.0,4641.0,3065.02 −=
→
v  

584.03 =λ , ( )2593,0,4712.0,5253.0,6593.03 −−=
→
v  

274.04 =λ , ( )6715,0,2855.0,5042.0,4619.04 −−=
→
v  

 

We notice that no eigenvalue is null and we can verify that 
the 4 eigenvectors are unit and orthogonal two to two. We can 
calculate the inertia and the cumulated inertia of each 
eigenvalue in table V. 

TABLE V.  INERTIA AND CUMULATED INERTIA FOR EACH EIGENVALUE 

λ  I  C  

2.391 0.59775 0.59775 
0.750 0.1875 0.78525 
0.584 0.146 0.93125 
0.274 0.0685 1.0 

The data coordinates in the new reference mark are 
calculated as given in equation (18). 

( )
( )
( )
( )→

→

→

→

44,13,12,11,1

34,13,12,11,1

24,13,12,11,1

14,13,12,11,1

Vxxxx

Vxxxx

Vxxxx

Vxxxx
 

(18) 

For example, the coordinates of first data are:  (-2,64;-0,20;-
0,10; 1,04).  

The data coordinates on the principal’s axis are given in 
table VI. 

TABLE VI.  DATA COORDINATES  IN THE NEW PRINCIPAL PLAN 

Data Coordinates 
1 (-2.64, -0.20,-0.10 ,1.04) 
2 (-1.94, -0.36, 0.32,-0.35) 
3 (-1.44,-0.80, 0.59,-0.35) 
4 (2.08,-0.08, 1.20, 0.19) 
5 (0.99,-0.42, 0.30,-0.05) 
6 (1.47,-0.82, 0.06, 0.56) 
7 (1.32,-0.35,- 1.45, 0.41) 
8 (-0.43,-0.14, -1.25,-0.67) 
9 (-0.57, 2.39, 0.41,-0.07) 

10 (1.17,-0.08, -0.07,-0.57) 
In table VII, we calculate the correlation between initial 

variables and principal components. 

TABLE VII.  STUDY OF THE CORRELATION BETWEEN INITIAL VARIABLES 
AND PRINCIPAL COMPONENTS 

 1z  2z  3z  4z  

Weight 0.785 0.266    -0.504   -0.242 
Tall 0.779 -0.403 0.402 -0.264 
Age 0.689 0.611 0.360 0.150 

Mark -0.832   0.380    0.198    -0.352 
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We notice that: the 4 variables are strongly correlated (in 
absolute value) with the first main axis. The variable Mark is 
correlated negatively with the three other variables. And finally 
to estimate the deformation due to projection in the principal 
plan, we calculate 2cos . It is given in table VIII. 

TABLE VIII.  ILLUSTRATION OF THE DEFORMATION DUE TO THE  
PROJECTION 

Data 
1,1

2cos θ  2,1
2cos θ  3,1

2cos θ  4,1
2cos θ  

1 0.859 0.005 0.82 0.82 
2 0.916 0.031 0.94 0.94 
3 0.628 0.195 0.83 0.74 
4 0.745 0.001 0.75 0.99 
5 0.785 0.142 0.88 0.79 
6 0.690 0.212 0.87 0.67 
7 0.419 0.030 0.45 0.93 
8 0.084 0.008 0.09 0.79 
9 0.053 0.919 0.97 0.08 

10 0.804 0.004 0.80 0.80 

IV. EXPERIMENTATION AND EVALUATION  
We evaluated in experiments the algorithm SR-WEFCM on 

large-scale data such as isolet5. We then carried out a 
comparison of the results given when we applied only WEFCM 
to the data and in the case when we applied SR-WEFCM. 

ISOLET5 is a subset of the ISOLET (Isolated Letter Speech 
Recognition) set, the letter of the experiment of voice 
recognition. This subset was prepared in the same way that in 
[18]. Ten classes out of 26 (represents the letters of the 
alphabet) were selected by chance (this set is composed of 
1559 data and 617 attributes) [18]. The optimal number of 
clusters for this whole data is 10.  

The comparative study will be made according to tow axes: 
the first consists of the dimension reduction, the second will be 
the clustering quality. 

A. Dimension Reduction   
      Our dimension reduction procedure using PCA produces 
two files: the first contains a general data analysis like columns 
average, their standard deviation, the values, the vectors and 
some other information about correlation between the initial 
variable and principles components. The second file contains 
new coordinates of each data in the new plan. 
 
      The performance and importance of the dimension 
reduction approach using PCA becomes clear when we 
examine the isolet5 data set. Thanks to this method we could 
reduce the variables number. After this analysis, we obtain 3 
principles components instead of 617 attributes. Each principle 
component presents and synthesizes a set of initial variables. 
         During this first step, we could reduce the attributes 
number to a restricted number of principles components. In 
other word, we were aware of information quantity observed in 
the initial data set while tacking only few reduced principles 
components. We obtained the new coordinates in the new 
mark. The next step will be the data reduction, which means 

that we will apply the WEFCM clustering algorithm on the 
new data set. 

B. Clustering Quality 
We applied WEFCM and SR-WEFCM to ISOLET5, 10 is 

the optimal the number of clusters. The matrix of the output 
centers was the following one: 

TABLE IX.  MATRIX OF CENTERS BY WEFCM 

Variable 1 … Variable 100 …

Cluster 1 -0.032180 … 0.103958 …

… … … … …

… … … … …

Cluster 10 0.074184 … 0.055395 …

We point out that each element contains 617 Attributes, and 
therefore we chose to represent only some attributes, and only 
for some clusters. 

TABLE X.   MATRIX OF GENERATED C ENTERS BY SR-WEFCM 

Variable 1 Variable 2 Variable 3

Cluster 1 0.216584 -0.036261 -0.000480

… … … …

… … … …

Cluster 10 -0.002041 0.000196 0.152780

 

In the same way, we drew the tables of the associated 
indices relating to ISOLET5. 

Table VII presents the validity indices obtained when we 
use WEFCM clustering algorithm. 

TABLE XI.  VALIDITY INDICES WITH WEFCM 

Number of clusters Validity indices

11 0.026344 

10 0.050870 

9 0.046293 

8 0.028907 

7 0.029964 

6 0.020478 

5 0.017594 

4 0.013673 

3 0.006801 

2 0.001851 

 

As we can see, the optimal number of clusters is obtained 
with the biggest value of validity index. 

Table VIII presents the validity indices obtained when we 
use SR-WEFCM clustering algorithm. 
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TABLE XII.  VALIDITY INDICES WITH SR-WEFCM  

Number of clusters Validity indices 

11 0.049331 

10 0.283013 

9 0.030206 

8 0.044234 

7 0.036985 

6 0.245792 

5 0.120833 

4 0.022860 

3 0.046677 

2 0.001674 

According to table VIII, the biggest value of the index 
corresponded to the optimal number of clusters is equal to 10. 

We note that in spite of the dimension reduction, the 
suggested system proved its performances in the determination 
and the evaluation of the number of clustering. 

Table IX presents the run time of both WEFCM and SR-
WEFCM clustering algorithms. 

TABLE XIII.  RUN TIME  

WEFCM 71.076442 

SR-WEFCM 0.288956 

The importance of our system was quite remarkable also 
when we examine the run time of the clustering algorithm for 
large-scale data set, (the isolet5 in our case). It is noticed that 
the difference in run time is very important, so, we can say that 
the reduction of large-scale data set by dimension reduction 
procedure involves necessarily a run time reduction. 

V. CONCLUSION  
Recent progress in data filing field offers new challenges to 

the theorists of Data Mining. One of these challenges is to 
manage large data sets, in which traditional algorithms and 
researcher’s intuition have multiple difficulties.  

In this direction, clustering proposes important and 
effective techniques of data sampling and compression in order 
to reduce the memory size dedicated to the data which will be 
classified.  

So, it is possible to know, that only a small number of 
variables have interest. In this case, these variables can be 
selected and the other thrown, in order to reduce the data set 
dimensionality. More generally, dimension and data reduction 
prove to be necessary for the management of large-scale data 
sets. 

The scale-reduction is a complex problem which has been 
largely studied.  In this paper, we have proposed a new 
clustering algorithm, called SR-WEFCM, used in the case of 
large-scale data sets and based on, both a compression 
technique to reduce the data, and PCA to reduce the variables 
(or attributes).  

With SR-WEFCM, our objective is reached. We work out 
an automatic clustering algorithm for large-scale data set. This 
is ensured through both an enhanced compression technique 
and validity measures which allow the evaluation of obtained 
clustering while giving the optimal number of clusters. It 
ensures a double reduction, the dimension and the data. 

As future work, we propose to i) test our approaches with 
other large-scale data sets and ii) take into account uncertain 
data and keep only the data representative by using a selection 
variables technique. 
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