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Abstract

World Wide Web overwhelms us with the
immense  amounts  of  widely  distributed
interconnected, rich and dynamic information. As a
consequence of this, Web Usage Mining becomes one
of the popular research areas. It involves the
application of data mining techniques to discover
usage patterns from the Web access logs data.
Clustering is one of the important functions in Web
Usage Mining to group the user access patterns which
have the same access behavior. In this paper, we
would like to propose a new approach, asymmetric
binary variables (one type of Jaccard coefficient) to
perform clustering. And then the performance of our
proposed approach is compared with k-means
clustering. The resulting clusters from these two
methods are tested with two internal validation
methods: Dunn Index and DB Index (Davies and
Bouldin Index). Finally, we point out the strengths and
weaknesses of each method. According to the analysis
results, the findings of clustering upon these methods
can be seen clearly.

1. Introduction

In this paper, we would like to perform
clustering using Web server access logs and
compare the performance of two -clustering
methods. For k-means, we use Euclidean
distance measure metho@specially, we would
like to point out the importance of the choice of
initial cluster centers and the numbers of clusters
that affect the applied clustering algorithm.The
random choice of initial seeds changes the
cluster members and clusters’ quality.

By using asymmetric binary variables for
clustering, the processing steps of the clustering
can be reduced. Moreover, we don't need to
define initial cluster centers and only need to
define maximum distance values for organizing
clusters. For this method, changing the maximum
distance value can get the highest cluster quality.

The purpose of the research is to analyze the
final results (clusters) how much they perform
precisely from the different clustering methods
and which results the highest quality for clusters.

The contribution of the research is to
correctly characterize the users’ behaviors by
using the clustering algorithms. The system is
intended to be applicable in Prefetched systems,

A cluster is a collection of data objectSpeganalized Systems, Web Site Maintainers and

that are similar to one another within the SaM@ah Site Developers. Because of seeing the
cluster and are dissimilar to the objects in othetopovior of the useré correctly, they have a

clusters. The process of grouping a set Qfance to fulfill users’ satisfaction.

physical or abstract objects into classes of simila

objects is called clustering [1]. Clustering is

often called unsupervised learning, becaus%- Related Work

unlike supervised learning, class values denoting

an a priori partition or grouping of the data are D. Banumathy etal proposed a
not given. The quality of clustering can peframework to improve the cluster quality from
accessed based on a measure of dissimilarity Bf¢ k-means algorithm as two steps process.

objects, which can be computed for various typesneir proposed algorithm is tested in medical
of data, including interval-scaled variables, ofomain and showed that refined initial starting

combinations of these variable types [2]. points and post processing refinement of clusters
indeed lead to improved solutions[3].



D. Qi et.al introduced a Self-Organizing Map Table2. Sample preprocessed data

(SOM) based approached to mining web log User Site

data. They used web log file for October, 2006

from the http://cs.lamar.edu as their test data[4]. | 192-168.0-254 hitp:/www.google.com
C. I. Mary etal presented Ant Colony _ _

Optimization (ACO) to improve clustering. Their 192.168.025 il jeee.org

important point is to improve the clustering [71971680.252 http-//www.google.com

quality after grouping. The quality of clusters

was tested using two measures called Entropy| 192.168.0.254 http://www.google.com

and F-measure. They described that their method

provides better results than conventional | 192.168.0.21 http:/iwww.ieee.org

algorithm [5].

The paper [6] described the similarity-based Thereafter, the relational table was created by
clustering approach to group the communities Qfsing these data objects, Users and Sites. The
users for prefetching the predictive page. Theyssumption was that IP address as User. Sites are
used web logs as their data source. also represented with alphabetic letters. If the

P.S. Bradley et. al proposed a framework tQser accesses the particular web site, assign 1
improve the web sessions’ cluster quality from kotherwise 0 at the respective place in the
means clustering using genetic algorithmelational table. So, the data from the table2 was
(GA[7]. transformed into table3 as follow:

Table3. A relational table containing binary

3. Data Sourcefor Clustering bl
vari es

Our proposed system uses the data source as
web logs. The raw data from the web access log
file is in the following form: AIlBICIDIETEl Gl H

Tablel. Sample web accesslog raw data

Users Web sites

ul 1 1 1 1 o O 1 1

192.168.0.254 - - [17/3ul/2009:14:12:41 +0630] "GET
http://www.google.com/images? HTTP/1.0" 302 520 u2 1 1 1 1 1 1 0 0
TCP_MISS:DEFAULT_PARENT

us 1 1 1 0 o 1 0 1

192.168.0.254 - - [17/Jul/2009:14:12:41 +0630] "GET
http://www.ieee.org/ HTTP/1.0" 302 520 U4 1 1 1 1 o O 1 1
TCP_MISS:DEFAULT_PARENT

us 1 1 1 1 1{ 1 0 0

192.168.0.252 - - [17/Jul/2009:14:12:41 +0630] "GET
http://www.google.com/ HTTP/1.0" 302 520 u6 1 0 1 1 1{ 1 1 1
TCP_MISS:DEFAULT_PARENT

u7 1 1 1 1 1 1 1 0

192.168.0.254 - - [17/Jul/2009:14:12:41 +0630] "GET
http://images.google.com/images? HTTP/1.0" 302 520 us 1 0 1 1 1 1 1 1
TCP_MISS:DEFAULT_PARENT

192.168.0.251 - - [17/Jul/2009:14:12:41 +0630] "GET L. i
http://www.ieee.org/ HTTP/1.0" 302 520 4, Jaccard Coefficient for Clusteri ng
TCP_MISS:DEFAULT_PARENT

4.1. Asymmetric binary varialbes

Table2 presents the portion of the
preprocessed data used in our system. A binary variable is asymmetric if the
outcomes of the states are not equally important,



such as positive and negative outcomes of thais step, the distance values of users less than
disease test. Given two asymmetric binarghe maximum distance value exist in one cluster.
variables, the agreement of two 1s (a positiv€lustering results are then analyzed with two
match) is considered more important than that afternal validation methods.

two Os (a negative match). The similarity based

on such variables is called non-invariants. K-Meansfor Clustering
similarity and the most well-known coefficient is

Jaccard coefficient. The k-means is one of the best known
partitional clustering algorithms for Web Usage
4.2. Creating contingency table Mining. It is perhaps also the most widely used

among all clustering algorithms due to its
The binary variables can be thought of asimplicity and efficiency. Given a set of data
having the same weight, and then we have 2 by®ints and the required number of k clusters (k is

contingency table as follows: specified by the user), this algorithm iteratively
Tabled. A contingency tablefor binary partitions the data into k-clusters based on some
variables distance function.
Object | 5.1. Function of k-meansalgorithm
1 0 sum The k-means algorithm partitions the given

data into k clusters. Each cluster has a cluster
center, which is also called the cluster centroid.
At the beginning, the algorithm randomly

selects k data points as the seedtroids. It then
sum q+s r+t p computes the distance between each seed
centroid and every data point. Eatdta point is

Object i 1 q r g+r

0 S t S+t

For this system, the number of negative . . . .
.y ) , . g. .assigned to the centroid that is closest to it. A

match, t (object i doesn’t access object j) is . . .
: . . : centroid and its data point therefore represent a
unimportant and ignored in the computation. We

. .. " Cluster. Once all data points in the data are
use the Jaccard coefficient of asymmetric bmarg . . .
. ssigned, the centroid for each cluster is re-
variables as follow:

computed using the data points in the current

N 1) cluster. This process repeats until a stopping
(,1)= q+r+s criterion is met [8].

4.3. Processing steps of system using 5.2. Euclidean Distance Function

asymmetric binary variables m, = S x,, (3)
C

x;Oc;
In the first step, we must create the
contingency table for the asymmetric binary
variables. Then, we use web server access logs as
the primary data source for the system. Secondlyjyster ¢ The distance from a data pointta a

relational table is built upon the _preprocessegmster mean (centroid) jmis computed with:
web access log data. And then, distance values

are calculated using asymmetric binary variablesist (X, m;) = Hxi -m; H
one type of Jaccard coefficient using equation 3 3
(1).Finally, we must define the maximum :>‘X1‘n]1‘ +‘>ﬂz‘”]z‘ +.t
distance value to group data into one cluster. In

where ‘Cj‘is the number of data points in

(4)

2
Xr _mr




5.3. Processing steps of system using k- 0B - LZK . [diam (c,) + diam (¢ ) (8)

means K& e d(c;.c))

The system uses the preprocessed web accessit is also clear that DB index is the average
logs data as input in the first step. And then, ksimilarity between each cluster and its most
means algorithm is used to perform clusteringsimilar one. It is desirable for clusters to hawve t
The distance measure used in k-means iginimum possible similarity to each other;
Euclidean distance function. Finally, thetherefore, we seek clustering that minimizes DB.
resulting clusters are tested with two internal

validation methods. 7. System Evaluation
6. Internal Validation Methods The data from table3 is used as the input data
source of the system. When we use the Jaccard
6.1. Dunn Index coefficient by changing the different maximum
o _ d(c,-c)) (5) distance value to organize cluster, the evaluation
D, = min{ mn { W}} results are as follow:

Tableb. Evaluation results using asymmetric
binary variables

where d(gg) is a dissimilarity function between

cluster ¢and ¢ defined as o o
| ¢ :
1S o] P
d(c.g) = min dXy) (6) 3 2 § g £ 3
x0c,yog, S =< 8 7] g =
o S 0 =) S 2]
=z = o (@) [a)] [a)
and diam (C) is the diameter of cluster, which5 | 0 C1=U1,U4,U2=U2,U5 | 0.856 0
may be considered as a measure of dispersion|of C3=U3, C4=U6,US
the clusters. The diameter of a cluster C can be C5=U7
defined as

4 <=0.2 C1=U1,U4,C2=U2,U5, | 0.667 0.237

diam(C)= max d(x.y) @) U7,U3=U3,C4=U6,U8

x,yocC

4 <=0.25 C1=U1,U4,C2=U2,U5, | 0.379 0.995

It is clear that if the dataset contains compagt U7, C3=U3,C4=U6,U8

and well separated clusters, the distance betweesa | <=0.35 | C1=U1,U4,U6,U7,U8, | O can't
i i defin

clusters is expec_ted to be large and the diameter C2=U2,U5,U6,U7.U8,

of the clusters is expected to be small. Thus

based on the Dunn Index definition, we ma

determine that large values of the index indicate According to the evaluation results of table5
the presence of compact and well- separatgffe can see that maximum distance value 0 can

C3=U3

clusters. give the best cluster quality. But, it may create
empty cluster if the identical usage pattern
6.2. DB Index doesn't exist among users.

On the other hand, the defined maximum
Given that K is the number of clustersand  distance value to form clusters become large, the
¢ are the closet clusters according to averagsrobability of overlapping clusters may be
distance d and diam is the diameter of a clustefiigher. So, we can generally draw the conclusion
the DB index is defined as that we can adjust the cluster quality by changing
the different maximum distance value.



7.1. Advantages of asymmetric binary 7.3. Advantages of k-means
variables

. Simple and easy to calculate
. Simplest method to perform clustering 7.4. Distadvantages of k-means
. requires few processing steps to get
compact clusters , . High time complexity for large data sets
. can get good quality clusters by, Can get only local optimum

modifying  different maximum  acceptable
distance value
. easy to implement with less complexity

Increase time complexity for the
number of distance calculation with the increase
of the dimensionality of data

7.2. Disadvantages of asymmetric binary 8. Comparison of two methods
variables

, . . . Asymmetric binary variables don’'t need
*  cant perform clustering without the 15 gefine the number of clusters and random
identification of maximum distance value  iyitia| center points but k-means must be defined
The evaluation results of the systems using kg,iq by user.
means is as shown in table6. . Asymmetric binary variables can reduce
Table6. Evaluation results using k- calculation time than k-means because it doesn't
need to compute a center point iteratively until

means : e a
the stopping criteria is met.
‘S % " x . . . .
5 _ % £ 3 . By using asymmetric binary variables,
T = = N £ !
o8 ¢ 2 S0 we can generally draw a conclusion that
zg9 =0 o o580 maximum acceptable distance value approach to
4 UL,U3, | C1=U1,U4,C2=U3, | 0.5 | 0.328 zero can give the higher quality clusters. But we
us,u7 822575&%8 can't say definitely like that in k-means.
e . Asymmetric binary variables only
) US U | CI=US.UZ, 04 | 1298 depe_nd on the identification of acceptable
U7,U8 | C2=U6,U3,C3=U7,U4, maximum distance value but k-m_eans depend on
U1,C4= U8,u4,U1l the number of clusters and centroids.
. Asymmetric binary variables only need
4 uz,u4, | C1=U2,U3,U5U7,C2=| 0 | 0.885 to adjust the maximum acceptable distance value
ue,Us | U4,Ul, 3=U6,U4=U8 to improve the quality of clusters but k-means
requires one type of optimization algorithms to
3 371“3’ Cl=ULU4, C22U3, | 0 | 1452 | reduce mis-clustering and to improve quality of
C3=U7,U2,U5,U6,U8 clusters. o .
. Asymmetric binary variables can occur

In accordance with the analysis results ofVerlapping clusters only when maximum
table6, even if the same number of clusters, k, V\%cceptable distance value is too large and k-

. . means may occur when the number of k is not
choose, the quality of the cluster is not the Sam?arge enough and the choice of initial seeds.

The quality of the cluster also depends on the

random initial centroids. So, we can find out thag 1 Computational Complexity of two
k-means clustering can give local optimum anghethods

initial seeds selection is so important. Moreover,

cluster quality can be declined if the value o§ki  The computational complexity of k-means
not large enough. algorithm is O (nkt), where n is totaling number



of objects, k is the number of clusters and t & thl6]
number of iterations. Normally k<=n and t<=n.
The method often terminates local optimum.

The time complexity of asymmetric binary

variables is the sum of distance calculation timé]
plus identification of maximum acceptable
distance value to perform clustering. The time

complexity for distance calculation is (8l
_ n-1 L :O n )
t(n) = ;1 n-i (55

The time complexity of grouping data using
maximum acceptable distance value takes
constant time. When we ignore the constant, the
time complexity for clustering using asymmetric
binary variables is O

9. Conclusion

The purpose of the paper is to perform the
clustering with the highest quality as much as we
can. And the desired property is that we would
like to perform clustering with fewer processing
steps and intended to reduce time complexity.
According to our analysis results, asymmetric
binary variables are more appropriate than k-
means for quality of clusters. In the future, we
will try to fulfill the remaining weaknesses of our
proposed method.
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