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Abstract

Identification of the navigational patterns of casual visi-
tors is an important step in online recommendation to con-
vert casual visitors to customers in e-commerce. Clustering
and sequential analysis are two primary techniques for min-
ing navigational patterns from Web and application server
logs. The characteristics of the log data and mining tasks
require new data representation methods and analysis al-
gorithms to be tested in the e-commerce environment. In
this paper we present a cube model to represent Web ac-
cess sessions for data mining. The cube model organizes
session data into three dimensions. The COMPONENT di-
mension represents a session as a set of ordered compo-
nents

���������	�
��� � � ���	
��
, in which each component

���
indexes

the � th visited page in the session. Each component is asso-
ciated with a set of attributes describing the page indexed
by it, such as page ID, page category and view time spent
at a page. The attributes associated with each component
are defined in the ATTRIBUTE dimension. The SESSION
dimension indexes individual sessions. In the model, irreg-
ular sessions are converted to a regular data structure to
which existing data mining algorithms can applied while
the order of the page sequences is maintained. A rich set of
page attributes is embedded in the model for different anal-
ysis purposes. We also present some experimental results of
using the � -modes algorithm to cluster sessions. Because
the sessions are essentially sequences of categories, the � -
modes algorithm designed for clustering categorical data
is proved effective and efficient. Furthermore, we present a
new approach to using the first-order Markov transition fre-
quency (or probability) matrix to analyze clustering results
for categorical sequences. Some initial results are given.

Index Terms– Web usage mining, Web log analysis, Web
data model, Clustering
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1 Introduction

Web server log is a primary data source in Web mining
[3][12]. A Web server log records transactions of connec-
tions to the Web server [13]. Each transaction presents an
interaction between the Web server and a client machine a
user used to visit the Website. Standard data elements in a
Web log file include Host, Ident, Authuser, Time, Request,
Status and Bytes [20]. Additional elements such as Refer-
rer, Agent and Cookie can also be found in some log files.
Details of these Web log data elements are given in [11].
At some popular Web sites, such as www.amazom.com and
www.yahoo.com, millions of transactions are being gener-
ated daily in their log files. Managing and mining the huge
Web data source has become a big challenge to many online
organizations.

In Web mining, objects of different abstraction levels,
such as Users, Server Access Sessions, Episodes, Click-
streams and Page Views [18] [11], are usually identified
from Web log files for different mining tasks. Preprocess-
ing techniques for extracting these objects are discussed in
[2]. Among others, server access sessions (or sessions for
short) are very important for Web structure mining, Web us-
age mining [12], and path traversal patterns mining [1].
Web usage mining is related to the problems of discovery
of Web access patterns, online customer behavior analysis,
Web personalization, and design and building of adaptive
Web sites [10]. Clustering and sequential analysis of Web
access sessions play a key role in solving these problems.

A Web server session is defined by W3C as a collec-
tion of user clicks to a single Web server during a user ses-
sion or visit [21]. A simple view of a session is a sequence
of ordered pages

�����������
�����������������������
���������	�
where

���
is

a unique id for a page URL in the Web site. A session
database can be viewed as a set of such sequences. Be-
cause different numbers of pages often occur in different
sessions, this simple representation of sessions does not sat-
isfy the input data requirement of many existing data mining
algorithms. Adding more page information such as the time
spent and total hits further complicates the session represen-



tation. Different approaches have been adopted to represent
sessions for different mining tasks. In [14], a set of sessions
is encoded as a set of ��� -dimensional binary attribute vec-
tors in which each attribute represents a URL and its value
is “1” if the URL appears in a session and “0” otherwise.
This representation satisfies many existing data mining al-
gorithms. The major concern is the lost of page orders.
By using the attribute-oriented induction method [5], ses-
sions with different numbers of pages can be generalized
into vectors in the same dimensions based on the page hi-
erarchy [4]. Regular vectors can be obtained after sessions
are aggregated up to a certain level so clustering algorithms
such as BIRCH [23] can be applied to the generalized ses-
sions. One problem is again the lost of page orders. Another
problem is the lost of information on the low level pages in
the page hierarchy which are probably more interesting to
users. The WUM system uses the sophisticated aggregate
tree model to represent sessions which supports user initia-
tive queries to discover navigation patterns using an SQL
like query language MINT [17]. Such a structure can speed
up the query process. However, data-driven mining process
is not supported.

In this paper, we introduce a cube model for represent-
ing sessions to effectively support different mining tasks.
The cube model organizes session data into three dimen-
sions. The Component dimension represents a session as
a set of ordered components

���������	�
��� � ����� �
, in which each

component
���

indexes the � th visited page in the session.
Each component is associated with a set of attributes de-
scribing the page indexed by it. The attributes associated
with each component are defined in the Attribute dimension
of the cube model. Depending on the analysis requirements,
different attributes can be defined in the Attribute dimen-
sion such as Page ID, Page Category and View Time spent
at a page. The Session dimension indexes individual ses-
sions. The details of the cube model are given in the next
section. In comparison with other representation methods
mentioned before, the cube model has the following advan-
tages: (1) it represents sessions in a regular data structure
to which many existing data mining algorithms can be ap-
plied; (2) it maintains the order of the page sequences and
(3) it can easily include more page attributes for different
analysis purposes. Simple operations can be defined to ex-
tract necessary data from the model for different mining op-
erations and produce reports for summary statistics and fre-
quency counts of page visits. Therefore, the model can be
used as an efficient and flexible base for Web mining.

We present a result of using the � -modes algorithm [6]
to cluster sessions described as sequences of page URL IDs.
Since the URL IDs should be treated as categorical values,
clustering such categorical sessions is clearly a challenge to
come numeric only algorithms such as CLARANS [15] and
BIRCH [23] which are incapable as pointed out by other

researchers [9]. Our result has shown that the � -modes al-
gorithm is efficient and effective in discovering interesting
clusters with strong path patterns. We will present cluster
analysis on two Web log files and some interesting clus-
ters identified using the criteria of average distance of ses-
sions to cluster centers and the size of clusters. We pro-
pose a Markov transition frequency (or probability) matrix
approach to validating clusters of sessions and show some
initial results.

This paper is organized as follows. In Section 2, we de-
scribe the cube model and some basic operations. In Section
3, we discuss the basis of the � -modes algorithm. In Sec-
tion 4, we present a new approach to using the first-order
Markov transition frequency (or probability) matrix to ana-
lyze clustering results for categorical sequences. In Section
5, we show some initial clustering results of two Web log
files using the two clustering algorithms. We draw some
conclusions and present our future work in Section 6.

2 A Cube Model to Represent User Sessions

2.1 Session Identification

We consider a Web log as a relation table � that is de-
fined by a set of attributes ��� �
	 ����	 �
��� � � ��	�� �

. Usual
attributes include Host, Ident, Authuser, Time, Request, Sta-
tus, Bytes, Referrer, Agent and Cookie. Assume that trans-
actions generated by different users are identified by a sub-
set of attributes 
���� . Let � be a set of user ids and��� 
���� a function that maps each unique combination
of values of 
 to a user id of � . Let

	����� 
 be the Time
attribute. We first perform the following two operations on
� :

1. Use
�

to derive a new user ID attribute
	 � in � .

2. Sort � on
	 � and

	��
.

� is transformed to ��� after the two operations. Let
	 �"!$# �&%

be the value of attribute
	 �

in the � th transaction of ��� . We
then identify sessions according to the following definition:

Definition 1 A session ' is an ordered set of transactions
in ��� which satisfy

	 � !$# � (��)% � 	 � !$# �*% and
	��+!$# � (��)%�,

	��-!$# �&%/.�0
where

# � (�� �1# � � ' and
0

is a given time thresh-
old (usually 30 minutes).

Host IP address or Domain Name is often used in 
 to
identify users [16] [17] but host IP address alone can result
in ambiguity in user identification caused by firewalls and
proxy servers. More attributes such as Referrer and Agent
can be used to resolve this problem [2].
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2.2 The Cube Model

Conceptually, a session defined Definition 1 is a set of
ordered pages viewed in one visit by the same visitor. We
define the number of viewed pages in a session as the length
of the session. Each page identified by its URL is described
by many attributes, including

� Page ID,

� Page Category – a classification of pages in a Web site
based on the context of the page contents,

� Total Time – the total time spent at a page,

� Time – the time spent at a page in a session,

� Overall Frequency – the total number of hits at a page,

� Session Frequency – the number of hits at a page in a
session.

The values of these attributes can be computed from partic-
ular Web log files. A particular page in a session is charac-
terized by its attribute values while the set of ordered par-
ticular pages characterizes a session.

Let
� � ��� be the length of the longest session in a given

Web log file. For any session with a length
� . � � ��� , we

define the pages of the session between
�����

and
� � ���

as missing pages identified with the missing value “-”. As
such, we can consider that all sessions in a given Web log
file have the same length.

Given the above considerations, we define a cube model
for representing sessions as follows:

Definition 2 A cube model is a four tuple
. 
 ��� ��	 �
	��

where 
 ��� ��	 are the sets of indices for three dimensions! 
�
 '
'������ ��� ����������
�� # ��	�# #�� ����� # 
 % in which

1. 
 indexes all identified sessions ' ��� ' �
��� � � � '�� ,

2.
�

consists � � ��� ordered indices
��� ���	�
��� � �������! #"

iden-
tifying the order of components for all sessions, and

3.
	

indexes a set of attributes,
	 � ��	 �
��� � � ��	��

, each de-
scribing a property of sessions’ components.

	
is a bag of values of all attributes

	 � ��	 �
��� � � ��	��
.

Figure 1 (left) illustrates the cube model. The or-
der of session components is very important in the cube
model while the orders of dimensions 
 and

	
are ir-

relevant. Each index $ � � 	
is associated with a pair. 	�# #�� ����� # 

�%$&�'
 �
( $ # $ �*)���
 � . In this figure, we as-

sume that sessions are sorted on the value of Length( ' � )
where function Length( ' � ) returns the real length of session
' � .
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Figure 1. The cube model (left) and some op-
erations (right).

Definition 3 Let
�

be a mapping from
. 
 ��� ��	+�

to
	

that performs the following basic operations on the cube
model:

1.
� ! ' ��� � $ % �-, where ' � 
 ��� � � � $ � 	 and , � 	 ,

2.
� ! ' � ��� � $ �*% �/.�0�1�2 ��3 where .�0�1�2 ��3 is session ' � repre-
sented by $ � attribute,

3.
� ! � ��� � $ �&% �4. ��3 where . ��3 is a �657� matrix,

4.
� ! � ��8 �	� ���	� (�9;: � $ �&% returns a <=57� matrix which repre-
sents a set of partial sessions.

Definition 4 Let “ >” be a cancatenation operator.� ! ' � ��� � $ �*% > � ! ' �-(�� ��� � $ �*% attaches session ' �-(�� to
session ' � .

With these basic operators defined on the cube model,
data preparation for different analysis tasks can be greatly
simplified. For example, we can use

� ! � ��� � $ �&% to take
a slice for cluster analysis (Figure 1 (right)) and use� ! ' � ��� � $ �*% to obtain a particular session described by a par-
ticular attribute for prediction (Figure 1 (right)).

Aggregation operations can also be defined on each di-
mension of the cube model. For example, sessions can be
aggregated to clusters of different levels through clustering
operations. Page values can be aggregated to categories us-
ing a classification scheme.

The Component dimension presents an important char-
acteristic of the cube model. In this dimension, the visit
order of the pages in a session is maintained. Because it
uses component positions as variables instead of page ids as
taken by others [14], it provides a regular and flexible ma-
trix representation of page sequences which can be easily
analyzed by existing data mining algorithms such as clus-
tering and sequential association analysis.
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The Attribute dimension allows the components of ses-
sions to hold more information. For example, we can eas-
ily include time spent in each page in cluster analysis as
we will show in the following sections. From the these at-
tributes, traditional Web log summary statistics such as the
top pages by hits and spending time can be easily obtained.

3 The � -modes Algorithm for Clustering
Categorical Sessions

If we slice from the cube model only the Page variable
in the Attribute dimension, we obtain a matrix which con-
tains sessions described in categorical values. We can use
the � -modes algorithm to cluster these categorical sessions.
In this section we brief the � -modes algorithm. The ex-
perimental results of using � -modes to cluster categorical
sessions extracted from two real Web log files will be given
in Section 5. Furthermore, if we can also slice more vari-
ables such as Page ID and Time and form a session matrix
of mixture data types. In this case, we can employ the � -
prototypes algorithm [6] that is designed for mixture data
types. However, in this paper, we focus on categorical ses-
sions while the results of clustering sessions in mixture data
types will be discussed elsewhere.

The � -modes algorithm is a variant of the � -means algo-
rithm for clustering categorical data. It has made the fol-
lowing modifications to the � -means algorithm: (i) using a
simple matching dissimilarity measure for categorical ob-
jects, (ii) replacing the means of clusters with the modes,
and (iii) using a frequency based method to find the modes
to minimize the following objective function��� !�� ����% � �� 	 
 � ��

� 
 ���
	
��
 � !�� 	 ��� �&%

(1)

subject to
�� 	 
 � �

	
� � ��� ��� � � � ������� � 	 � � ��� ���
�
� ������� � �

(2)
where � !�� � % is a known number of clusters,

� � 8 � 	 � :
is a � -by- � real matrix,

� � 8 ������� �
����������� ��: �! �/� �
and


 � !�� 	 ��� �*%+!�"#� %
is the simple matching dissimilarity

measure between
� 	

and
� �

defined as
 � !�� 	 ��� �*%%$ ��& 
 �(' ! <
	 & ��) � & � % (3)

where ' ! < 	 & ��) � & % �+* � � ) � & � < 	 &��� ) � &-,� < 	 &

Here,
�

represents a set of � modes for � clusters1. It is
easy to verify that the function


 �
defines a metric space on

the set of categorical objects.
Function (1) can be optimized with the � -means type al-

gorithm Algorithm 1.

Algorithm 1 The � -means type algorithm
1. Choose an initial point

��. ��/ �0 �/�
.

Determine
� . ��/

such that
� !�� ��� . ��/ %

is
minimized.
Set

# � � .
2. Determine

��. �$(���/
such that� !��1. �2/ ����. �$(���/ %

is minimized.
If

� !��1. �2/ ����. �$(���/ % � � !��1. �2/ ����. �2/ %
, then

stop; otherwise goto step 3.
3. Determine

�1. �$(���/
such that� !�� . �$(���/ ��� . �$(���/ %

is minimized.
If

� !��1. �$(���/ ����. �$(���/ % � � !��1. �2/ ����. �$(���/ %
, then

stop; otherwise set
# � # � �

and goto
Step 2.

In Algorithm 1,
�3. �2/

is updated using Function (3) in
each iteration. After each iteration,

��. �2/
is updated using

the method as shown as in Theorem 1. This guarantees the
convergence of the algorithm.

Theorem 1 [The � -modes update method] Let 4 be a set
of categorical objects described by categorical attributes	 ����	 ����� � � ��	��

and
(65�7 ! 	 & % � � $ . ��/& � $ . �8/& �������	� $ . �:9 /& �

,
where � & is the number of categories of attribute

	 & for�;�=<3� � . Let the cluster centres
� 	

be represented
by
8 <
	
2 ��� <

	
2 �
��������� <

	
2 � : for

�>�#�?� � � Then the quantity@ �	 
 � @ �� 
 � � 	 ��
 � !�� 	 ��� �*% is minimized iff <
	
2 & � $ . A /& �(65�7 ! 	 & % whereBBB � � 	 � > ) � 2 & � $ . A /& � � 	 & � �
� BBB" BBB � � 	 � > ) � 2 & � $ . �2/& � � 	 � � �
� BBB � ��� #C� � & � (4)

for
�?�D<E� � . Here > 4%> denotes the number of elements

in the set 4 .

A proof of the theorem is given in [7]. According to
(4), the category of attribute

	 & of the cluster mode
� 	

is
determined by the mode of categories of attribute

	 & in the
set of objects belonging to cluster

�
.

4 Transition Frequency and Probability Ma-
trices for Cluster Validation

A difficult task in cluster analysis is cluster validation,
i.e., evaluation of clusters generated from a real data set by

1The mode for a set of categorical objects F�GIHKJ�GML�J�N N N J2GPORQ is defined
as an object S that minimizes

@ OT U HWV�XZY G T J�S\[ [6].
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a clustering algorithm. The task becomes more challenging
in validating session clusters because of the order of vari-
ables. In this work, we attempted to use the transition fre-
quency (or probability) matrix to validate session clusters.
The rationale of using this technique is explained below.

Assume that a sequence of pages visited in a user ses-
sion was generated by a “Markov process” of a finite num-
ber of states, (see [19]). The next page (state) to visit de-
pends on the current page (state) only. Let � be the num-
ber of different pages. The user is said to be in the state
� ! � � ����� ������� � � % if his current page is

� ��! � � ����� �������	� � % .
Let � � & be the probability of visiting page

� & , when the cur-
rent page is

���
, i.e., the one-step transition probability. � � &

and the transition frequency can be estimated by using the
information of the sequence.

Suppose the transition probability matrix � is known for
a given user and

� �
is the probability row vector of the

user’s state at his � th visit. We have��� (�� � ��� � ����� ��� (�� � ��� � � � (5)

The distribution of the transition frequency of the pages
in the sequence (assuming the length of the sequence is
much longer than the number of states � ) should be con-
sistent with the steady state probability distribution

�
in

theory. This provides a method for verifying our assump-
tions. This Markovian approach can be illustrated by the
following examples.

Consider the two sequences with three ( � ��� ) possible
pages to visit:

	 � � � �	�������� �
	 �� ������������ �
	 ���� ������������ �
	 ������ � �	�������� �
	 ���

and 	 � � ������������ �
	 ���� � �	�������� �
	 �� � � �������� �
	 ���
 ������������ �
	 ������ �

The sequence
	 �

is obtained by interchanging the subse-
quences � and ��� and also the subsequences ����� and � .
in the sequence

	 �
. Let � . ��/ ! 	�� % be the �65�� one-step

transition frequency matrix with the � < th entry
8 � . ��/ ! 	�� % : � &

being the number of transitions from page
� �

to page
� & in

the sequence
	 �

. Therefore we have

� . ��/ ! 	 �+% � �� ��� �� ������ �
��

and

� . ��/ ! 	 �
% � �� ���0�� ���� � �
��

�

One possible way to compare (distance) these two se-
quences is to consider the Frobenius norm of the difference

> > � . ��/ ! 	 �)% , � . ��/ ! 	 �
% > > � = � � � ��� � ���
> > � . ��/ ! 	 �)% , � . ��/ ! 	 �
% > > � = � � � � � � � �
> > � . ��/ ! 	 � % , � . ��/ ! 	 �
% > > � = � � � � � � �"!��

Table 1. Distances between sequences based
on transition frequency.

of their transition frequency matrices, i.e. > > � . ��/ ! 	 �)%�,
� . ��/ ! 	 �
% > > � , where

> > #7> > � �%$&&' ��
� 
 � ��& 
 � 8 # � & : � � (6)

Clearly this method works for two sequences of simi-
lar length. If we have a much shorter sequence

	 � �� � �������������������
which is the first half of the sequence

	 �
then we have

� . ��/ ! 	 �
% � �� � � �� ���� � � �� �

Table 1 shows the distances among the sequences. We note
that although

	 �
is part of

	 �
, > > � . ��/ ! 	 �)% , � . ��/ ! 	 �
% > > �

is quite large.
For two sequences of very different length, one may

consider the one-step transition probability matrix instead
of the transition frequency matrix. The one-step transition
probability matrix can be obtained from the transition fre-
quency matrix by dividing the entries of each row by its
corresponding row sum. Denote the transition probability
matrix of � . ��/ ! 	�� % by � . ��/ ! 	�� % , we have

� . ��/ ! 	 �)% � �� � � �� �� � ��� �� ��

��
�

� . ��/ ! 	 � % � �� � � �� �� � ��� �� ��

��
and

� . ��/ ! 	 �
% � �� � � �� �� ��� � � �� �

The new distances under the one-step transition probability
matrix approach are given in Table 2.

In the next section, we apply the transition frequency and
probability matrix to analyze the clustering results for the
real data set.
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> > � . ��/ ! 	 �)% , � . ��/ ! 	 �
% > > � = � �� � � � ��� �
> > � . ��/ ! 	 �)% , � . ��/ ! 	 �
% > > � = � � ��� ���� � � � � � ! � �
> > � . ��/ ! 	 �
% , � . ��/ ! 	 �
% > > � = � ����� ���� � � � � � � � �

Table 2. Distances between sequences based
on transition probability.

5 Experiments

Experiments were conducted on two real Web log files
taken from the Internet. We first implemented a data pre-
processing program to extract sessions from the log files
and convert them into the cube model. We then extracted
sessions with only Page ID values and used the � -modes
algorithm to cluster these sessions. We used the transition
probability matrix to analyze the validity of some identified
clusters. Some of our analysis results are presented in this
section.

5.1 Web log files and preprocessing

We downloaded two Web log files from the Internet. The
first data set was a Web log file from the NASA Kennedy
Space Center WWW server in Florida. The log contained
1569898 transactions generated in the period of August 4-
31, 1995. The second data set was a Web log file from the
EPA WWW server located at Research Triangle Park, NC.
This log contained 47748 transactions generated in 24 hours
from 23:53:25 EDT, August 29, to 23:53:07, August 30,
1995.

In preprocessing, we removed all the invalid requests and
the requests for images. We used Host id to identify vis-
itors and a 30 minutes time threshold to identify sessions.
120406 sessions were identified from the NASA log file and
2682 sessions were identified from the EPA log file. To sim-
plify the cluster analysis, we filtered out the sessions with
being less than 6 pages and more than 20 pages. From the
rest sessions of the two log files, we generated six data sets
with session lengths between 6 and 9, between 10 and 15,
and between 16 and 20. The distributions of sessions from
the log files are shown in Tables 3 and 4.

5.2 Cluster Analysis

The � -modes algorithm is a variant of the popular � -
means algorithm with a capability of clustering categorical
data. To use the algorithm to cluster a data set, the first task
is to specify a � , the number of clusters to create. How-
ever, � is generally unknown for real data. A heuristic ap-
proach is often based on the assumption that a few clusters
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Figure 2. Distribution of average distances
within clusters (a) when there are 674 clus-
ters, (b) when there are 1010 clusters, and (c)
when there are 1348 clusters for the data set
NASA6-9.
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Data set NASA6-9 NASA10-15
Session length between 6 and 9 between 10 and 15

Number of sessions 13475 6492
Data set NASA16-20

Session length between 16 and 20
Number of sessions 4510

Table 3. Distribution of sessions in the NASA
Web log data.

Data set EPA6-9 EPA10-15
Session length between 6 and 9 between 10 and 15

Number of sessions 364 314
Data set EPA16-20

Session length between 16 and 20
Number of sessions 433

Table 4. Distribution of sessions in the EPA
Web log data.

(say � � � �
) exist in the data set. Although this approach

works in many cases in practice, it has problems in cluster-
ing categorical session data. By exploring the session data
from the two Web log files, we have observed that a cluster
with a large number of similar sessions rarely exist. This is
because in a complex Web site with variety of pages, and
many paths and links, one should not expect that in a given
time period, a large number of visitors follow only a few
paths. If this was true, it would mean that the structure and
content of the Web site had a serious problem because only
a few pages and paths were interested by the visitors. In
fact, most Web site designers expect that the majority of
their pages, if not every one, are visited and paths followed
(equally) frequently. In reality, some paths were followed
more frequently than others in certain time period. There-
fore, the session data should contain a fairly large number
of small clusters.

Having the above observations, we tested to specify �
as 5%, 10% and 15% of the total sessions in a data set.
Even though we analyzed all six data sets, we only present
the results of NASA6-9 here. The corresponding clusters
for this data set are 674, 1010 and 1348, respectively. Al-
though � was big in these specifications, � -modes can still
process large data sets efficiently (the running time took a
few seconds), which makes it a good candidate for this kind
of mining tasks.

After generating the clusters, we need to identify which
clusters are likely to present interesting session patterns.
Because the large number of clusters, individual investi-
gation of every cluster became difficult. We selected the
average distance of objects to the cluster center, i.e., the
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Figure 3. Distribution of numbers of objects
and average distances within clusters (a)
when there are 1348 clusters for the data set
NASA6-9, (b) when there are 974 clusters for
the data set NASA10-15, and (c) when there
are 677 clusters for the data set NASA16-20.
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mode of the cluster, as a measure for potential interesting
clusters because the average distance implies the compact-
ness of a cluster which is one of the important factors in
cluster validation [8]. The distance was calculated using
Equation (3) in Section 3. We expect that interesting pat-
terns exist in compact clusters which have small average
distances. Figure 2 shows the distributions of the number
of clusters against the average distance of objects to cluster
centers. From these figures, we can see that more clusters
were created, more clusters with smaller average distances.

Next, we looked at the size of clusters, i.e., the number of
sessions in a cluster. As we mentioned before, the chance of
obtaining a large and compact cluster is very small. How-
ever, a reasonable size of clusters can represent the signifi-
cance of interesting cluster patterns. In doing so, we plotted
all clusters against their average distance and number of ob-
jects in each cluster. Figures 3 and 4 show the plots for
the six data sets listed in tables 1 and 2. From these plots,
we were able to identify the clusters with potential inter-
esting patterns, given two thresholds of minimum size and
maximum average distance. Tables 5 and 6 show potential
interesting clusters identified from two data sets using this
approach. For example, 34 clusters satisfy the conditions of
(Average-Distance

�
2) and (Number-of-Sessions

�
10).

These clusters are located in the upper left part of Figure
3(a). Because the average distances of these clusters are
small, all of them present a clear pattern of Web site paths.
Table 7 shows the pattern of the cluster that is marked as �
in Figure 3(a).

These strong patterned clusters only cover 2.52% of the
total clusters generated from the data set. To identify more
potential clusters, we can ease the threshold of the average
distance. For example, in the area of (2

.
Average-Distance�

4), 186 clusters were identified from the data set NASA6-
9, for instance, one of the interesting clusters with strong
patterns is listed in Table 5. However, this was a grey area
where not every cluster had a strong pattern. To select po-
tential interesting clusters from the grey area, we used an-
other condition that limited the clusters in which at least
50% of sessions had distances to the cluster center smaller
than 2. Under this condition, 77 clusters were identified.
Easing this condition could further identify more potential
clusters from the grey area, for instance, see the last row in
Table 5.

When the sessions became long, less potential interest-
ing clusters could be identified. This was because the di-
versity of the sessions increased and similarity decreased.
This trend can be observed from Figures 3(b) and 3(c) as
well as Table 6. However, interesting clusters with strong
patterns could still be found. The cluster � in Figure
3(b) was clearly singled out from other clusters. Its pat-
tern is shown in Table 8. The mode of this cluster is

�
59,

45, 47, 60, 76, 59, 45, 47, 60, 76, 0, 0, 0, 0, 0
�
. We
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Figure 4. Distribution of numbers of objects
and average distances within clusters (a)
when there are 55 clusters for the data set
EPA6-9, (b) when there are 47 clusters for the
data set EPA10-15, and (c) when there are 65
clusters for the data set EPA16-20.
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see that this mode constructs from two repeated pattern� � � � � � � ��� � ! � ��� ! � . This patterns refers to
�

7367 /images/
; 12128 /icons/menu.xbm ; 12047 /icons/blank.xbm ; 10300
/icons/image.xbm ; 4782 /icons/unknown.xbm

�
. Peo-

ple are interested in finding some images from the NASA
Kennedy Space Center WWW sever. Moreover, from the
table, one can see a clear similarity among these sessions.
Another interesting observation was that if there were not
enough sessions in the data set, interesting clusters may not
only show up in the short sessions. One can see this phe-
nomenon in s 4. This was still caused by the diversity of
long sessions. This exercise may tell us that a large num-
ber of sessions may be a precondition to mine interesting
session patterns. If so, the efficiency of the clustering algo-
rithm would become crucial in session data mining.

average distance within cluster ���
and the number of sessions ����	 34 (2.52%)

��
 average distance within cluster �
�
and the number of sessions ����	 186 (13.8%)

��
 average distance within cluster �
� ,
the number of sessions ����	 and

at least 50% of these sessions have distance ��� 77 (5.71%)
��
 average distance within cluster �
� ,

the number of sessions ����	 and
at least 50% of these sessions have distance ��� 127 (9.42%)

Table 5. Summary of the clustering results for
the data set NASA6-9.

average distance within cluster ���
and the number of sessions ����	 0 (0.00%)

��
 average distance within cluster ���
and the number of sessions ����	 29 (2.98%)

��
 average distance within cluster ��� ,
the number of sessions ����	 and

at least 50% of these sessions have distance ��� 3 (0.31%)
��
 average distance within cluster �
� ,

the number of sessions ����	 and
at least 50% of these sessions have distance ��� 7 (0.72%)

Table 6. Summary of the clustering results for
the data set NASA10-15.

6 Cluster Validation

In section 4, we have proposed to use transition fre-
quency matrix to validate session clusters because of the
order of variables. For the cluster listed in Table 7, we com-
puted the Frobenius norm of the differences between the
objects in Table 7 and their mode. The results are listed in
Figure 5. The Frobenius norm of the differences between

the objects and their mode are between 0 and 3. The aver-
age difference is about 1.8. It is obvious that the cluster is
valid.

In the data set NASA10-15, we found that there is a clus-
ter containing the following session:

'�� �&��� � � � � � � ��� � ! � ��� ! � � � � ��� � � � � ! � ��� ! ���
�8� �8� �8� ���
This cluster contains 45 sessions. Their patterns are quite
different and therefore the average difference within this
cluster is about 8.2444. It is clear that this cluster is not
valid.

However, the highlighted session looks quite similar to
the mode of the cluster:

� � � � � � � � � ��� � ! � ��� ! � � � � � � � ��� � ! � ��� ! �8� ��� �8� �8� �8� �
listed in Table 8. We note that their categorical distance
measure


 � ! ' � � % is equal to 11. Because of the large dis-
tance measure, we put the session ' into a different clus-
ter. Because of the order of variables in the session and the
mode, we can consider the transition frequency matrix to
measure the distance between ' and � . According to the
discussion in Section 4, the transition frequency matrix of
the session ' is given by

1 45 47 59 60 76
1 0 0 0 1 0 0
45 0 0 1 0 1 0
47 0 1 0 0 1 0
59 0 1 1 0 0 0
60 0 0 0 0 0 2
76 1 0 0 1 0 0

The transition frequency matrix of the mode � is given by

1 45 47 59 60 76
1 0 0 0 0 0 0
45 0 0 1 0 1 0
47 0 1 0 0 1 0
59 0 1 1 0 0 0
60 0 0 0 0 0 2
76 0 0 0 1 0 0

The Frobenius norm of the difference of these two transi-
tion frequency matrices is � � which is less than 1.8. It is
obvious that the session ' should be in this cluster listed in
Table 8.

Using the transition probabilty matrix, we can analyze
the clusters of different lengths and validate clustering re-
sults more effectively. For instance, we pick a cluster mode

� � � � � � � � � � ��� � ! � ��� ! � � � � � � � ��� � !�� ��� ! ���
�
� ! � � � � � � � ��� � ! � �8� �8� ��� �8� �

from the data set NASA16-20. Because the length of the
sessions in this data set is longer than 15, the clustering re-
sults for the data set NASA16-20 are not mixed with those

9



0 0.5 1 1.5 2 2.5 3 3.5
0

5

10

15

20

25

30

Distribution of distance (transition frequency matrix)

F
re

qu
en

cy

Figure 5. Distribution of distances within clus-
ters listed in Table 6.

for the data set NASA10-15. However, we can analyze the
transition probability matrices of � and � � , so we can val-
idate two clustering results. The transition probability ma-
trix of the mode � � is given by

1 45 47 59 60 76
1 0 0 0 0 0 1
45 0 0 1 0 0 0
47 0 0 0 0 1 0
59 0 1 0 0 0 0
60 0 0 0 0 0 1
76

�� 0 0
�� 0 0

The transition probability matrix of the mode � is given by

1 45 47 59 60 76
1 0 0 0 0 0 0

45 0 0 0.5 0 0.5 0
47 0 0.5 0 0 0.5 0
59 0 0.5 0.5 0 0 0
60 0 0 0 0 0 1
76 0 0 0 1 0 0

The Frobenius norm of the difference of these two transi-
tion probability matrices is 1.64 which is not large. We can
interpret both clusters should contains some common inter-
esting patterns.

7 Conclusions

In this paper, we have presented the cube model to rep-
resent Web access sessions. This model is different from
other cube approaches [11] [22] in that it explicitly iden-
tifies the Web access sessions, maintains the order of ses-
sion’s components (or Web pages) and uses multiple at-
tributes to describe the Web pages visited in sessions. The

three dimensional cube structure simplifies the representa-
tion of sequential session data and allows different data an-
alyzes to be easily conducted, such as summary statistical
analysis, clustering and sequential association analysis.

We have experimented the use of the � -modes algorithm
to cluster categorical sessions extracted from two Web log
files. Our preliminary cluster analysis has resulted in the
following interesting observations:

1. Clusters with strong path patterns usually do not con-
tain a large number of sessions due to the complexity
of the Web structures and diversity of visitor’s inter-
ests.

2. To effectively mine interesting path patterns using
clustering techniques, the number of sessions in the
data set should be sufficiently large. This requires that
the clustering algorithm have to be efficient.

3. Because it is required to create a fair large number of
clusters in each run of the clustering algorithm over a
given data set, effective cluster evaluation methods are
needed to identify potential interesting clusters with
strong path patterns.

We have tested using the average distance of sessions to the
cluster center and the size of clusters as two criteria to select
potential interesting clusters from the set of clusters gen-
erated by the � -modes algorithm. Our results have shown
that those criteria were effective. We were able to identify
clusters with strong path patterns. Furthermore, we have
proposed and tested the transition frequency (or probabil-
ity) matrix approach to validating clusters of sessions. Our
initial results have shown that this approach is promising
in cluster validation of sequential data but more studies are
needed.

In our future work we will conduct cluster analysis on
sessions with more attributes such as time and category.
For example, if two sessions have a similar set of pages,
whether the time spent on each would make them different.
If we consolidate Web pages into categories with a classifi-
cation scheme, what kind of cluster patterns would result?
How the cluster patterns are related to the topology of the
Web site? Can these patterns be used to improve the Web
site structure? How can the Web topology be used as con-
straints in the clustering algorithm? All these interesting
questions need further studies to answer. Moreover, we will
conduct clustering analysis using transition frequency (or
probability) matrix to cluster sessions.
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Object Attributes
59 47 60 45 76 1 0 0 0
59 47 60 45 76 1 0 0 0
59 47 60 45 76 1 0 0 0
59 47 60 45 76 1 0 0 0
59 47 60 45 76 1 0 0 0
59 47 60 45 76 1 0 0 0
59 47 60 45 76 1 0 0 0
59 47 60 45 76 1 0 0 0
59 47 60 45 76 1 0 0 0
59 47 60 45 76 59 0 0 0
59 47 60 45 76 59 0 0 0
59 47 60 45 76 59 0 0 0
59 47 60 45 76 23 0 0 0
59 47 60 45 76 59 0 0 0
59 47 60 45 76 59 0 0 0
59 47 60 45 76 59 0 0 0
59 47 60 45 76 1 161 0 0
59 47 60 45 76 1 25 0 0
59 47 60 45 76 1 79 0 0
59 47 60 45 76 13 0 0 0
59 47 60 45 76 23 0 0 0
59 47 60 76 45 1 0 0 0
59 47 60 76 45 1 0 0 0
59 47 60 76 45 1 0 0 0
59 47 60 45 76 1 86 179 0
59 47 60 76 45 1 0 0 0

269 47 60 45 266 1 0 0 0
59 47 60 45 76 28 1 0 0
59 47 60 45 76 3 131 0 0
59 45 60 47 76 1 0 0 0
59 45 60 47 76 1 0 0 0
59 45 60 47 76 1 0 0 0
59 45 60 47 76 1 0 0 0
59 45 60 47 76 1 0 0 0
59 45 60 47 76 1 0 0 0
59 45 60 47 76 1 0 0 0
59 47 60 45 1 76 0 0 0
59 47 60 45 59 76 0 0 0
59 47 60 45 59 76 0 0 0
59 47 76 45 60 161 0 0 0
59 47 76 45 60 45 0 0 0
59 47 76 45 60 59 0 0 0
59 60 47 45 76 59 0 0 0
59 60 47 45 76 59 0 0 0
59 60 76 45 47 1 0 0 0
59 60 76 45 47 1 0 0 0
59 60 76 45 47 1 0 0 0
59 76 60 45 47 99 0 0 0
59 47 60 45 76 28 25 213 0
59 47 60 45 76 28 6 19 0
59 47 60 45 76 3 17 232 0
59 47 60 45 76 3 6 843 0
59 47 60 45 76 59 47 45 0
59 47 60 45 76 99 46 101 0

269 47 60 45 46 48 0 0 0
275 47 60 45 46 30 0 0 0
59 45 60 47 76 1 206 0 0
59 45 60 47 76 1 48 0 0
59 45 60 47 76 1 59 0 0
59 47 60 45 59 60 47 45 0
60 76 47 45 59 1 0 0 0
59 60 47 45 76 99 46 0 0
59 47 60 45 76 99 46 101 46

Table 7. The cluster � in Figure 3(a) where 0
represents the missing page. The mode of
this cluster is

�
59,47,60,45,76,1,0,0,0

�
.

Object Attributes
59 47 60 45 76 59 45 47 60 76 1 0 0 0 0
59 45 47 60 76 59 45 60 47 76 0 0 0 0 0
59 45 47 60 76 59 47 45 60 76 0 0 0 0 0
59 45 47 60 76 59 47 45 60 76 0 0 0 0 0
59 47 76 45 60 59 45 47 60 76 0 0 0 0 0
59 47 45 60 76 59 47 45 60 76 0 0 0 0 0
59 47 45 60 76 59 47 45 60 76 0 0 0 0 0
59 47 60 76 45 59 45 47 76 60 0 0 0 0 0
59 47 60 45 76 59 45 47 60 76 0 0 0 0 0
59 45 47 60 76 59 47 23 92 74 30 33 224 0 0
59 45 47 60 76 59 45 47 60 76 59 0 0 0 0
59 45 47 60 76 59 45 47 60 76 45 60 79 157 79
59 45 47 60 76 59 1 17 23 86 0 0 0 0 0
59 45 47 76 60 59 45 47 60 76 0 0 0 0 0
59 45 47 60 76 59 45 47 60 76 770 59 45 47 60
59 47 45 60 76 59 47 45 60 76 36 0 0 0 0
59 45 47 60 76 59 47 45 60 76 59 47 45 60 76
59 76 45 47 60 59 45 47 60 76 0 0 0 0 0
59 45 47 60 76 59 45 47 60 76 0 0 0 0 0
59 45 60 47 76 59 45 47 60 76 0 0 0 0 0
45 47 59 60 76 59 45 60 47 76 59 0 0 0 0
59 45 60 47 76 59 45 47 60 76 0 0 0 0 0
59 45 47 60 76 59 45 47 60 76 59 0 0 0 0
59 45 60 47 76 59 45 47 60 76 0 0 0 0 0
59 45 60 47 76 59 45 60 76 47 0 0 0 0 0
59 47 60 76 45 59 45 47 60 76 770 0 0 0 0
59 47 45 60 76 59 47 45 60 76 59 47 45 60 76
59 45 47 60 76 59 47 60 76 45 59 0 0 0 0
59 45 47 60 76 59 45 47 60 76 0 0 0 0 0
59 60 47 45 76 59 45 60 47 76 0 0 0 0 0
59 45 47 60 76 59 1 3 374 294 46 345 80 0 0
59 45 47 60 76 59 1 9 11 21 53 49 142 0 0
59 45 47 60 76 59 45 47 60 76 1 0 0 0 0
59 45 47 60 76 59 45 47 60 76 1 25 0 0 0

266 45 47 1 48 266 45 47 1 266 269 46 60 0 0
59 45 47 60 76 59 45 47 60 76 63 17 0 0 0
59 45 47 60 76 59 45 47 60 76 60 0 0 0 0
59 45 47 60 76 59 45 47 60 76 0 0 0 0 0
59 45 47 60 76 59 45 47 60 76 0 0 0 0 0
59 45 47 60 76 59 45 47 60 76 0 0 0 0 0
59 45 47 60 76 59 45 47 60 76 0 0 0 0 0
59 45 47 60 76 59 45 47 60 76 0 0 0 0 0
59 47 45 60 76 59 45 47 60 76 0 0 0 0 0
59 47 45 60 76 59 45 47 60 76 0 0 0 0 0
59 47 45 60 76 59 45 47 60 76 0 0 0 0 0
59 60 45 76 47 59 45 47 60 76 59 0 0 0 0
59 47 45 60 76 59 45 47 60 76 0 0 0 0 0
59 45 47 60 76 59 45 47 60 76 0 0 0 0 0
59 45 47 60 76 59 47 60 45 76 99 46 0 0 0
59 47 45 60 76 59 47 45 60 76 0 0 0 0 0
59 45 47 60 76 59 45 47 60 76 0 0 0 0 0
59 45 47 60 76 59 45 47 60 76 0 0 0 0 0
59 47 45 60 76 59 47 45 60 76 0 0 0 0 0
59 60 45 76 1 59 45 47 60 76 1 50 0 0 0
59 45 47 76 59 60 59 47 60 76 45 0 0 0 0
59 45 47 60 76 59 45 47 60 76 9 0 0 0 0

Table 8. The cluster � in Figure 3(b), where 0
represents the empty page. The mode of this
cluster is

�
59, 45, 47, 60, 76, 59, 45, 47, 60, 76, 0,

0, 0, 0, 0
�
.
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