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Abstract

Web usage mining is the discovery of user
access patterns from Web usage logs. The paper
presents two XML (Extensible Markup Language) 1.0
applications and a web data mining application
which utilizes it to extract web data from web log
files. The two XML 1.0 applications are: LOGML
(Log Markup Language) is a web-log report
description language and XGMML (Extensible
Graph Markup and Modeling Language) is a graph
description language. As a case study, the system
implements a sample website for web graph
information and usage information. The main goal of
this paper is that web graph information transforms
to XGMML document and then this graph
information and cleaned usage information of
finished user sessions transforms to LOGML
document. The next goal is that these cleaned data
with LOGML document are mined with CHARM
(Closed Association Rule Mining) algorithm to
implement the most frequently accessed pages from
one site. CHARM is an efficient algorithm for mining
all closed frequent itemsets (set of all subsets of
items).

Keywords: Web usage Mining, XGMML, LOGML,
CHARM.

1. Introduction

most populated web pages from one website. From
the side of business, they can know the most
populated web pages from their website. From the
system can study XML languages can be used in Web
usage mining and know XGMML language can be
used in web characterization. And the system can
implement LOGML document extracted from the
database of web access logs that can perform $evera
mining tasks.

And then the proposed system can discover
usage patterns from web data to understand and
better serve the needs of web-based applicatioa. Th
next objectives are that the system can know
CHARM is an efficient algorithm for enumerating
the set of all frequent closed itemsets than other
association algorithm and implement the most
frequently accessed pages from one site. The system
can also provide for the purpose of ease accessing
and time saving

The paper is organized as follows. Section 2
provides the related work for the system. Section 3
describes the background theory. Section 4 presents
the implementation of the system. Section 5 digplay
conclusion of the system.

2. Related Work

In past, many association mining have also
been applied to web usage mining. Chen et al. [4]
presented the term of mining traversal patternchwhi

Web mining can be broadly defined as the means the capturing of user access patterns in

discovery and analysis of useful information frdra t

distributed information providing environments such

World Wide Web. There are four main mining as Web. But Chen et al. cannot make any distinction
techniques that can be applied to Web access togs tetween references used for various purposes and
extract knowledge [3]: Sequential-pattern-mining- then may discover too many sequences from the
based, Association-rule-mining-based, Clustering-transactions identified using the MFR (Maximal
based and Classification-based. As the AssociationForward Reference) techniques.
rule-mining-based [7] from these mining techniques: Apriori algorithm or downward closure
frequent sets are to discover all frequent subisets property [6] was the first efficient and scalable
the database of collection of transactions whiah ar method for mining associations. It starts by cawnti
simply subsets of primitive items. frequent items, and during each subsequent pass it
In Web mining, Web usage mining applies extends the current set of frequent itemsets by one
data mining method to discover web usage patterrinore item, until no more frequent itemsets are éoun
through web usage data. And recently XML has alsoThen Apriori uses a pure bottom-up search method
gained wider acceptance in both commercial andand it can improve the efficiency of the level-wise
research establishments. So this paper proposed ttgeneration of frequent itemsets and reduce thelsear
mining the most user accessed web pages from ongpace. But it can only examine all subsets of a
site by using CHARM algorithm to mine from frequent itemset but it is not possible to identife
LOGML files and XML to display the results. closed frequent itemsets. The proposed system uses
This system intends for users who need toCHARM algorithm because it can find maximal
reduce the time on using internet by knowing thefrequent itemsets.



3. Web Usage Mining finished or not, LOGML generator use User
Manager. User Manager is a module in LOGML

Web mining involves a wide range of generator. User Manger is invoked for each web log

applications that aims at discovering and extractin line that is processed. And it has access to the

hidden information in data stored on the Web. Andcontainer of the user sessions and the web graph of

then Web mining is to provide a mechanism to makethe web site of the web logs so the user manager ca

the data access more efficiently and adequateliz Weadd user sessions and get metadata information from

mining can be categorized into three differents#ss the web graph. There are six steps in the User

based on which part of the Web is to be mined [5].Manager to create and finish user sessions.

These three categories are (i) Web content mining,

(i) Web structure mining and (i) Web usage miin ~ 3.1.2 Extensible Graph Markup and M odeling

In this paper, we focus on the Web usage mining. Language (XGMML)
Web usage mining is the task of discovering
the activities of the users while they are browsing XGMML [1] is an XML 1.0 application

navigating through the Web. And the phases of webbased on graph modeling language which is used for
usage mining are preprocessing, mining and applyingraph description. An XGMML document describes a
mining results. In preprocessing phase, logfiles ar graph structure. The main element of XGMML are :
transformed into a form that is suitable for mining graph, node, edge, att and graphics. The graph
In proposed system, web usage mining iselement is the root element of an XGMML valid
implemented with LOGML generator as preprocessordocument and then these graph element may not be
to extract the set of nodes of finished user sassio unique in the XGMML document.
and then these extracted data are mined with The global attributes of XGMML are: id,
CHARM algorithm to provide the association rules. name and label. For a graph, G= (V, E) is a set of
nodes V and a set of edges E. Each edge is either a
3.1 Log Markup Language (LOGML) ordered (directed graph) or unordered (undirected)
pair of nodes. Graphs can be described as data
LOGML is XML 1.0 application and it is a objects whose elements are nodes and edges. The
web-log report description language. Log reports ar System represented the web pages are nodes and the
the compressed version of logfiles [1]. Web masterhyperlinks are edges in a graph. The node element
need to generate LOGML reports of log files becausedescribes a node a graph and the edge element
of insignificant size of LOGML. So the system describes an edge of a graph. The namespace for
generated web-log reports with LOGML format for a XGMML is: http://www.cs.rpi.edu/XGMML and the
web site from web log files and the web graph. Thesuffix for the XGMML elements is xgmml.
root element of a LOGML document is the logml
element. LOGML document has three sections: the3.2 Closed Association Rule Mining Algorithm

first section is a graph that describes the loglyraf (CHARM)
the visits of the users to web pages and hypetlinks
The second section is the additional information of CHARM algorithm [1] is an efficient

log reports such as top visiting hosts, top usentsy  algorithm for all closed frequent itemsets. Theksas
top keywords, etc and the third section is the repo of mining association rules consists of two main
of the user sessions. steps: find all frequent itemsets and generatengtro
The first and third sections can get from the association rules from the frequent itemsets. But
XGMML. So the first section uses XGMML to CHARM implement that it is not necessary to mine
describe the graph and the third section also usesll frequent itemsets in the first step. In CHARIMe
XGMML to extract the finished user sessions. Eachexploration of both the itemsets and tidset space
user session is a subgraph of the log graph. Thallows to quickly identity the closed frequent
subgraphs are reported as a list of edges thattefe itemsets, instead of having to enumerate many non-
the nodes of the log graph. The namespace foclosed subsets. CHARM uses a two-pronged pruning
LOGML is: http://www.cs.rpi.edu/LOGML and the strategy and the fundamental operation of CHARM

suffix for LOGML elements is Iml. used is an union of two itemsets and an intersectio
of their tidsets.
3.11 LOGML Generator CHARM uses depth-first methods and so it

can find maximal frequent itemsets. Because this
LOGML generator[1] can read a common approach allows the frequent itemsets border to be
log file and generate a LOGML file. So it can also detected more quickly than Apriori. And then the
read all web log lines, only the finished user mess  choices of vertical and horizontal representatian ¢
are reported in the logml document. Thereforeaffect the 1/O costs incurred when computing the
LOGML generator can output the pattern information support of candidate itemsets. CHARM uses a
with logml document which are the information of vertical data layout to store the lists of transact
finished user sessions. For checking user session identifiers (TID-list) associated with each itendaso



this format implies to be successful for associatio 4. Web Mining System Using CHARM

mining and to lead to very good performance than
horizontal data layout of Apriori algorithm. CHARM
is fully scalable for large-scale database mining i
provides orders of magnitude improvement over
existing methods for mining closed itemsets. Tdble
represents the CHARM algorithm.

The main computation of CHARM is
depent on the four properties. It tests each of thi
properties of itemset-tidset pairs, extending égst

itemsets, removing some subsumed branches fron

the current set of nodes, or inserting new pairhén
node set for the next (depth-first) step. So thénma
computation of CHARM relies on the following
properties:

Propertyl: If t(X1) = t(Xy), then t(¢ 0O X5)= t(X,)
N t(X5) = t(Xy) = t(Xy). It means that X 0 X, as a
composite itemset.

Property2: If t(X) O t(X,), then t(¢ 0O X,) = t(Xy)
N t(Xz) = t(Xy) # t(Xy). In this state, Xgenerates a
different closure.

Propety3: If t(X1) O t(Xy), then t(O¢ O X,) = t(Xy)
N t(Xy) = t(Xy) # t(Xy). In this state, X produces a
different closure and it must be retained.

Property4 : If t(X,) # t(Xy), then t(¢ O X;) = t(Xy)
N t(X,) # t(Xy) # t(X5). So nothing can be eliminated
and both X and % lead to different closures.

After mining with these four properties in
CHARM algorithm, all closed frequent itemsets will
be identified.

Table 1 CHARM Algorithm

CHARM ( & OI x T, minsup):

1. Nodes ={ljxt(lj) : lj O AJt(lj)| = minsup
2. CHARM-EXTEND (Nodes, C):

3.for each Xi x t(Xi) in Nodes

4. NewN =¢ and X = Xi

5.for each Xj x t(X]) in Nodes, with f(j) > (i)
6. X=X 0O Xjand Y =t(Xi) n t(Xj)

7. CHARM-PROPERTY (Nodes, NewN)

8.if NewN# ¢ then CHARM-EXTEND (NewN)
9. C = C 0 X /fif Xis not subsumed
CHARM-PROPERTY (Nodes, NewN):

10.if (JY| minsup) then

11.if t(Xi) = t(Xj ) then //Property 1

12. Remove Xj from Nodes

13. Replace all Xi with X

14.dseif t(Xi) O t(Xj ) then //Property 2

15. Replace all Xi with X

16.eseif t(Xi) O t(Xj) then //Property 3

17. Remove Xj from Nodes

18. Add X x Y to NewN

19.dseif t(Xi) # t(Xj ) then //Property 4

20. Add X x 'Y to NewN
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Figure 1: Proposed System Architecture

This system is implementation of the web
usage mining processes responsible for web log
reports with detailed information of each user iggss
and then mining the frequently itemsets by using
LOGML language and CHARM algorithm. The
above Figure 1 represents the design for the pegpos
system. Just a case study, the medical websiteS&ith
nodes (webpages) will be used for the
implementation protocol of the proposed system. And
then, the system can continue the three main steps
the proposed system according to the above Figure 1

4.1 Implementation of the Proposed System

This phase is about the detail process of the
system. The system applied the usage information of
the users from the medical website as the prototol
the system. The usage information of finished astd n
finished user sessions will contain in raw log file
because of “End session manually” button. The
system is generated this button in the sample weebsi
for checking each user session is finished or not.

In the first step, the input log file is cleaned
with LOGML generator. Because LOGML generator
can also read all web log lines and only the fiatsh
user sessions are reported in the LOGML document.
So the system check the the each user session is
finished or not and produce the output file witke th
usage information of finished user sessions. Fer th
three sections of the LOGML document, the system
transform to XGMML format for web graph
information of first and third section of the LOGML
document and then combine with the rest of second
section from LOGML file. In system, the session id
identified with randomly id number and each web
page in the medical website identified with id nnb




which are sorting with alphabetically. In systeime t
user can see the web graph with the web pages itb discover the frequently accessed pages by mining
which are the user’'s usage information (the visitedthe frequently user accessed patterns from LOGML
web pages and hyperlinks) on the medical websitedatabase. To get the strong associated rules, the
Table 2 is the example of web log report with system processed the validation with minimum
LOGML format. Then the cleaned log file with confidence (mincofi). In the processing of minimg t
LOGML format is displayed in the system and is frequently accessed pages, CHARM uses the union
stored in the LOGML database to extract theof itemsets (web pages from each user session) and
information which is shown in Table 3 as the intersection of tidsets (transaction or user s@s3jo
implementation of the example of the LOGML so this can reduce the chances of nonclosed fréquen

database.

Table 2 Example of LOGML File

<?xmlversion="1.0"?>
<logml xmIns=http://www.cs.rpi.edu/LOGML
xmins:xsi="http://www.w3.0rg/2000/10/XMLSchema-
instance"
xsi:schemalocation="http://www.cs.rpi.edu/LOGML
http://www.cs.rpi.edu/puninj/LOGML/logml.xsd">
<graph
xmlns="http://www.cs.rpi.edu/XGMML"
xmins:xsi="http://www.w3.0rg/2000/10/XMLSchema-
instance"
xsi:schemalocation="http://www.cs.rpi.edu/LOGML
http://www.cs.rpi.edu/puninj/LOGML/logml.xsd">
<node>

<pageid>40</pageid>

<label>Home.aspx</label>

<sessionid>84</sessionid>

<utime>7/19/2010 3:39:13 PM</utime>

</node>

<edge sessionld="84" source="40" target="4" />
<edge sessionld="84" source="4" target="8" />

</graph>

<summary>

<request>49</request>

<sessions>5</sessions>

<pages>35</pages>

</summary>

<userSessions count="5"

max_edges="100" min_edges="3">

<userSession sessionld="35" startTime="7/22/2
9:28:33 PM" endTime="7/22/2010 9:29:09 P
access_Count="7">

<path count="5">

<uedge source="40" target="8" utime="7/22/20128%37
PM" />

<uedge source="40" target="4" utime="7/22/20128%49
PM" />

<uedge source="40" target="22" utime="7/22/20
9:28:53 PM" />
<uedge source="22" target="28" utime="7/22/20
9:28:54 PM" />

<uedge source="4" target="43" utime="7/22/20128%9
PM" />

</path>

</userSession>

</userSessions>
</logml>

Second, the system use CHARM algorithm

itemsets being in a node. The detail processing of
CHARM algorithm described in Table 1.

Third, the system converted the frequently
accessed rules to human readable XML format. For
strong association rules, the system generate these
results with minconfi and can also convert to XML
format. Because the frequently accessed rules with
XML will allow the easier analysis of the results o
every system and will get interesting information
from XML document collections

Table 3 Example OF LOGML database

User id count ode list
(num of nodes accessed)

84 4 40,4,9,12

35 3 4,8,12

48 4 40,4, 9,12

30 4 40,4, 8,12

19 5 40,4, 8,9,12

20 3 4,89
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4.2 Example of Process of CHARM Algorithm

Figure 2 show how the above four basic
properties of itemset-tidset pairs are developed in
CHARM to mine the closed frequent itemsets with
minsup= 3. For presenting the CHARM algorithm,
let's assume that the system is processing fivaste
and six user sessions from the example database
which is represented in above Table 3. The system
has identified seven closed frequent itemsets lsecau
of four properties in CHARM algorithm which are
described in section 3.2.

In Figure 2, when two itemset-tidset pairs
40 and 4 combine, property 2 is true. This property
can remove 40 and replace 40,4. Due to the property
4, combining 40,4 with 8 produces an infrequent set
40,4,8 because of less than minsup which is pruned.
Combining with 9 produces the 40,4,9 because of
property 4. Combining 40,4 with 12 produces the pai
40,4,12. It can observe that property 2 holds ard ¢
remove 40,4 then replace it with 40,4,12. And the
next combining 40,4,12 with 40,4,9 produces
40,4,9,12 and property 2 is also true.
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5. Conclusion

The system can generate the web log report
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