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SUMMARY

This paper presents the Web Usage Mining system
KOINOTITES, which uses data mining techniques for
the construction of user communities on the Web. User
communities model groups of visitorsin a Web site, who
have similar interests and navigationa behaviour. We
present the architecture of the system and the results that
we obtained in areal Web site.
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INTRODUCTION

The hypergraphical architecture of the Web has been
used to support claims that the Web will make Internet-
based services really user-friendly. However, at its cur-
rent state, the Web has not achieved its goal of providing
easy access to online information. Being an almost un-
structured and heterogeneous environment it creates an
information overload and places obstacles in the way us-
ers access the required information.

The personalization of Web services is a leap in the di-
rection of aleviating the information overload problem
and making the Web a friendlier environment for its us-
ers. As stated in [14]:

"...the Web is ultimately a personal medium in which
every user's experience is different than any other's’.

Web Personalization [7] is the task of making Web-
based information systems adaptive to the needs and in-
terests of individual users, or groups of users. Typicaly,
a personalized Web site recognizes its users, collectsin-
formation about their preferences and adapts its services,
in order to match the users' needs.

One way to expand the personalization of the Web is to
automate some of the processes taking place in the adap-
tation of a Web-based system to its users. Machine
learning techniques have been shown to address this is-
sue well, leading to the creation of a separate field of
study, i.e., that of knowledge discovery from data (KDD)
or data mining. Data mining methods have been used to
analyse data on the Web and extract useful knowledge.
This effort was named Web Mining. One branch of this
effort is concerned with the analysis of usage data, i.e.,
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records of how the service is used by various users, and
is called for this reason Web Usage Mining [17]. Web
Usage Mining, is widely recognized as a valuable source
of ideas and solutions for Web personalization.

Basic concepts and ideas from the area of user model-
ling, such as user communities, are also applicable to the
problem of Web personalization [11]. The motivation
for borrowing these ideas is the fact that a Web site is
still a computer-based system, being used by people on
the Web. For instance, a user community may corre-
spond to a group of visitors of a Web site, who exhibit a
common behaviour in the interaction with the system.

KOINQOTITES, is a software system that exploits Web
Usage Mining and user modelling techniques for the cus-
tomisation of information to the needs of individua us-
ers. More specifically, KOINOTITES processes the
Web server log files, and organizes the information of a
Web site (i.e., Web pages), into groups, which reflect
common navigational behaviour of the Web site visitors.
This paper, presents a brief overview of the KOINO-
TITES system, as well as the results of its application to
a particular domain. The system adopts the approach of
constructing user communities that could be used either
by the administrator of a Web site, in order to improve
the organisation of the site, or as direct input to a person-
alization system, so as dynamically make recommenda-
tions to Web users.

In the following two sections, we describe briefly the
Web Usage Mining process and provide an overview of
related approaches to Web personalization. Then we pre-
sent the system, providing also indicative results on a
real Web site. Finally, we conclude, presenting plans for
extending the system.

WEB USAGE MINING

Web Mining has been proposed as a unifying research
area for all methods that apply data mining to Web data.
The typical subcategorization of the work in Web mining
fals into the following three categories [4], [6]: Web
Content Mining, Web Structure Mining and Web Usage
Mining. Web Content Mining is concerned with the ex-
traction of useful knowledge from the content of Web
pages, with the use of data mining. Web Structure Min-
ing is a new area, concerned with the application of data



mining to the structure of the Web graph. Web Usage
Mining, aims to discover interesting patterns of use, by
analysing Web usage data. Out of the three categories of
Web Mining, Web Usage Mining is the one mostly re-
lated to personalization. The advantage of viewing Web
personalization as an application of Web Usage Mining
is that the work on Usage Mining can be a source of
ideas and solutions to some of the problems encountered
in personalization research.

Web Usage Mining is a complete process, rather than a
particular algorithm. Being essentialy a data mining
process it consists of the basic stages identified for data
mining (e.g. [2]):

o Data Collection. During this stage, data are col-
lected either from Web servers or from clients
that visit aWeb site.

o Data Preprocessing. This is the stage that in-
volves primarily data cleaning, user identifica-
tion and user session identification.

e Pattern Discovery. During this stage, knowl-
edge is extracted by applying Machine Learning
techniques, such as clustering, classification,
association rule discovery etc., to the data.

e Knowledge Post-Processing. In this last stage,
the extracted knowledge is evaluated and pre-
sented in a form that is understandable to hu-
mans, e.g. by using reports, or visuaization
techniques. In addition to these techniques,
post-processed results can also be incorporated
in a Web Personalization module.

RELATED WORK

Most of the work in Web Usage Mining has not focused
on its use for personalization, but rather on producing
analytical knowledge. Examples of such systems are
WebSift [5], and SpeedTracer [18] that have been devel-
oped in order to identify interesting results by employing
usage data from a particular Web site. Shahabi et a [15]
implemented a system for the detection of user naviga-
tion paths, based on usage data. A similar approach by
Pel et a [12] introduced the WAP-tree system for effi-
cient mining of access patterns from Web logs. Another
approach is the WebLogMiner system [20], and the sys-
tem implemented by Bichner and Mulvenna [3] that use
OLAP techniques to extract knowledge from e
commerce Web sites.

However, there are a small number of studies that have
looked at the construction of operational knowledge, to
be used by the personalization module of a Web-based
system. Mobasher et al [8] present a system that employs
Web Usage Mining techniques to identify users and
recommend dynamically and in real time Web pages to
them. Ngu and Wu [9] present SiteHelper, whichisalo-
cal agent, i.e, it operates on a specific Web site. Site-
Helper exploits Web Usage Mining techniques to build a

set of rules that represent the user’s interests. Having
discovered these rules the system can recommend new or
updated Web pages to the users according to their inter-
ests. Yan et a [19] implement a Web Usage Mining sys-
tem that is also used to suggest dynamically Web pages.

Perkowitz and Etzioni [13] proposed the idea of adaptive
Web sites, i.e, sites that "...automatically improve their
organization and presentation by mining visitor access
data collected in the Web server logs’. The information
extracted is used to generate Web pages, based on tem-
plates, and present them to the users dynamically. Simi-
larly, Spiliopoulou and Faulstich [16] presented the
WUM tool to improve the presentation of a Web site.
WUM is a Web Usage Mining tool, for discovering the
navigational behaviour of users, extracting navigation
patterns, and creating an adaptive Web site that modifies
the Web pages based on these patterns.

THE KOINOTITES SYSTEM

KOINOTITES is a software tool, which exploits Web
Usage Mining techniques in order to create user commu-
nities from Web data KOINOTITES is based on a
modular architecture, and comprises the following two
main components:

e A mining component, that consists of the mod-
ules that perform the main functions of the sys-
tem, i.e., data preprocessing, session identifica-
tion, pattern recognition and knowledge presen-
tation.

e A Graphical User Interface (GUI) component,
supplemented by wizards and on-line help that
is used for user interaction with the system.

Both components have been implemented using the Java
programming language. A pictorial view of the system
is given in Figure 1. The following subsections describe
the modules of the mining component.

Data Collection and Data Preprocessing

Web Server access log files, are the main input data to
the KOINOTITES system. Each entry in the access log
file represents a request from the Web server. KOINO-
TITES supports three types of log file formats:

e NCSA Common Log File Format.
e NCSA Extended Log File Format
e W3SVCIISLog File Format

Once the data have been uploaded to the system then the
preliminary preprocessing phase of data cleaning com-
mences. This involves the process of applying filters to
thelog files, in order to remove data that are irrelevant to
the specific site's content and structure. These data are
downloaded without a user explicitly reguesting them,
due to the definition of the HTTP protocol, and thus,
they are not considered as part of the user’s actua
browsing activity.
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Figure 1: Architecture of the KOINOTITES system.

KOINOTITES provides three filtering options. The first
isin the form of multimedia file extensions, such as .jpg,
Jjpeg, .avi, etc, or script file extensions, such Javascript
files and Java classes, that are typically removed from
log files. Another filtering option is in form of certain
HTTP error codes at the status field of the entry, in order
to remove records corresponding to bad requests, or un-
authorized access. Finally, KOINOTITES supports a
more generic filtering scheme that helps the users to
build their own filters, maintaining only the information
that is considered relevant by them. Thisis achieved, ei-
ther by specifying the file extension of the pages, or even
the exact name of the page (e.g. index.htm) that they
want to remove. The result of the data cleaning phase is
a file that contains only the information required in the
subsequent phases, such as the IP address or the DNS
name of the user that requested the Web page from the
Web server, the date and time of the request, and the
relative URL of the page that has been requested.

The next step in data preprocessing involves the extrac-
tion of access sessions. An access session is a sequence
of page transitions for the same IP address, where each
transition is done at a specific time interval. Access ses-
sions are the main input to the pattern discovery phase,
and are extracted using the following procedure [10]:

Filtered logs are grouped by date and time.
A time-frame is selected within which two hits
from the same IP address can be considered to
belong in the same access session.

e Pages accessed by the same IP address within
the selected time-frame are grouped to form an
access session.

Finaly, access sessions are trandated into attribute vec-
tors. The KOINOTITES system supports two alternative
data representation approaches. In the first approach
each attribute in the vector represents the presence of a
particular page of the Web site in the session. This is
termed the bag-of-pages approach. However, looking at
the sessions as bags of pages does not help in analysing
the navigational behaviour of the visitors of the site.
Thus, in the second approach, transitions between pages
are used as the basic path components, instead of indi-
vidual pages. In both cases, the attribute vector consists
of boolean features, representing whether an attribute
(page or transition) is present in a session or not.

Pattern Discovery

Once the data has been preprocessed into attribute vec-
tors, the core of the mining process, i.e., Pattern Discov-
ery, commences. In this step, data mining techniques are
used in order to extract patterns of usage from Web data.
The Pattern Discovery step is domain-independent,
meaning that the techniques used are usually general and
can be applied to any domain, e.g. any Web Site, without
concern about the context of the Web site. A significant
factor in the choice of a mining method is its scalability.
The large volume of data requires efficient and incre-
mental algorithms.

In addition, since usually the number of Web pagesin a
site is prohibitively large, we need a method to reduce
the number of attributes. This reduction can be achieved
by examining the distributions of hit frequencies for
pages and transitions in a site. Based on these distribu-
tions, we can define minimum and maximum frequency
values for the pages and transitions that are of interest.



For the current implementation we apply clustering in
order to construct community models that correspond to
groups of users with similar usage patterns. In particular,
we employ a variation of the Cluster Mining agorithm
introduced in the PageGather system [13], which is a
simple graph-based clustering method.

Cluster Mining discovers patterns of common behaviour
by looking for all fully-connected subgraphs (cliques) of
agraph [1] that represents the user's characteristic attrib-
utes. It starts by constructing a weighted graph
G(AEW,,WE). The set of vertices A corresponds to the
descriptive attributes used in the input data. The set of
edges E corresponds to attribute co-occurrence as obser-
ved in the data. For instance, in the Web site on Chemis-
try that we examine, if the user visits pages concerning
"Organic Chemistry" and "Polymers' an edge is added
between the relevant vertices. The weights on the verti-
ces W, and the edges We are computed as the attribute
frequencies and attribute co-occurrence frequencies res-
pectively. The resulting graphisgivenin Figure 2.
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Figure 2: Normalized graph for cluster mining.

The connectivity of the graph is usually very high. For
this reason we make use of a connectivity threshold ai-
ming to reduce the edges of the graph. In our example in
Figure 2, if the threshold equals 0.1 the edge ("Inorganic
Chemistry", "Biochemistry") is dropped.

Discovered patterns are either sets of pages, or sets of
transitions between pages. The page-based representa-
tion provides static models of user-interests. On the
other hand the transition-based representation provides
navigational models, which show the paths through the

site that users usually follow. Both types of model are of
interest for different types of site. In this respect, the
two representations provide complementary knowledge.

Knowledge Post-Processing

The last step in the KOINOTITES process is Knowledge
Post Processing. Discovered patterns are either page-
based or transition-based community models. KOINO-
TITES presents the discovered patterns in a table where
each row corresponds to a model, while each column
corresponds to a page or transition contained in this spe-
cific model. The discovered patterns are also saved in a
text file in order to be imported to any other personaliza-
tion tool.

RESULTS

We have used KOINOTITES in order to analyse the ac-
cess logs of the Web site "Information Retrieval in
Chemistry" (http://macedonia.chem.demokritos.gr),
which consists of 1,264 pages with a high hit rate. The
log file consisted of 338,144 Web-server calls (log file
entries), for a period of 6 months. After applying all the
filters discussed above, only 74,461 entries were ac-
cepted. From these entries we constructed 14,164 user
sessions, using a time-interval of 60 minutes, and 15,595
unigue transitions between pages.

For the Pattern Discovery phase, we selected only pages
having frequency distributions between 100 and 1000,
and transitions having frequency distributions between
50 and 400. Figure 3 presents a screenshot of the results
from a sample execution of the Cluster Mining algo-
rithm, using the page-based representation of access ses-
sions.

Using results, such as those shown in Figure 3, the ad-
ministrators of the site have identified patterns that were
expected, as well as interesting “surprises’. An example
of the latter type is a page-based community model, con-
sisting of the following Web pages. ‘Engineering’, ‘En-
vironmental Sciences', ‘Crystallography’, and ‘Other
Topics'. The explanation that was given to this pattern
was that some fields, such as ‘Environmental Sciences', are
not covered sufficiently for the engineers in the field,
causing them to navigate to more general-theme pages,
such as ‘Engineering’ and ‘Other Topics'. This issue is
worth further consideration and could cause a change in
the site.



Eggl:nmmunities Table

Community Mo FPage Page2 Page3
Community O it AL html it P AL html it WA html
Community 1 it/ ALY himl it P AL htm] fift/FETR1.html
Community 2 fifwh ALY himl it F ALARA html [if/LECNT A html
Community 3 fifwh ALY himl (it LEQONT 1. html fiffZ0OURIC  himl
Community 4 it ALY html fif K OULA . html it AT ST hitml
Community 5 fstats’stats 1996, himl fstatsistats1997 himl

Community G Setatsfstats198G. himl fstatsistats. himl

Community 7 fechemdchemistr2 . pl7select=01-150 fchemsfshon. plrselect=01-150-<H

Community & fmailingdn-z. html fmailingdd-m.html

Community 9 fif' THEODA .himl fit:PETRA.himl

Community 10 Jchemdchemistr® . pl?select=01-080 fchemsshom. plTselect=041-020-00

Community 11 fohemdchemistry2. pl?select=01-290 fehemfshow. pl?select=01-290-00

Community 12 fehemdchemistrZ. pl?select=01-265 fchemfshor. plTselect=01-265-00

Community 13 fehemdchemistr2. plTeelect=01-220 fchemfshor.plrselecdt=01-220-21

Figure 3: Sample results of applying Cluster Mining on the "Information Retrieval in
Chemistry" data, using the page-based representation of access sessions.

CONCLUSIONS

This paper presented an overview of the KOINOTITES
system that exploits Web Usage Mining techniques in
order to identify communities of Web users that exhibit
similar navigational behaviour with respect to a particu-
lar Web site. The information produced by the system
can either be used by the administrator, in order to im-
prove the structure of the site, or it can be fed directly to
a personalization module, e.g. collaborative filtering.

Future work on the KOINOTITES system includes more
sophisticated techniques for data preprocessing and the
identification of access sessions, in order to alleviate
common problems of Web Usage Mining. Other algo-
rithms for pattern discovery will also be included in the
system, in order to provide alternative methods not only
for creating communities, but aso for evaluating the re-
sults. Finally, we are also planning to incorporate a per-
sonalization module in the system, in order to maximise
the utilization of the results.

In conclusion, we believe that Web Usage Mining is a
very promising solution that can help in producing per-
sonalized Web-based systems, making access to on-line
information more efficient. This issue is becoming cru-
cial as the size of the Web increases at breathtaking
rates.
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