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Abstract. The problem of knowledge extraction from the data left by web users
during their interactions is a very attractive research task. The extracted knowledge
can be used for different goals such as service personalization, site structure sim-
plification, web server performance improvement or even for studying the human
behavior. The objective of this paper is to present a system, called ELM (Event
Logger Manager), able to register and analyze data from different applications. The
registered data can be specified in an experiment. Currently ELM system provides
several knowledge mining algorithms, i.e., apriori, ID3, C4.5 but easily other mining
algorithms can be added.

Keywords: data mining, service personalization, knowledge discovery algorithms.

1 Introduction

The time spent by people in front of computers still increases so the problem of
knowledge extraction from the enormous amount of data left by web users during
their interactions is a research task that has increasingly gained attention in the last
years. The analysis of such data can be used to understand users preferences and
behaviors in a process commonly referred to as Web Usage Mining (WUM). The
extracted knowledge can be used for different goals such as service personalization,
site structure simplification, web server performance improvement or even for study-
ing the human behavior. In the past, several WUM systems have been made, some of
them are presented in Sect. 2. The objective of this paper is to present a WUM sys-
tem, called ELM (Event Logger Manager), designed and implemented at the Depart-
ment of Electronics and Information Systems Warsaw University of Technology. Our
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system significantly differs from existing WUM systems. ELM is flexible and easy to
integrate with any Java application. We use aspect modification, as proposed in [2],
to add code responsible for registering required data. ELM is able to collect and store
data from users interactions from many applications in one data base, and analyze
them using knowledge discovery algorithms. ELM system contains several knowl-
edge mining algorithms, i.e., apriori, ID3 and C4.5 taken from weka library [13], but
without any difficulty other algorithms can be added. In our system a user can also
decide on the kind of data aquisited and filtered. In Sect. 3 the architecture of ELM
and its main modules are presented. Conclusions are given in Sect. 4.

2 Web Usage Mining Systems

The information placed in Internet is still increasing. During navigation web users
also leave many records of their activity. This enormous amount of data can be a
useful source of knowledge but sophisticated processes are need for the analysis
of these data. Data mining algorithms can be applied to extract, understood and use
knowledge from these data and all these activities are called web mining. Depending
on the source of input data web mining can be divided into three types:

1. contents of internet documents are analyzed in Web Content Mining,
2. structure of internet portals are analyzed in Web Structure Mining,
3. the analysis of data left by users can be used to understand users preferences and

behavior in a process commonly referred to as Web Usage Mining (WUM).

The web usage mining process as described in [11] consists of following phases:

• data acquisition,
• data preprocessing,
• pattern discovery,
• pattern analysis.

Often the results of pattern analysis are feedback to pattern discovery activity. Effec-
tive data acquisition phase is crucial for web usage mining. Data from users interac-
tions with internet application can be stored on server side, proxy servers, client-side.
Data can be stored in browser caches or in cookies at client level, and in access log
files at server or proxy level. The analysis of such data can be used to understand users
preferences and behavior in a Web Usage Mining (WUM) [7, 15]. The knowledge
extracted can be used for different goals such as service personalization, site structure
simplification, and web server performance improvement, e.g., [8, 10].

There are different WUM systems: small systems performing fixed number of
analysis and there are also systems dedicated to large internet services. In the past,
several WUM projects have been proposed, e.g., [1, 4, 5, 6, 9, 14]. In Analog sys-
tem [14] users activity is recorded in server log files and processed to form clusters
of user sessions. The online component builds active user sessions which are then
classified into one of the clusters found by the offline component. The classifica-
tion allows to identify pages related to the ones in the active session and to re-
turn the requested page with a list of related documents. Analog was one of the
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first project of WUM. The geometrical approach used for clustering is affected
by several limitations, related to scalability and to the effectiveness of the results
found. Nevertheless, the architectural solution introduced was maintained in several
other more recent projects. Web Usage Mining (WUM) system, called SUGGEST
[1], was designed to efficiently integrate the WUM process with the ordinary web
server functionalities. It can provide useful information to make easier the web user
navigation and to optimize the web server performance.

Many Web usage mining systems are collaborating with an internet portal or ser-
vice. The goal is to refine the service, modify its structure or make it more efficient.
In this group are systems SUGGEST [1], WUM [7], WebMe [9], OLAM [6]. Data
are extracted from www server’s logs. So far the only system we were able to find
using data from client side is Archcollect [5]. This system is registering data by
modified explorer. Archcollect is not able to perform complex analysis. We have
not found a system registering data on both client and server sides.

3 ELM Web Usage Mining System

In Event Logger Manager (ELM) system all web usage mining processes (mentioned
in Sect. 2) are performed. ELM is responsible for data storage and also data analysis
by some knowledge discovery algorithms. System is able to store data in local or
remote data base. ELM user is able to define what events should be stored and when.
Some basic types of events are predefined but user can also specify its own logical
events. In ELM system data are preprocessed, data mining algorithms can be executed
and its results may be observed. Without any difficulties new algorithms can be added.

3.1 ELM Architecture

In Fig. 1 the main parts of ELM system are presented. Data acquisition is performed
by EventLogger and analysis by EventManager. Both modules are using eventDB,
relational data base, containing stored events. EventLogger API is written to facilitate

Fig. 1 ELM architecture
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Fig. 2 ELM repository

the access to data base for data registering and data analyzing modules. In this module
logical types of events may be defined. For defined events also the parameters may
be created. EventLogger API writes or reads events with parameters, in accessing the
data base only JDBC (Java DataBase Connectivity) is used. JDBC provides methods
for quering and updating data in a relational database.

EventLogger is able to register events handled at server side. We use aspect modi-
fication proposed in [2]. An aspect, written in AspectJ [12] is responsible for storing
appropriate information describing the event. This aspect can be woven to the code
of Java application, even if only compiled code is available.

3.2 ELM Repository

ELM system is a tool which can be used by internet application owners and expert an-
alyzing users behavior. Data registered in different applications are kept in eventDB
(Fig. 2). Application EventManager reads the registered data from eventDB, presents
and transforms them, runs mining algorithms and presents the results. In Fig. 2 the
ELM repository is shown. Directory _data contains input data for mining algo-
rithms, extracted from eventDB. These data are in ARFF (Attribute Relation File
Format) [15] format. In directory _filters there are scripts processing data, e.g.,
merging data from several files. Directory _algorithms contains scripts running
mining algorithms. Currently following algorithms: apriori, ID3, and C4.5 from weka
library [13] are available. In this directory scripts running others algorithms can also
be inserted. The implementation of newly added algorithm should work on input data
in ARFF format. More implementation details are given in [3].

3.3 EventManager

EventManager presents events registered in data base, is able to browse and process
algorithm’s input data, runs mining algorithms and also presents its results. The
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Fig. 3 EventManager initial screen

Fig. 4 EventBrowser screen

initial screen of EventManager is shown in Fig. 3. From this screen following mod-
ules can be called:

• EventBrowser (screen shown in Fig. 4),
• ArffBrowser (screen shown in Fig. 5),
• AlgorithmRunner (screen shown in Fig. 6),
• AlgorithmMonitor (screen shown in Fig. 7).

The web mining process requires successive calls of all four modules.
EventBrowser presents events defined in EventLogger module and stored in data

base eventDB (Fig. 1). User may choose interesting type of event from a pull down
list and events only of this type are shown on a screen (Fig. 4). In columns the
parameters describing events are shown. Common for all events parameters are
e.g.: identifier, time, user name and session identifier. In EventLogger module user
may define specific for an event parameters, these parameters also are displayed. In
EventBrowser user is able to choose events from determined time period and ob-
serve only some events parameters. The selected from data base events can be saved
in _data directory (Fig. 2) as ARFF file for future analysis.

ArffBrowser presents ARFF files saved in _data directory (Fig. 2). From a pull
down list an ARFF file can be chosen. This file is displayed in a tabular form. In
Fig. 5 an example of a file saved by EventBrowser is seen. Usually, files saved
by EventBrowser are inadequate for a mining algorithm. ArffBrowser is also re-
sponsible for the ARFF file adaptation. The typical adaptations are e.g. removing
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Fig. 5 ArffBrowser screen

Fig. 6 AlgorithmRunner screen

Fig. 7 AlgorithmMonitor screen

parameters, grouping, merging data from many rows into one row. The modified
file can be stored in _data directory as a new file or replace the old one. From this
module filters, performing operations on files can also be started.

The mining algorithms are started by AlgorithmRunner module. From a pull
down list (Fig. 6) one of following algorithm’s types may be selected: classifica-
tion, clustering, discovering sequential patterns and associations. After the selection
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of algorithm type a list of algorithms available in this category is presented e.g: for
classification algorithms currently ID3 and C4.5 [15] can be chosen. The imple-
mentation of algorithms are taken from weka library [13]. The algorithms are kept
as scripts in _algorithms directory (Fig. 2). The script running algorithm is also
displayed in a text window. This window can be edited by a user, so some arguments
can be changed. User should also select the ARFF file containing input data for the
algorithm. After pressing the View button (Fig. 6), AlgorithmRunner checks, if the
selected file contains data appropriate for the chosen type of algorithm, e.g. for clas-
sification algorithm class attribute is necessary. The Run button starts the execution
of mining algorithm.

AlgorithmMonitor module monitors started algorithms and manages _results
directory in ELM repository (Fig. 2). For each started algorithm appropriate subdi-
rectory is created. The name of this directory is composed of the name of algorithm
and date of execution. In this subdirectory the results of algorithm are stored in
results.txt file. On the screen of AlgorithmMonitor module (Fig. 7) a list of
started algorithms is presented, still running algorithms have different color than the
finished ones. User may read the results or delete them.

4 Conclusions

Knowledge about users and understanding user needs is essential for may web appli-
cations. Registration of user interactions with internet application can be the basis
for different analysis. Using algorithms for knowledge discovery it is possible to
find many interesting trends, obtain pattern of user behavior, better understand user
needs. We present a general system for web usage mining and business intelligence
reporting. Our system is flexible and easy to integrate with web applications. To in-
tegrate ELM with any web application only an aspect should be written and woven.
ELM is able to collect and store data from users interactions from many applications
in one data base, and analyze them using knowledge discovery algorithms. A user
of our system may add own algorithms or tune implemented ones, as well as decide
what information will be stored, filtered and analyzed.
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