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Abstract

The main goal of this research was to investigate means of intelli gent suppat
for retrieval of web dacuments. We have proposed the achitecture of the web toadl
system - Trillian, which discovers the interests of users withou their interadion
and wses them for autonamous saching of related web content. Discovered pages
are suggested to the user. The discovery of user interests is based on analysis of
documents that users had visited in the past. We have aeded a modue for
completely transparent tracking of the user’s movement on the web, which logs
both visited URLs and contents of web pages. The post analysis gep is based ona
variant of the suffix tree dustering algorithm. We primarily focus on overall
Trilli an architedure design and the process of discovering topics of interests. We
have implemented an experimental version d Trillian and evaluated the quality,
spead and wsefulness of the proposed system. We have shown that clustering is a
feasible technique for extradion d interests from web dacuments. We @nsider the
propased architedure to be quite promising and suitable for future extensions.

Introduction

The World Wide Web (web) has become the biggest source of information for
many people. However, many surveys among web users iow that one of the
biggest problems for them is to find the information they are looking for [Kehoe
and Pitkow, 99. There ae many reasons, why searching for relevant information
on the Internet is 0 inefficient. First of all; the web is a vast, distributed, pubicly
avalil able information space, which contains mostly heterogeneous and urstructured
data. The heterogeneous nature of information sources sgnificantly complicates the
processcall ed information retrieval. Seandy, the anourt of data avail able on the
web space grows at remarkable speed. Therefore, there is a need for a toal, which
would assst the users with their browsing and make their on-line experience more
comfortable, while seaching for the topics of their interests. Today’s reseach in
thisfield concentrates on software entiti es (also call ed agents) that would help users
filter vast amourts of data available on-line and adjust themselves to the particular
needs of every user. In ou work, we tried to design such a todl, to propcse its
architedure andto evaluate its quality and wsefulness

The goa of our work isto design a system cgpable of discovering user’s topics
of interest, his or her (we shall use the masculine form for short in the rest of the



paper) on-line behaviour, and hs browsing patterns, and to use this information to
asgst him while heis saching for information onthe web.

In recent years new systems have been propased to overcome problems related
to information retrieval and to acoommodate the web for an average unskill ed user.
The main ideaof these systemsisto dscover the user’s browsing behaviour and his
topics of interest. By possessng this information, the system can help the user
formulate his ®ach queries, asgst him during web browsing and bring more
advantages. In ou work we intend to devise such a system and evauate its
usefulnessin ared world environment.

Such a persondli sed system has many advantages over common search engines.
First of all, the system has closer knowledge éou the user and is able to discover
his potential information reeds with higher probability than a seach engine. The
system can operate in a multi-user environment and become a basis for
collaborativefiltering or advanced caching.

In general we can cal any software system, which helps the user retrieve,
locate and manage web dacuments, aweb tod. Web tod's can be dasdfied in many
ways. Cheung, Kao and Lee have proposed ore such classfication in [Cheung,
Kao, Leg 98. They classfy web todsin 5levels (0-4), from a regular browser to
an intelli gent web tod (assstant). A level 4 web tod is expeded to be caable of
leaning the behaviour of users and information sources. In our work, we try to be
consistent with this clasgficaion and we focus our effort on the most advanced
kind (level 4) web tod system.

Our vision d what our intelli gent web tod will be &le to docan be described
by foll owing scenario:

The intelli gent web tod observes the user’s ontline behaviour, his browsing
patterns and favourite places. The web tod works as a personal agent and gathers
the data needed to identify the user’s interests. By analysing the visited dacuments,
their order, structure and any other attributes, it discovers the user's domains of
concern. Web toad can locdly store documents visited by the user. Thisyields some
useful advantages such as a full text seach ower visited content, easier information
sources behaviour analysis and in a multi-user environment even a basis for
advanced custom caching functionality [Haobo and Breslau, 99 or coll aborative
browsing [Ungar and Foster, 98 Lashkari 95]. When the user’s topics of interest
are acquired, the tod starts looking for relevant information onweb autonamously.
When it finds relevant documents, they can be presented to the user in the form of
suggestion and he is able to evaluate the quality of them either by implicit or
explicit relevance feedback. This feedback can be thought of as a @ntribution to
the todl’ s total knowledge of the user’s profile. Moreover, the tod hasto be &leto
identify the information sources behaviour. As an example, we can ndiceweb sites
devoted to news srvices, which change their content daily or even on a more
frequent basis. The system has to discover such regular changes of an information
source so that it could inform the user more predsely about content change or even
download whole content in advance.

To dscover the user’s interests on the web, h's movements and behaviour have
to be monitored so that the knowledge aou his profile can be acquired. Software
entiti es cdl ed agents can be used to achieve such a functionality.



Software agents can be included in web tod architedure in two main aress.
The first important use of agents lies in the field of user’s behaviour tracking and
monitoring. Agents can also be used for autonamous searching for relevant content
onweb (search agents).

Low predsion d seach engines sarches disables convenient information
retrieval process As the seaches are quite imprecise and are of a varying quality,
thereisaneed for atod (system) capable to overcome the mentioned problems and
improve the overal seach engine's performance and the quality. We neal
improved automatic methods for searching and aganising text documents  that
information d interest can be accessed fast and accurately.

Motivation d this reseach isto design and evauate system or architecure ale to
assst the users in information retrieval and make web experience @nvenient for
them. The basic question asked in this projed is: “What is a feasible way of helping
users to find dacuments placed in the web spacethat match their interests?” Web
grows extensively and the users find it sometimes very difficult to locate information
they arelooking for.

We want to design a ammplex web todl, its architedure and implement some of
the designed modues as prototypes to evaluate usefulness of system and dscover
related tasks and problems.

Design

In this part we want to focus on the design of the web tod. We shall introduce the
architedure of our web tod system, which we shal cdl by the @de-name
“Trillian”.

The proposed multi user architedure of the Trilli an system is shown in Figure
1. It consists of six main modues. The user conneds to web pages using his
standard web browser. The user tracking modue records his movement and content
of the web pages he visits. User profile discovery modue is resporsible for profile
analysis and identificaion d user's information reals. Search agents search for
data relevant to the user’s preferences and updite the document database.
Information sources behaviour monitor’s main goal is to identify how the most
popuar web pages change over time, which is very important for the pre-caching
medanism. The user services modue is an interface between the user and the
system.
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Figure 1 ill ustrates the top-level decompasition d the system. In the sequel, we
describe the @re features and functionality of each individual modue together with
adescription d its sub-modues.

The web browser
The web browser (e.g. Internet Explorer, Netscape, Mosaic) is a standard
software tod for accessng web pages on the internet. The web browser accesses
the Internet via aproxy server. The architedure is independent from the version or

type of the browser. It isresporsible for

» Navigation through web pages

* Graphicd user interfaceto Trilli an user

* Web browser extension (optional)

e Client events.

Personal browsing assistant




This modue is the only part of a web tod system, with which the user co-
operates. When new pages relevant to the user’s interests are discovered, the
browsing asgstant displays them to the user. It is resporsible for

* A userinterface for full text seach over visited dacuments.
 Rdevancefeedbadk.
» Personal caching control

¢ Monitoring control.

Web proxy

In the proposed architecture, proxy is a common conrection pant where are
system comporents and functions reside. All HTTP traffic passes through the web
proxy and this enables accessto the mntent of the web pages that the user visits.

User Tracking Module

The purpose of this modue is to trak the user’s browsing and behaviour in
web space. It can reside awywhere dong the HTTP stream. In our architedure the
modue is placed onthe proxy server and therefore can access the user’'s HTTP
responses to record the pages he visited and their content. The modue records all
information recessary to gain important knowledge aou the user’s on-line profil e.
can be used in condtions where the usage of the proxy server is nat possble. It is
resporsible for

* Reoording of visited pages and storing them locdly in the Trillian dacument
database.

* Reaoording clickstream data.

User profile discovery

This modue represents probably the most important and dfficult part of the
whale Trilli an architecture. Its main oljective is to dscover the user’s topics of
interest. Thisis dore by the analysis of web accesslogs (clickstrean data) and the
content of visited web pages. The analysis has to be ehaustive to adieve
reasonable results and therefore it has to be exeauted orly in the post processng
phase. In our work we have tried to perform some analysis “on the fly”, bu spead
performancewas reduced significantly.

The profile discovery process employs sveral miscdlaneous algorithms to
read the desired goal. Methods such as cluster analysis, dacument cleanup, HTML
analysis, browse path construction and ahers are used.

The modueisresporsiblefor:

o Clickstrean analysis- the modue has to analyse clickstream data to identify
information-rich dacuments among all received pages.



o Discover clusters of user’s interests — This processis core part of whae
Trillian system. It is very important to produce meaningful and correct
clusters, which best describe user’s profile and interests. Modue shoud
analyse visited web pages and identify clusters of similar documents, words
or phrases within them. To achieve this goal several clustering algorithms
can be used. We have chosen a variant of the suffix tree dustering for this
purpose.

o Use relevance feedback from users — During the analysis of visited
documents, we can use relevance feadbadk provided by users from previous
analysis results. Overal knowledge of the user’s interests can be improved
in this way. E.g. we can consider clusters, words, phrases or even whole
documents as negative examples, which means, during the subsequent
analysis we will not identify similar content as important for the user. The
system can learn and better understand the user’ s needs this way.

Search agents module

This part of the system performs an autonamous pre-fetching of documents
from the web space or web exploration. The modue uses a softbot-based
mechanism to retrieve documents from the web. It uses information oldained using
profil e discovery to search for pages relevant to the user’ s needs.

Information sources behaviour monitor

The web space and its dynamic behaviour cause frequent changes of many
documents. The frequency of changes in web content is variable and dgpends on
the particular web site. It varies from several years to several seaonds (e.g. stock
news). It isresporsible for

» Discovery of page update patterns.

» Prefetch pagesin advance.

User services module

The user services modu e transforms manipulated and analysed datainto aform
suitable for the user. It allows the user to provide content relevance feedbadk and
feedback for monitoring and search agents. It is the interface to the wre system
parts through which the user gets data or controls processes, sets the parameters or
explicitly describes his preferences. It isresporsible for

* Full text seach.
e Attribute seach.

* Fealbadk mechanism.

Central Database

The centra database stores al the data required for succesdul anaysis and
monitoring of the user and web pages. The system uses a repository architedure



template. All of the amre modues work with the data from the central database and
update its contents.

User tracking

A goal of the user tradking modue is to record user’s movement and contents
of the documents the user visits. As our empiricd experiments shows, the main
requirements for thismodue ae speal and robustness

Suffix tree clustering (STC)

The discovery of the user’s profile is probably the most important part of the
Trillian’s architecture. Its goal is to dscover main document clusters using the
analysis of visited dacuments (their contents) and the analysis of clickstream data.
To discover the interests of the user we need to perform a complicated analysis
composed of several steps. The main step in the analysis process is cdled
clustering.

The dustering is used to extrad groups of words (terms) or phrases, which tend
to be of similar meaning. These groups — clusters are the final outcome of the
clustering process We want to accomplish the following: to extrad al textua
information from the documents and - analysing their contents - to form groups of
similar documents or topics. Similar documents are those, which have something in
common (e.g. share a @mmon phrase or topic). This is based onthe dustering
hypothesis, which states that the documents having a similar content are dso
relevant to the same query [van Rijsbergen, 79. The query in ou case has the
meaning of an information real o the user.

In the Trilli an system, we have dosen to use avariant of a dustering method first
introduced by [Zamir and Etzioni, 98 cdled the suffix tree dustering. The STC is
used in the post-retrieval step o the informationretrieval.

The suffix tree dustering algorithm relies on a data structure cdled a suffix
tree The suffix tree of strings is composed of suffixes of thase strings. This
formulation assumes only existence of one input sequence of strings. In our case we
want to distinguish among string sequences from different documents. Therefore
for this purpose there is a slightly modified structure called a generalised suffix
tree which is built as a mmpad trie of al the words (strings) in a document set.
Leaf nodes in this stuation are marked na only with a identifier of sequence but
also cary information abou the document from where the sequence originates.

There ae severa posgble ways of building a suffix tree We employ a version o
Ukonren's algorithm because it uses suffix links for fast traversal of the tree
[Ukkonen, 93.

STC Process

Suffix tree dustering uses uffix treedata structure. Building the suffix treeis
only one step in whole processof document clustering. The STC is compaosed of 3
main steps: document cleanup, maximal phrase dusters identification and cluster
merging.



Document cleanup Documents have to be preprocessed first before their contents
are inserted into the suffix tree The HTML documents contain a lot of irrelevant
tagging information, which has to be removed first.

Maximal phrase dusters identification — From efficiency of using the suffix tree
structure, we can identify maximal phrase dusters. By maximal phrase duster we
mean such a phrase, which is dared by at least two dacuments. These maximal
phrase dusters are represented in the suffix tree by those internal nodes, leaves of
which originate from at least two dacuments (The phrase is dared by these
documents). Afterwards, a score is cdculated for each maximal phrase duster
(MPC). The score of the MPC is cdculated using following formula:

s(m) =[m|.f(Im, |).Z tfidf (w;)

where [m| is the number of documentsin a phrase duster m, w; are the wordsin
a maximal phrase duster and tfidf(w;) is a score calculated for each word in the
MPC. |mp| is the number of non-stop words within the duster. Function f penali ses
short word plhrases; it is linea for phrases up to 6 words long and is constant for
longer phrases. In this gage we can also apply scores of each word cdculated by
their pasition in the HTML document (e.g. in <H1> tag ar <B>). A final score of
eat term can be obtained by multiplying its tfidf score and its HTML pasition
score.

TFIDF — Term frequency inverse document frequency is a cdculation, which
evauates the importance of a single word using an assumption that very frequent
word in the whole document colledion hes a lower importance than the one
appeaing lessfrequently among the documents.

After the weighting of all maximal phrase dusters we seled only the top X scoring
ones and consider them for the following step. This sledion prevents the next step
from being influenced by alow scoring, and thus presumably lessinformative phrase
clusters [Zamir, 99.

Cluster merging — After we have seleded maxima phrase dusters, we need to
identify thase groups, which share the same phrase. By cdculating binary simil arity
measure anong each pair of maximal phrase dusters, we can create agraph where
similar MPC’s are cnreded by edges. Simil arity among clusters is calculated using
asumptionthat if phrase dusters share significant number of documents they tend to
be simil ar.

Eadh cluster can nowv be seen as one node in a cluster merge graph When two
clustersin this graph are simil ar they are conrected by an edge. The final stage of the
cluster merging phase is the seledion d groups of conneded comporentsin a cluster
merging graph. The @nrected comporents in this graph nowv represent the final
output of the STC algorithm — the merged clusters. Afterwards, the merged clusters
are sorted by score, which is cdculated as the sum of all scores of the maximal
phrase dusters inside the merged cluster. A conreded component of an undreded
graphisaset of nodes such that there is a path between ead pair of nodes in the set.

Finaly, we report only top 10 merged clusters with the highest score. After al 3
steps of the STC algorithm each merged cluster can contain plrases, which are still



toolong. In this case, we have to proceed with the next step, which isthe seledion d
cluster representatives.

Cluster representatives can be selected using two tedhniques:

a Term TFIDF score- TFIDF score is calculated for every word inside amerged
cluster. Words appearing with low frequency among maxima phrase dusters,
but with high frequency inside maximal phrase duster are @nsidered as best
representatives of amerged cluster.

o Merged cluster clustering —We can apply the same clustering mechanism for
maximal phrase dusters as we used for the dustering of documents. This
tedhnique can identify the maximal phrase dusters within a merged cluster. This
allows us to seled common plrases inside amerged cluster. The result of this
technigue will have ahigher quality than the previous technique.

a Combination — Identificaion d common phrases within a merged cluster can
yield oy a small number of phrases and therefore we caana use them alone &
cluster representative. Thus we can use a combination d the two previous
techniques to achieve the desired result.

STC Complexity and Requirements

Suffix tree dustering algorithm has a linea time complexity depending on the
size of the document set, which has be dustered.

STC can be built i ncrementally, which means when new documents are added
to the document set, they can be directly inserted into the suffix tree withou the
need to rebuild the tree @ain.

Clickstream Analysis

Clickstrean is a sequence of log records of user respornses or requests, which
model his movements and adivities on the web. The clickstream data is basicaly
colleded ontwo pdnts of the web communication. Web sites them selves maintain
logs of the user’s activities. The second pont is locaed onthe entry point of the
user’s connedion to the internet, which is in most cases the proxy server. The data
colleded at the proxy server has a higher meaning for the analysis of the user’'s
behaviour because they tradk the user’s adivities among all web sites.

Data mining techniques can also be gplied for clickstrean analysis to achieve
higher quality. Chen, Park and Yu have propased some promising algorithms for
mining for interesting patterns in clickstream data [Chen et al, 96. In our work we
have gplied ou own simplified version d the clickstrean analysis algorithm for
determining the important documents within a sequence A top level description o
the dgorithm is $how on Figure 2.



Start

Choose a record
from clickstream |

Yes

End session.
Assign DEF_AVG
as time spent
value for previous

is clickstream
queue empty?

record.
A No
Assign page to
group of frameset
pages. Assign
" Yes Has record No group to queue of
ULL referrer? previous
documents
Y
Is referrer page
~—No among previous

records?

Yes

is page member

of frameset? Yes

Compute time spent on the page as
difference from time of previous
document in queue. Add page to list
of previous documents.

No————

The page is member of
frameset when it contains
same referrer as previous

pages and time delay
between its timestamp and
time stamps of previous
pages is less than
FRM_TESHOLD

Figure 2. Top level description of smplified clickstream analysisalgorithm.

The main goal of this algorithm is to determine the goproximate time spent on
ead page. The dgorithm tries to identify groups that belong to a ommon frameset.
This is dore by a smple principle: When a page has the same referrer as the
previous page in the clickstrean and the time difference is less than
FRM_TRESHOLD (in ou algorithm 5 secmnds) we mnsider the page to be a
member of a frameset. Another important issue is the sesson. By sesson we mean
a a@ntinuows processof searching for information. When two pages in a sequence
have atime difference higher than 30 minutes we asaume the end d the sesson.
We canna exadly say how much time the user has gent on the last page in the
sesson because the following record belongs to a different sesgon. In this case we
assgn such apage adefault value (5 minutes).
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We have dso creaed atedhnique to avoid dupicaed dacuments in the analysis
document set. For each web page we generate its page digest, which is a short byte
sequencethat represents the document. If two documents are exadly the same, their
page digests will match. Occurrences of dupicaes among gathered data will be
often, because during web sessons users often return to the previous page. If
dugicaes would be removed from the analysis document set, our algorithm would
identify the topic represented in the dupicaed document as more important
although it shoudn’'t. We used MD5 algorithm to generate the page digests and we
save them into the document database. Thus, identification d the dupicates gets
eaier.

Caching Strategies and Collaboration

Severa cading strategies exist and their main goal is to attempt to achieve the
highest posgble degree of consistency of the web cache. The summary of these
strategies is best described in the paper [Haoboand Breslau, 99.

For the Trilli an system, we propose adlightly modified ideaof the web cade.
Traditional web cade systems maintain oy the documents that have dready been
visited by users. Our approach is to employ an information source behaviour
monitor, which dscovers updete patterns of the web sites. With this knowledge, we
can send search agents to pre-fetch pages to the local cache and store them locally
even though the users haven’t seen them yet. This pre-fetch mechanism will be
only applied to those pages that are popuar among users or pages explicitly
requested by user.

Collaborative filtering [Pol¢icova, 99, Polcéicova, Navrat, 00 is atednique for
locaing similarity of interests among many users. Let’s sy the interests of users A
and B strongly correlate. Afterwards when a newly discovered pageis interesting to
user A there is a high probability that user B will also be interested. The page is
then recommended to user B as well. For filtering purposes we @uld use two
methods for sharing the information and knavledge anong users:

o Automated filtering —The ratings of the documents and URLSs are discovered by
the system automatically.

o Manud documents rating — Users can manually present their opinions on
visited dacuments. The system recommends the documents based on these
manual ratings.

Users can exchange knowledge and panters to interesting resources on the web,
share knowledge or otherwise llaborate. If a wllaborative filtering system is used
in a ommunity where information requirements of the users are similar (e.g.
employees of an IT company) there is a high probabili ty that the @llaboration will
be very successul and the recommendations will be interesting to many users.

There ae many methods for building a llaborative framework, e.g. [Ungar
and Foster, 9§ [Polcicova, Slovak, Navrat, 0 and [Lashkari 95]. We can say that
Trilli an’ s architectureis ready to be extended for coll aboration among users.

Evaluation and results
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In this part we focus on an evaluation d the implemented modues. We tested
every modue of the intelligent web tod architecture. Our primary interest was
whether a spedfic modue meds its requirements and if its performance and results
are satisfadory.

Effedivenessof the dustering depends on relevance of the discovered clusters.
Quality of clusters (ability to discover distinct topics of interests or group d the
documents that correlate) depends on the user’s opinion. Thisisa common poblem
in many IR tasks. Therefore we need to use a ©llection d the test data, which has
aready been evaluated by its authors. A test colledion for information retrieval
requires three @mponents: 1) a set of documents, 2) a set of queries, and 3 a set of
relevance judgments [Gordon et. a., 9§. We can then evaluate our clustering
algorithm comparing its results to human caegorization d documentsin coll ection.

Today, many colledions are avail able for academic purposes on the web. They
differ in many aspeds, bu primarily in size, structure and type of data. We were
interested in results of the web dacuments clustering and therefore we required
such a @lledion d documents. Such colledions exist, bu they are not always
pubicly available. We had no choice but to use eisting colledions from other
domains and adapt them for our purposes.

In our experiments we used threetesting coll ections. Syskill and Webert web
page ratings, LISA colledion, Reuters-21578 colledion. The testing coll ections,
espedally Reuters-21578were too large for our purposes, thus we seleded orly
subsets from them. Our experiments were based onthese subsets.

Evaluation methodology

For evaluation d clustering quality we used a ommon IR technique sometimes
cdled “merge then cluster”. The common approach is to generate asynthetic data
set where the “true” clusters are known. This can be dore by generating it based on
a given cluster model, or, and more suitable for document clustering, by merging
distinct sets of documents into ore. The resulting document set is then clustered
using different clustering algorithms, and the results are then evaluated given how
closely they correspondto the origina partition. [Zamir, 99

For numericd evaluation, we used two basic metrics: The predsion fador and
pair-wise accuracy. We borrow these metrics and methoddogy from [Zamir, 99,
because we want to compare our results with hiswork.

Predsion Factor: For each identified cluster we find the most frequent topic
and consider it as “true” cluster topic. The Predsion is afterwards cdculated as the
number of documents that belong to the “true” cluster divided by the total number
of the documents inside the duster. Because nat all documents are dustered we
also use normalised precision fador, which is a predsion factor multiplied by the
fradion d the documents that were dustered.

Pair-Wise Accuracy: Within eat cluster we compare pairs of documents
inside. We @unt true positive pairs (documents originally belong to the same
group) and false positi ve pairs (documents were not originally in the same group).

The pair wise acaracy is cdculated as follows, cf. also [Zamir, 99:
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Let C be aset of clusters, tp(c) and fp(c) be the number of true-positi ve pairs of
documents and the number of false-positive pairsin cluster ¢ of C. Let uncl(C) be
the number of unclustered documents in C. We define the pair-wise score of C,
PSC), as:

PSC) = Z sar(tp(c)) - = sart(fp(c)) - uncl(C)

where the summations are over al clusters c in C. We use the square roots of
tp(c) and fp(c) to avoid ower-emphasizing larger clusters, as the number of
document pairs in a duster c is |c| - (|c|-1) / 2. We subtract the number of
unclustered dacuments, as these documents are misplaced. The maximum pair-wise
score of C, maxPYC), is:

maxPS(C) = Z sgrt(|c] - (|c[-1) / 2)

where |c| is the number of documentsin cluster c. Thisis smply the sum of the
square roats of the number of document pairs in each cluster. Finally, we define the
pair-wise accuracy quality measure of C, PA(C) as:

PA(C) = (PYC) / maxPSC) + 1) / 2

STC Quality

Figure 3 presents results of our variant of the STC using the three mentioned
colledions. Our results are similar to those reported by Zamir [1999 who
compared six clustering algorithms including his version d the STC. They
independently  endase  the  superiority of the STC  which,

Precision of STC algorithm
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Figure 3. Predsion of Trillian STC algorithm.
together with the k-means a gorithm, ouperform the other algorithms.

Speed and Space Requirements
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Theoretically, STC time axd space mplexity shoud be linea. In our
experiments we dso measured time and memory used during each test. We were
interested whether the theoreticd assumption will be @nfirmed. As Figure 4 and
Figure 5 show, the STC meds its theoretical assumptions and is linea depending
on size of the document set. Following pictures snow how number of words in
clustered dacuments relates to the STC processng time and memory requirements.
However, in ou case the STC hasto cluster huge anount of documents. During our
experiments we enpiricdly evaluated reasonable number of documents, which ou
implementation d STC can handle withou any memory problems. We have found
that in general our STC implementation can hande up to 800 de@uments (we used
128 Mb RAM computer) withou bigger problems. This number is not very high,
when we imagine number of document after 1 week of browsing. It depends on
behaviour of user, but in some caesit can much higher than mentioned 800.

Our implementation d the STC halds the whale suffix tree structure in the
memory. Thus in big document set memory gets full and the dgorithm suffers,
becaise the procesor deds mostly with memory management. Therefore we
suggest that STC implementation must creae apersistence medanism for storing
parts of suffix treeon dsk, when they are not needed. This might allow STC to be
used onmuch higger document coll edions.

Memory usage
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Figure 4. Relation between number of wordsin document set and memory
requirements.
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Figure 5. Relation between number of wordsin document set and stc processtime

Phrases

One of the advantages of the suffix tree dustering is the usage of phrases. We
were therefore interested hov much do ghrases contribute to the overal quality of
the dgorithm. In the experiment, we measured hov many of the phrases contain
more than ore word. Figure 6 shows percentage of single, doube, triple and longer
phrasesin clusters on average.

Fraction of n-word phrases

27%

49%

16%

@ Single w ord phrases @ Double w ord phrases [ Tripple w ord phrases [J Other

Figure 6. Averagefraction of then-word phrasesin clusters.

As the results show, more than half of the phrases in MPC’'s were not single
worded. Thisisavery promising fad, because the phrases carry higher information
valuein IR systems and tell us more &ou the context of the discovered topic.
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Conclusions

The result of this projed is the designed architedure of an intelli gent web toal
system, which is able to discover the user’s information needs (topics of interest)
and help him locae documents from the web paentially relevant to hisinterests.

The main question d this research was: “What is a feasible way of helping
users to find dacuments locaed in the web space that match their interests?” Our
answer to this question is the design of the Trilli an architedure. We believe that
this proposed architecture is good for achieving our main goal: intelligent
information retrieval. It is nat only designed to analyse the user’s interests and help
him to locae relevant web pages afterwards, bu aso alows for future
enhancements in the form of coll aborative filtering or custom caching and the pre-
fetching mecdhanism.

We have identified clustering of web dacuments as the best way of analysing
the user’s information reeds (profil e discovery). We have evaluated the feasibili ty
of the suffix tree dustering algorithm for web tod purposes and we mnsider it very
useful for this purpose. However, some future enhancements have to be dore for
the improvement of space requirements and spead. We have dso identified the
clickstream analysis as an important part of whole the analysis process Clickstream
data can significantly improve the system’s knowledge of the user’s profile. We
have identified clickstream analysis as naot being an easy task and described the
main problems related to this process We have proposed asimplified version d the
analysis algorithm, bu we mnsider the usage of more advanced agorithms, such as
data mining techniques or artificial neural networks, to be viable dternatives, too.

The browsing behaviour of users and the activity of seach agents update the
document database. Seach agents are designed to dscover the relevant web
documents on the internet based onthe discovered user profiles. We believe thisis
the proper methodfor helping the user to locate documents related to hisinterests.
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