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ABSTRACT

Information Systems adaptation to its users requivebe able to identify real uses made of theesyst
The behaviour models, extracted from System-Uderantion traces, provide representations of the re
tasks performed in the Information System. We psepto exploit these representations in order to
extract knowledge that can, in turn, help to suppesers in their activities or to adapt the system
emerging activities. This paper describes such @roach we applied in the field of Information
Retrieval by navigation in hypermedia. The behavimodels consist of navigational patterns and
extracted knowledge is a thesaurus whose contestrasigly related to the context of the available
information. The paper is focused on the proceslation extraction between terms. It also present
experiments carried out for testing relevance as¢hrepresentations. We show that by using the
associations of the thesaurus and keywords desgrithie user's needs, it is possible to predict the
requested page from the first pages of navigafibe. results are evaluated by measuring the predicti
capacity of such relationships in a perspectivpagfes recommendation.
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1. INTRODUCTION

In order to adapt an Information System (IS) tousers, it is imperative to identify existing
usages of this IS. According to these differenigesait's possible to design, or re-design, the
IS so that it offers an adapted structure to ity ygsofiles. These profiles can be captured by
the way of users' behaviour models acting in theTlgat also gives the opportunity to use
these models for simulating behaviour of categogésusers facing with changes in the
information organization. Therefore, modelling asithulation of users’ behaviour appear as

46



EXTRACTION OF CONTEXTUAL ASSOCIATIONSTO SUPPORTUSERIN A TASK OF
INFORMATION RETRIEVAL BY NAVIGATION

an important issue in the domain of adaptability.clrrent computing environments, each
user action, each event is recorded in a log Titee traces are valuable because they provide
information about learning pathways, actual usageserging usages, often different from
those initially planned by the designers. The asitjoh and analysis of users’ trails can, in
turn, allow to improve the information structurepocesses of progress in applications. The
issue that we address more precisely in this peperlated to the interpretation of traces in
order to analyse, and to model, the users’ behaviMe argue that it is possible to extract
from the System-User interaction traces some kndgdeinvolved in user decision. In our
case, this knowledge is extracted as a set of edgots between terms and built from the
more significant behaviours. Our hypotheses anchoust are experimented in the field of
Information Retrieval (IR) in hypermedia. Howevérijs important to keep in mind that we
designed our approach for a broader framework. dtess all the tasks whose cognitive
models are structured as a tree in which the useigates with a decision process based on
his/her knowledge and system status. Due to this &k rejected approaches only focused on
the task of Information Retrieval (IR) which ardfidult to generalize.

The remainder of the paper is organised as folldwsSection 2 we give and justify our
choices for an approach tiiser adaptation” Then, we focus on the primary subject of the
work presented here: the acquisition and modeltificknowledge related to the task of
Information Retrieval by Navigation in Hypermedi&KH"). We present related approaches
and give for each of them, basic differences withposition. Section 3 provides a description
of our method for contextual association extractionthe basis of interaction traces. The
implementation of the method and generated modelp@esented on a concrete example. In
Section 4, we evaluate the relevance of extractstciations by using them for piloting a
virtual user and for predicting the target pageusérs on the basis of the very first visited
pages. The results are compared with the real ebeie have in the log files.

Finally, we conclude and give our next goals tdHer improve the knowledge extracted
from the task but also user support.

2. POSITION AND RELATED APPROACHES

2.1 User Simulation in IRNH' Task

Although this is a very common task, the task déimation Retrieval by Navigation through
a Hypermedia has been the subject of a relativelglisnumber of works in the field of
modelling and simulationThis observation concerns the cognitive and contpetenodels,
those which offer a comprehensive and autonomobavweur modelThere are many studies
that have sought factors that influence the decigiothe task of IR [Herder 2006] but very
few offer acognitive and computable decision modelsSuch a statement, already made
several years ago by [Tricot & Nanard 1998] remaiglgvant. The only two approaches
which fall in this category are SNIF-ACT [Fu & PIiio2007], CoLiDeS and ColLiDeS+
[Kitajima et al. 2000] [Juvina 2006]. The studiegls as those conducted by Herder [Herder
2006] aim at bring out the factors influencing ttwgnitive processes but do not provide a

1
IRNH: Information Retrieval by Navigation in Hypeediia
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computable model. When Juvinas sought to implentemtcognitive principles that he has
highlighted, he has done by proposing an extensio@oLiDeS namely CoLiDeS+ [Van
Oostendorp & Juvina 2007].

One of the reasons that can explain such a situdliile number of complete models) is
related to the complexity of cognitive processeslved in this task. Ideally, a good model
should reproduce step-by-step process by whichrimiton presented on the screen is
received and analysed in order to decide the nelidrato achieve. This requires not only a
user model (with all kinds of knowledge, memoriesd adecision processes) but also a
representation of the system and its environmeat. éxample, CoLiDeS [Kitajima et al.
2000] is based on a model of text comprehensionSiMid--ACT relies on a comprehensive
architecture of cognitive modelling and simulat®@T-R [Anderson et al. 2004].

In the field of Information Retrieval [Santos & Nggn 2009] proposed their own user
model: the IPC (Interests, Preferences, Contexér Bdodel. However, it is not a cognitive
model of the task with a representation of the Kedgre and processes mentioned above. The
IPC model associated with each user, addresses types of knowledgd(i) Interestsas for
direction of individual's attention(ji) Preferencesas for possible actions to carry o(iti)
Contextfor user's motivations behind a specific goal. ©héy action available to the model is
the submission of gueryand two derived actions namdiiter or expandon query results.
The model is effective because it is dedicated sk using only a search engine. The needs
are not the same as for a cognitive model of thlke ¢ Information Retrieval by Navigation.

In a cognitive perspective, we can schematicalpresent knowledge involved in the task
of IRNH* as shown in Figure 1.

Cognitive rggramtatvl on External traces

~
2 Knowledge on
- hypermedia O
1
General ] \ Current Situatio
Knowledge Domain Properties
Knowledge 6

Decision k

Visited Pages
7

Figure 1. Knowledge and information to be tackledIRNH task modelling

User's knowledge (on the left) can be separated frigible information about its activity

(on the right):

1. General knowledgewhich deals with knowledge relevant for any siatof
life (it refers to the knowledge afemantic memojy For example, the fact that
writer andauthorare two related notions;

2. Knowledge on the hypermediawhich deal with his/her experience with this
hypermedia or another one on the same topic. Fample :information is
organized by authors, or by type of books (noualtsgraphy, non-fiction,... ),
topics, ..

3. Domain knowledgewhich deal with his/her general knowledge on ie&f For
example, the fact th&tendhal is a French writer of the"18entury;

4. Decision ruleswhich deals with rules used to make a choice betvavailable
actions being given current knowledge and currignaton;
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5. Goal requestwhich deals with his/her request and its curreatus of progress
e.g. ‘how | look for the last volume of the Italian Chidas’ (I already found
the other)

6. Current situation properties which deal with the various choices which being
presented to the user at a given step,lielgtowards the author, search engine,
the authors of 19th...

7. Visited pagesand all logs about his/her navigation in the hypedia i.e. page
he/her visited prior to the current one.

While some of these elements can be easily acqustezh as the previoussited pages
and thecurrent situation(6 & 7 in the figure 1) or, under certain conditp the keywords of
therequest(5), the others are hard to collect due to thebracope of the task of Information
Retrieval. For example, the skills of text compmedien for every field of application, and the
corresponding knowledge of the semantic memorypageof the main requirements for such
a model of task. Therefore, state of the art abeat simulation for this task shows:

» on the one hand, some works that offer a generdeinaf the task, independent from
the different fields of application, but designechaigh level of abstraction. In these
cases, no implementation is provided in a compatédyin;

* on the other hand, there are some works that ctedinit the representation of
knowledge to relatively simple forms like assocat between terms that will be used
to select the next action to undertake.

The EST (Evaluation, Selection, and Treatment) mizdan example of the first category
(Figure 2) [Dinet & Tricot 2008]. Proposed in thendain of Cognitive Psychology, it offers
information about the processes involved in th& tad it is abstract, with no implementation.
Authors designed the model as a sequence of thrasep of skillsEvaluate(relevance of
information); Select (information in the document)Treatment(of selected information).
However, the aim of the authors was to provide gplamatory conceptual model, not a
simulation model. Therefore for someone who wouid develop a computable model from
the EST model, it would be necessary to define:

* how one can identify and represent the goal oféksearch ;

« how one can represent the current situation ;

< how one can identify and represent the research;pla

« how one can identify and represent the availabtenkedge.

SITUATIONAL
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STATE OF THE SOLUTION
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artial
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v
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i
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i
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Figure 2. The phases of the EST model
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On the contrary, approaches such as SNIF-ACT andDe& in the field of Atrtificial
Intelligence have a modelling approach oriented atoly simulation. In this domain,
consistency of models is evaluated through thgiaciy to mimic the human behaviour in a
same situation.

In order to be able to reach this goal (simulatiding decision modules compare attributes
of the situation with a representation of goal gssome pre-stored knowledge (general and
domain knowledge). In the field of Information Rewal in hypermedia, that usually leads to
compare some terms: a set of selected terms inutrent page and terms defining the goal
(directly given by user or collected by another n®a

Representation of
—— ] Selection of Nex Action to be
Action done

General Knowledge

nse?mt?rrlltic?f Behaviour ruleg
W
terms for IR task

Figure 3. Generic principle of decision model intd®k modelling

Figure 3 above gives a synthetic schema of thesdelmoof decision fonnformation
Retrieval (IR)task. This comparison is used to:

« determine the level of achievement of the goal ;

« decide of the next action to proceed. Dependinthsnevaluation, the user can :

« complete the tasljther because he failed or because he succeeded;
e continue the searctue to current results assessed as "not enougyrard! ;
e go backto a previous page ;

The choice of the action to be done is based orctimgparison of terms describing the
current situation, some terms describing the godltarms associated with a given action (a
premise of a production rule for example). The iyadnd the realism of the model are
strongly related with the quality and realism dgtbomparison. However, if the comparisons
are limited to the keywords of the query and thenteappearing on the current page then the
comparison will never be positive. Therefore, asubker would do, it is necessary to use other
terms related to the first by semantic associations

The SNIF-ACT model proposed by [Fu & Pirolli 200difectly tackles this problem. It
proposes an approach that is both realistic aret&éfe while relying on a cognitive theory in
Information Retrieval (the theory of Information et [Pirolli & Card 1995]). The
relationships which are exploited are represented large spreading activation networks
automatically constructed from on-line text corpofichis network provides a semantic
distance between pairs of terms. In SNIF-ACT 2d¥pora are samples of Web documents
locally stored. If terms to compare are not preserthis corpus they use a technique that
queried the Web for statistics about words. Witls tiieneral network, a priori constructed,
SNIF-ACT can provide predictions of users' behargdn various domains.

As for SNIF-ACT, ColLiDeS (CoLiDeS: COmprehensiomsbd Linked model of
DEliberate Search)[Kitajima et al. 2000] is botmeadel and an environment of simulation for
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the activity of a user's traffic within a hypermadirhe cognitive model used in CoLiDeS is
based on an analogy between the processes of ¢extprehension and those used in
information retrieval on the web [Kitajima et aD@D]. The search process is divided into a set
of cyclical phases. In each of these phases, somparisons are made on the basis of three
factors, but we focus here on the first one, which measure of semantic distance. Unlike
SNIF-ACT, ColiDeS uses an algorithm of LSA (Laterfemantic Analysis,
[Landauer & Dumais 1997]) to evaluate the sematistance of words or goals and to choose
the action to be fired. The LSA also uses a cogfudocuments to calculate the properties of
terms and evaluate the distance.

These networks or properties of terms (in CoLiDeéSSbIIF-ACT) are considered as a
kind of knowledge relevant for this kind of taskef@nding on the corpora that they use for
extracting associations, it may concern generalwkedge enhanced with some domain
knowledge. Such general corpora can't include kigigecific information about a given
organisation. However, each IS has its own vocapulzlated with very contextual
information of a company, a department, a group community. Our aim is to address this
highly contextualinformation like the fact thaM.X is an associate d¥l.Y or thatZ is a
researcher of the teaf-Team We argue that it is an essential part of knowdedgr
simulating a user seeking information in a spedifintext. These contextual information or
knowledge have already been addressed in the dieldformation Retrieval. We will now
present these works and our position with regarthése which could be exploited for our
own purposes.

2.2 Contextual Knowledge for the Task of Informatian Retrieval

Our proposal is to enrich existing representatibrkmowledge in computable models of
IRNH® task by the means of knowledge extracted fromesad activities collected in the IS
(Information System). Knowledge addressed in thasecis deeply related to a specific
organisation, company or other specific contextc8ithe representations we use are based on
a semantic network, we can consider this network @sntextual ontology [Bouquet et al.
2003] [Benslimane et al. 2006]. Due to the impaortanf context in the process of selection of
information by the user, researchers have sougtepresent the context and to use it in the
Information Retrieval System IRSas an ontology [Tamine et al 2010]. Although we ar
interested in relevant associations in a givenexdnbur position is distinguished by the fact
that we consider the information in context and that context itself. Context is a notion
variable in nature, with multiple levels, multipdspects, and no single definition as noted by
[Cool & Spink 2002] or [Polaillon et al. 2007]. [Mamine-Lechani et al. 2010], the authors
proposed a comprehensive taxonomy of context asphvided into five main categories
(Device ContextSpatio-Temporal contextUser ContextTask ContextDocument Contekt
and some subcategories lijgzersonalvs. social context for the user context.

Nevertheless, representations of the context #rabe found in the IR®ften cover more
than one of these categories. For example [Herzaetleal. 2007] address two levels of
context: a thematic profile of the usésser Contextand a set of information related to the
request Task Contejt These same two dimensions also exist in the svof§Mylonas et al.
2008] since the context, seen as a set of semagititionships, is used to represented

2 |RS : Information Retrieval System
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preferences of the user and to modify semantitioalships exploited at research tinggabal
contextor instantaneous contekr [Polaillon et al. 2007]). But the authors takenuch more
imprecise definition of the contextthe interrelated conditions in which something sgior
occurs”. They used fuzzy set to determine the extent taclwltomponents of domain
ontology will be considered as relevant, or not,omder to expand or reduce the set of
concepts related to the research. [Campbell €0f17] and [Liu & Chu 2007] focus on the
context related to the task, thiask Contextaccording to the categories of [Tamine-Lechani
et al. 2007]. For example, [Liu & Chu 2007] detemmi among a set of pre-established
scenario of research, the one to which the cumesgarch may be assigned to. Finding such
an associated scenario would enable the systenritheéhe query with some related terms of
the scenario. [Chaker et al. 2010] go beyond thenado by proposing an architecture of
contextual IRSbased on a more general concept,siheation incorporating a representation
of user task and the environment. This approachtanegr objectives since it is not only
dedicated to the framework of information retrieabwever, at this stage, the creation of the
set of reference situations requires a priori didin of rules and features (the components of
the situatior) whereas we aim to elaborate models based on’ usargractices.

We differ from these approaches in the way we axfdtiee context. We see the context as
a set of information which implies a particular semic for a set of variable. For example, let's
consider the concept afepartment(the variable). The sense of this concept (theasia),
will change depending on whether it is in the cghtef a companyor university or an
administrative divisiorof a state (the context). Consequently we do netepd to model the
context itself (what is aompany a university ... ) but the information in context : a
departmentof a particular company and terms which are rdldte “department” in this
particular company. An association between termg b meaningful in a given company
and meaningless in another. It is closed to whauffiet et al. 2003] denote lagal models
which provide a local view without compliance withodels dealing the same concepts, in
another context:\We say thatan ontology is contextualized, or that it is a @xttial ontology,
when its contents are kept local (and thereforesiatred with other ontologies)...”

Ontologies developed to support the task of InfaiomaRetrieval, are designed to be as
general as possible in order to be reusable ierdifft fields. Thus, it's not necessary to rebuild
some "costly" knowledge structures for each paldicease in which IRSis deployed.
However we believe that some requests cannot Eisdtif the IRS has no representation of
very specific information about the organizationsirves. Unfortunately, unlike general
knowledge, contextual knowledge has to be acquimeglach case. Therefore, to make that
possible (and realistic), the process of extradtias to be fully automatic.

Our approach aims at extracting this set of knogdedas a thesaurus, less rich than
ontology, but automatically built and highlightisgme associations between terms strongly
related to the actual tasks performed by userbe&ystem. The terms that are linked appear
in the same class of navigations (representedr@awigational pattern), which should relate to
an existing task in the system. The associatiowdx terms is created because of an existing
navigational pattern and only on this basis. Ireothords, the relationships are not based on
some theoretical knowledge from general corporacbliécted from users' existing practices.

Other differences lie in the nature of knowledgedais and the context representations
that we used, and about the way we elaborate thefilernandez et al. 2007] the model of
context and knowledge are based on ontologiesjqurely developed. They are produced in a
semi-automatic manner from corpora of documentsadheme and sometimes also from
synthesis of existing ontologies. Evightweight these structures are complex to elaborate
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and maintain [Bouquet et al. 2003][Sondhi & Chasdkar 2010][Santos & Nguyen 2009],
requiring a very time consuming effort (about 3@so for the case studied where a corpus of
relevant documents was already available in [Hateanet al. 2007]). Moreover,
implementation of this approach in domains wherenloer of document in corpora are
relatively low (website), and the performed tasks poorly identified, may lead to some
results much less satisfactory than those mentionedtie article (too few occurrences of
concepts and terms). The same observation couldope for other approaches such as
[Eirinaki et al. 2004] which exploit (and not exttaor build) some existing ontologies to
enrich models of navigation and providing, by thigy, a support with recommendations to
the user. Our approach is different. The associatioetween terms are not based on an
existing ontology of domain or again on some gdneraheoretical knowledge. They are
based on real cases of navigation between paggass of navigations which is supposed to
be the trace of a given task.

The method implemented by [Mylonas et al. 2008 aperates ontologies as models of
domain knowledge with fuzzy sets as representatibesntext. In this case, thanks tolarig
term monitoring of user, the representations of context are prediby exploiting history of
user interactions. But such approach which is ladlgi¢single-user" does not take advantage
of all users experiences. In addition there issk that the user considers the system too
intrusive and doesn't use it. It is the same f@raaches which base the provided knowledge
(contextual or not) on tags added to documentsedely the user communities [Conde et al.
2010] [Xu et al. 2008]. This can work on sites datitd to this type of exchanges but can fail
on the IS of a company due to the nature of refatlmetween users.

The works of [Campbell et al. 2007] and [Liu & CR0O07] are closer to our approach
since they exploit historical data to extract assttans. However some significant differences
exist. In [Campbell et al. 2007] the process of eidulilding is not fully automatic. Some
information has to be added or validated by the hémself. We attempted to avoid such
request to the user which he could see as too rmtaksive. In addition, the relationships
addressed by Campbell et al. deal with documerdsnah directly with the terms involved in
the task. In both approaches, the order of retdel@cuments is not exploited, although it can
provide information about the task. The authore atade the choice of a single-user context-
based monitoring tools installed on the client sifiee exploitation of the interactions of each
user supposed that is possible to have means @firangnonitoring on computer of the user.
We have chosen a technique for data collectinga@ststance from the server side. In addition
to the fact that the client side is not always asitie (as for the web) it allows to prevent any
intrusion on the client side and to take advant#ggctivities of all users.

Finally, in the approaches we just presented,ythe of help provided relates most often to
the requests submitted to a search engine whereaginw at a navigation suppoithe
contextual associations can also be acquired bjokixyg the query logs [Baeza Yates &
Tiberi 2007][Sondhi & Chandrasekar 2010]. The kesdgothat appear in a given query are
considered as semantically linked. In this wag, fbssible to collect a set of associations to
form a semantic network of terms. But as we alreadyntioned, our approach is not only
oriented toward the IR task. We are interestedssistance to all computer-mediated tasks. In
computer science (and more generally), a task istroften designed as a set of steps
structured as a tree [Hernandez et al. 2007][Chekeal. 2010]. Support to user is then to
assist him in the choice he faces at each nodédeftree on the choice of action to be
performed. The task of IRNHmeets these characteristics in contrast to IRguses which
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exploit a search engine (see for example the dwanatitecture of IR application in [Santos &
Nguyen 2009]).

In presenting these related works we wish to show bur approach is different, and
probably complementary, from existing approacheair @articular position can be
summarized in a set of constraints to be fulfillohultaneously in order to meet our goal.
These constraints deal with the nature of inforamattollected and how to acquire it. We
focused on a particular type of information:

» highly contextual to the Information System orhe brganization ;

« only extracted from the existing practices and camto all users;

e acquired and modelled automatically, without inwedvusers at any stage of the
process ;

e coming from, and dedicated to, users' navigatian for search engine).

These objectives and these constraints being deaied, we will nhow describe our
method to extract contextual associations fromesac

3. CONTEXTUAL ASSOCIATIONS MINING FROM TRACES

For the one who seeks to offer model close to lbehbviour of users, it is necessary to take
into account real uses observed among users. ToActsgr-system interactions are one of the
best ways to transparently acquire information ariua behaviours of users. Web
environments provide easy access to these tradegeadiction but they yield a simple history
of accessed pages. However, it seemed to us ititgyd® make the maximize use of this
source of information on real practices. Basednasé raw data, we derived some patterns of
navigation from which, now, we look for some corntet knowledge. To get realistic
behaviour, a model of user should exploit some s¢imeelations (between words) which are
meaningful only for a very particular IS (a partanucompany for example). The task
involved is the task of Information Retrieval byigation in Hypermedia.

In this section we briefly remind the principlestbe discovery of navigational patterns
from traces before describif@ATMinerthe method for extraction of contextual associetio
that can enhance cognitive models of this task.

3.1 Principles of CATMiner

The extraction of contextual associations is base@ set navigational patterns mined from
log files of a given hypermedia. These patterns idemtified using a clustering method
(namelyPatMiner for pattern miner) that we developed with themidtte goal of improving
cognitive models of IRNH[Mroué & Caussanel 2009][Mroué & Caussanel 20E@jtminer
extracts classes of sessions and a representatis®s of the class which is the navigational
pattern (we call it the prototype of behaviour).e$h classes of users' sessions are related to
significant behaviours on the web site which shazddrespond to some tasks performed in
the hypermedia. Our work addresses, above allettesks. In such a perspective, there is no
difference between tasks consisting in searchimgsémne publications of the researchil

and those dealing with articles of the research€r In both cases the task isollect
information about a researchemherefore we chose to identify classes of pagethe web
site based on their content or needs it fulfilléidure 4). Our algorithms generally handle
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theses classes of pages but it's always possildecess to the instance of pages in the class
and vice versa.

For example we grouped all the personal pagesesearchers within a class called
"Personal Pagés When Patminer is analysing the log of the sessions it replacashe
individual page by the generic class. In this viay paths with a sufficient number of classes
of pages in common may be considered similar, afihan reality users have chosen different
instances of pages (figure 4).

classes of Page classes Sessiongsequences of Navigational Patterns

( of links classes of pages)
%
N

(C1,C2,C3,C4,Cs5,Cs)
k 'i, g
Figure 4. From normalized sessions to classeshafyieur (navigational patterns)

(C9,C3,Cs,C3,Cs,C3,C2,C12)
(C12,C2,Cs,C4,Cs5,C19,C21,C20)
(C1,C12,C33,C4,Cs,Cs)
(C1,C9,Cs,C4,Cs5,Cs)
(C6,C7,Cs,C4,C32,Ca3)
(C1,C12,C33,C4,C5,Cs)
(Cz,Cg,Ce,Ca,Cs,Ce)

Each page is associated with one and only oneeskthblasses. For instance, regarding the
example that we exploit later, the web site of laioratory, we got about 25 classes (against
about 400 pages really accessibleaboratory Home Page, Personal Page, Publications,
Research Reports, Teams, Members, Directory, ...

The number of resulting classes may seem relatiegly This comes from consistency of
information available on the web site and the fhat some classes have a lot of members. For
instance the clasBersonal Paggecontains about 200 pages (one per researchee)clBiss
Teamscontains description of 7 teams with, each tinejesal pages of information. In
addition to the classes of pages we used alsoesladdinks. This is necessary when several
pages of the same class C1 have links towardsttpages belonging to a same class C2.

Let's remind that these prototypes are represemsidf classes in which one can find the
sessions either in their normalised version (thgepaof a sequence are represented by the
classes they belong) or in their specific versithe (pages are those actually accessed). This
means that search for associations can be perfoonespecific sequences and provide an
association between terms of instances and inahme gime provide an association between
terms classes of pages or the classes of links.

The method for extracting binary associations betwavords is based on the two
following assumptions (from now, we will u§AT, Contextual Associations between Terms,
for the set extracted association &atMinerfor the algorithm which produce ti@AT):

1. the words that are viewed by the user, and paatituthe terms that are found on the
links, have an impact on his choice ;

2. the words read by the user in its pathway withsid@ssion are related to his goal,

To be sure to use the terms actually read by tlee, wge have only considered - in the
method described here - the terms that appearcékplon the link. It is likely that the terms
appear in close proximity also play significantesl

To extract associations, ti@atMineruses, as input, the set of prototypes providedhby t
PatMiner clustering algorithm [Mroué & Caussanel 2010]. ketall "/7 " this set of pages.
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The Figure 5 below, shows an example 6f, where the vertices are pages and edges are
transitions between pages. The different kindseofiees denote different prototypes.

71 ={pr}

h ([ irty(t,t,w)

C 1
— AT |, irt (t,t,w
> Miner < (65:wW)

J \

Figure 5. From navigational patterns to associatlmetween terms

Each prototyper; of /7 consists oh visited pages and a scalar value which represkats
weight of this prototype in relation to all otheopotypes:

pri =<Cl! CZ! 03) C’l ; W>
To go through the pages of this prototype, the akese the links denoted by some terms
in the web pages (we do not tackle case of pictures

page g page p page p page p page g
Y/ — A A T

Prototype {It,} {It .}

pr; of classe ¢ {Its} . {ity ]

Figure 6. The terms of links between pages of topype are semantically related.

If we consider a prototyppr; of n pages (as figured above) then the sequence ofsword

selected by the user may be represented as follows:

Tpri = <|t1, |t2, Itg, ey |tq_1>

|ti = {to, tl, t<}v
where eacHIt;} (link termg represents the set of terdis, t, ...t} appearing on a link of
pagep; and leading to the page... From this set, we build a set of binary assoorei
between the terms ofpr; with i/7[0;n-2]. Semantic of the association is undetermined.
Hence we take a general meaning for denotirigsitelated to"(irt).

Each association is weighted according to the wistalthe number of links to cross)
between two terms andt; in the prototypepr.. The own weightv,, of the prototype is also
taken into account. The more the prototype preserigh weight, the higher the weight of
the relationship. The formula for the evaluatings tiveight between termis andt, in the
prototype pr is given by the following expression:

VVirt(ti,tn)z Wpr - (V\br *( (DeCS|m) * n—l)),

wherew,, is the weight of the prototype amkcSim(0.1) is the rate of decrease for
similarity relevance applied for each (n-1) linksisting between the terms. If the same
association appears in another prototype the wemylet cumulated.
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We present the extraction of associations direfttiyn the prototypes. But, in fact, this
process is performed on the original sessionsherbasis of prototypes. This means that for
each session of a class (and the associated ejotylly pages belonging to the prototype
are considered.

Class of sessions
—0—0 —0—0 0—0——0
—0—0 6—0—0—0
Prototype
© ®

Classes
of

Page:

instances of associations

class of associations

Figure 7. Class of associations

By using original sessions we are able to buildeissions between terms which are very
specific to the site. Nevertheless, all of assamiainstances coming from a same class of page
are gathered in one (same) class of associatidreswbrds we choose as an argument of the
association are those assigned to the class ofspagiated by the links where the terms
appear (figure 7). For example let's assume @@Miner proposes the following relations:

irt(T_Team, Smith Personal Page),
irt(X_Team, James Personal Page),
etc.

We group these relations in a class whose the septative is:
irt(Team,Personal Page)

It is on the basis of this general relation that weight of the association will be evaluated
since it's based on the prototype which only cassi$ class of pages.

Finally, let's add that we also used the links ba pages, regardless of prototypes, for
establishing more associations. We call theseioelstips, the structural associations since
they are related to the structure of the web Sitey are extracted on the basis of the existing
links between the pages of the web site but we tfaanm a very low weight because we wish
to emphasize, for this experiment, the part of slenirelated to the existing uses on the site
rather than the structure of the site as it waginally designed.

3.2 Implementation

In the previous section we described the methodcfotextual knowledge acquisition and
representationWe will now give an example of implementation oétmethod to show the
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type of results produced. To conduct this experimare worked on the website of our
laboratory. Besides the immediate availability bé tinformation, this web site has other
advantages for our experiment:

1. We are experts on its content and its structurechvlgives an advantage for
behaviours analysis ;

2. ltis a repository of information, which is limitinthe types of tasks solely to the task
of information retrieval;

3. It has no search engine which is leading useratigate the site;

4. Finally, even if the reader does not know thisipatar site, he can easily imagine its
structure and its content that should not be sdréan the any other laboratory. This
allows us to show anonymous information (out opess from colleagues) without
compromising the assessment of the results praesente

By using theCatMiner algorithm on all pages of the laboratory and 116tqiypes, we
obtained about 72 classes of associations betvezerst These relationships form a graph in
which the nodes, that is to say the terms, are exied by edges symbolizing an association
between terms such ass'related t8. It may represent a relationship of synonymy or
hypernymy depending to the different cases. For wevean characterize it further.

The table below shows some classes of associdiemgeen terms with associated weight
(rounded and normalized). The absolute value ofjlateis not very important because these
values are mainly used to determine which assodiaid select when several choices are
possible.

First Term Second term Weight
Members Team 17.2
Members Personal Page 15.0
Directory Research Reports 0.12
Directory Personal Page 10.7
Articles Team 3.7
Organisation Personal_Page 0.9
Team Personal Page 175
Team Member 6.5
Master Lab's Life 0.1
Organisation Research Reports 0.1
Contacts Who's who 1
Personal Page Directory 1.8
Personal Page Team 10.0
Conferences Members 1

Figure 8. An abstract of the association betweendef the site.

Let's notice that extracted associations are wttonal due to the weight which may be
different in one direction and another. Let's alsmind that these associations are not between
pages but between the terms. In the case of thekibur laboratory (as in many other sites)
links are denoted by terms that are very closehéortames given to classes of pages. It is
usually a desired effect by the webmaster in otdegive ideas on what can be found by
choosing a given linkifformation scent

Let's consider associatioint(Directory,Research Reportr irt(Personal Page, Teams).
Such a kind of relationship is related to the sjiecontext of a Laboratory and to the specific
context of THIS laboratory which chose to orgardne linked information according to these
terms. And yet, these associations appear to abvagus. These kinds of relationships cannot
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be offered by any existing ontology even thoughythee elaborated on the basis of domain
oriented corpora. This is the same thing for a nitgjof associations extracted by CAT.

Extracted associations are represented and stawied the formalism of Topic Maps
[ISO/IEC 1998], in the xtm format [XTM 2006]. Amonthe existing formalisms in the
Semantic Web as RDF and OWL, Topic Maps is the thre¢ seemed most appropriate
because it gives importance to associations betws@os as much as the definitions of the
topic themselves. The Topics can be described byodrards pages of description, but it is
not necessary to provide more information regardigr contents, properties structure,
Precisely, we have no information about the terarsd (related concepts) related through
associations extracted.

The screenshot below shows the main part of relships organized by a tool for Topic
Maps management and visualization: Ontopia Vizigatavw.ontopia.net).

B Oniopia VizDeskiop - Allrelations_uk.xtm

File View Filtering Topics Filtering Associations Styling Options Name Scoping Association Scoping Help

Enter search expression !| H Search l Clear
1l A& T _Iv

o

[v]

contacts

_ members b
e

/ 1 T 7‘ ~ \
NN 7

conferences e 1
MLM ‘
f \; i :
|

\TC ECUOHS

L

VAR ae
| 2 \\\%i’f( “ X 'I homepage
| / " articles 77 N
; - dlrectory *b-..:._._ N
L ﬁg?j“?éiw\ N
reSarchfrepoﬁi j&* 7~ —— o |
e \ / T P =
e N {:‘r’ ~ -
- e
organisation ————""

1l
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Figure 9. Topic maps of associations extracte@CagMiner

An example of association is unfolded betwdRasearch_topicend homepage The
advantage of using formalism like the Topic Mapsli@ the possibility of merging our
network of associations with other representatidmstologies) described in compatible
formats. Note also that it is always possible tpak a Topic Map towards RDF or OWL
representations. Moreover, this kind of formalisravides tools for researches and inferences
that can be useful to provide recommendations.
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We get, thanks t€AT, a set of associations between terms that comme &atual uses of
users and based on their experiences in the hyd@anwensideredWe will show in the
following sections how this knowledge can be used goal to help the user in his/her task.

4. EVALUATION OF THE EXTRACTED ASSOCIATIONS

The previous sections have shown how to develogpeesentation of contextual knowledge
on the basis of navigational patterns. Howeverfullsess of such representation has to be
evaluated. Assessing the added value and qualispi information is not an easy thing to
do. What is a good recommendation? What is theecbpage to recommend and what is the
best path towards a document?

To check interest of CAT relationships, we desigaditst experiment (section 4.1) for a
gualitative assessment: evaluation of the pathwkgr by a browser robot, the Virtual User
(VU), initialized with keywords describing the rezgi. He navigates through the website,
looking for a page having content related to theof&eywords;

The second experiment (section 4.2) deals withsedBprediction of a target page from
the first pages of the sessions and on the basiele€ted keywords. We sought to compare
prediction based on the relationships with actw@hg available in the log files. Since it is
difficult to work with a great number of human sedts for this kind of experiments, we use
existing logs on a Web site. Thus, we can providéssical evaluation about prediction.

4.1 Navigation of a Virtual User

To understand our approach it should be noticetltths work falls in a larger framework of
user behaviour modelling from interaction tracesqi & Caussanel 2009] and not only for
hypermedia [Guéron et al. 2010]. Our aim is toelley a method for integrating models of
cognitive science and empirical models extractedhftraces of usages. The previous stages
of this work resulted in a decision model for thek of Information Retrieval by Navigation,
model which integrates some general strategiesfofmation research and several cognitive
styles. It also takes into account the positiotirds in the page and it can use a memory for
some perceived objects.

These components are integrated in Virtual User)(WuUt, we want to focus here on
specific “knowledge”, i.e. associations betweermigr extracted from navigational patterns.
Our aim is to show the advantages they may offer tlire simulation, the task assigned to the
VU is to find pages that match some keywords thapaovided as input data (figure 10).
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= . > Starting Page
1 E'I Req={kwl kw2,...}
UL gs
current page fé E"‘z

Are there any ter NO
in page which match
keywords 2

Are there any ter
in links which match
keywords 2

associationsin CAT
between keywords and

Follow the best of these linksYXES

Are there any link
set aside in previous
step?

Follow the best of these linksYES

YES (backtracking

Figure 10. Behaviour of the robot "Virtual Use¥').

As described in the figure above, the general #lyor governing the behaviour of the
robot can be summarized in three main phases. inhdation starts with a given page and a
given set of keywordsThen, the following three phases are repeated mahoop:

» Phase 1 : Search for the needed information in the contérb® current page:
are there any terms visible on the current pagehirad the keywords ? If these
terms exist, then the search will stop (succesf)e@ise the robot continues
with other phases ;

e Phase2: Compare terms appearing on links of the currenepagth keywords.

If some terms of links match keywords select cqroesling link ;

e Phase 3 : Search in CAT for associations between the keywartts$ terms of
visible links. Select these links if they exist.

The last phase is to return to the links not chosefavour of better. The algorithm
includes a lot of other particular cases which rawe mentioned in these steps. Nevertheless,
we do not pretend to reach a comprehensive modgeofiser in his/her task (conditions for
ending, conditions for come back, strategies, stgienavigation ...). Let’'s remind that the
main issue here is to test the potential interéhe extracted associations. We can show the
value-added of CAT associations using an exampleaeigation performed by the robot. We
will describe its "journey" on two simple but sifjoant examples. In order not to refer to
specific elements of the site of our laboratory, witk use generic names for individuals and
teams that appear in our examples. In particular,tests focus on a researcher that we call
M. Smithand a research team that we denot& byEAM

Let's assume that the VU robot looks for informatabout 2

M. Smith(its keywords) starting from the homepage of thiebw {Smith}

site (the starting page). First (phase 1, figura)1the robot will &gt —> & ==
parse the contents of the homepage without suiass the © '1 Re—  xorum
keyword {Smith} does not appear neither on thiseagr on

some visible links (phase 2). The figures 11agbistrate the Figure 11a. Example of
different phases described in this paragraph. navigation
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In such cases, a user would probably analyse tioaldinks CAT
on the page by performing cognitive operationsamgare the . Associations
terms of links with its own knowledge and, subsetlye to mith} T
make a choice of actions. The robot will simulatects a
process using not only some visible terms of liftzase 2) but
also with CAT associations for taking advantage otfier
significant relations between terms (phase 3). Shihe case
here, for the association betwe®mithand Directory figures
11b, 12a and 12b). If an association exists irh ls@nses, we
consider it more reliable than an unique sensecadgm and it
will be favoured.

'

irt(Smith, Directory, 3.6)
irt(Directory,Smith,7.1)

fig. 11b

{Directory,
. Smith}? = :
g ~

b m==

Then, the robot will search, among the terms disuaon A <« o xeeem.
the links of the page, those who are in relatigushivith Hyperlink : "Directory”
keywords, according to the CAT associations (figlfe). In fig. 11c

our example, the VU will find a link with ternbirectory,
visible for users. . ==

Since a link showing the termirectory is visible on the follow:"Directory” =
current page, the robot will follow it towards tterget page :
(figure 11d). In addition, the system adds the t&inectory in fig. 11d
the keywords list and re-started a new cy8mithis already in
the set of keywords). By this way, we want to cdesithe Figure 11 b,c,d. An example
evolution of the query during navigation based wiorimation of navigation
encountered by the user.

In this second cycle of navigation, the VU will diron the current new page (laboratory
Directory) a hyperlink showing the terr8mith (towards hispersonal page). This link is
obviously chosen. As a result, the simulated ndiagégor the robot will be the following:

Laboratory Homepage& Directory > Smith Personal Page

We can see that having an association betv@msithandDirectory is critical since there
is not any information in the homepage to guide users to information aBmith

8.17

0.1 Papers @

i

— Conf

(12a) (12b)
Figure 12a and 12b. Weighted relations involving kbywords Smitl in CAT associations

Let's consider another example with a request bfiolgy two keywordgSmith D_Team}
and starting from the same pagamePageFirst, theVU which will not find any information
in the current pageHomePagg will search for keywords on the hyperlinks. Hél find a
link entitled D_TEAM perfectly matching to the keywoifd Team but nothing abouSmith
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The VU saves this information in its working memory andtoaues to the next step. The
robot's strategy is to seek first for links thatisfg all of the keywords. Otherwise the "direct
links" (i.e. displaying terms of keywords) are fisglected. Hence, the VU will look BAT
for any existing association with keywagnith It will found one betweeBmithandD_Team
in both senses (Figure 12b presents one of tlagmbetweenSmithandDirectory. The same
process is carried out for the keywold Teambut there isn't any association between
D_TeamandDirectory. Consequently, due to the existing associatidwdéenD_Teamand
Smith,the system will choose the hyperlink showing EheTeamterm as the next to follow.
The following is similar to the previous examplarifed on the pagB®_Team it will not find
direct links withSmithbut the CAT associations will highlight a link etenMemberand
Smith It will choose to follow this hyperlink towardspage where an explicit link to Smith's
homepage exists. The final path of the VU will be following:

HomePage> D_Team> Members> Smith Personal Page

Beyond these two examples we aim to show how thebébaviour can be positively
influenced by knowledge derived from associatiddewever, we wanted to add to these
qualitative tests a more quantitative measure efititerest of contextual associations. We
sought to show that for a significant number ofsgess (not used for the learning phase of
CATMinel), the paths followed by users can be given by sasseciations o€AT. We could
treat each step of the pathway but with an aimesbmmendation we focused on the first
pages visited and the last reached pages. In oivels the test can be verbalise as follows: is
there a link between both according to one (oregnassociation c€AT ?

To illustrate the principle and interest of suctest, let's take a simple example with the

following session:
<internaute ident="5052" name="XX.XXX.XXX.XX" daté87/12/2008" start_time="19:29:00"
end_time="19:30:15">
<page namefab_Home_Pagéid="6" time="19:29:00" />
<page namewhos_whd id="25" time="19:29:12" />
<page name®ersonal_Pageéid="1" time="19:29:21" />
<page namew®fganisation" id="23" time="19:29:32" />
<page name¥eant' id="8" time="19:30:05" />
<page nameResearch_Topit id="9" time="19:30:15" />
</internaute>

Let's consider a user who would start his/her r&tiog from the homepage
(Lab_Home_Pagde He's searching for works dealing witodelling and SimulationHe can't
find explicit links on the homepage towards a paddressing this topic. However, this is an
existing topic of a research team of the laboratdtgrtunately, an association between
D_Teamand "Modelling and Simulation®txists within the set of relationships extracted by
CATMiner.It stands as an instance of the associdtiffieam Research_Topidyt(D_Team,
"Modelling and Simulation”) Therefore, according to these relationships, dhgtem will
recommend to follow the linkT'eant, which is visible on the home page. On the pakgaim
the user will found a link to thResearch Topiof the team like for the last two pages of the
session we present above. If we consider thesepbges as being the user's goal, we can
deem this recommendation as a positive one.

Through this experiment, we present some caseshinhwthe links between terms (of
CAT) permitted to reach the goal while the keywordd &me information available on the
pages would not enable the robot to take a loglealsion. It is obvious that to demonstrate
the usefulness oLAT associations, it would require to conduct largales¢esting. The tests
described below will allow us to produce statidticaerified results.
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4.2 Prediction of the Target Page

With this second experiment we aim to check whetli@r a relatively large number of
sessions, it is possible to provide such usefubmenendation. Thanks to the log files, we
have a relatively large number of sessions at depd-or each session we consider the last
page as being the target page of the user. Wecalssider the set of links, and associated
terms, available on the current page from whicht#inget page is looked for. And, of course,
we use the s&@AT of relationships extracted.

However, since the collection of traces is perfatnoa server side, we do not have the
keywords used, explicitly or not, by the user. Hfere we have to decide which keywords to
use for representing the user's goal. We choseédptahe terms appearing in the link of the
last transition. If the goal is contained on th& lgage of the session we can assume that these
terms have a strong link with the aim itself.

The figure below expresses for a given sessothe prediction test that we want to
proceed on. Considering only the §i¢f}, that is to say the words standing for the goad] a
our association€AT, we want to check whether it is possible to recamdithe pagps as the
next page to visit.

page p page p pagep  pagep Page R
4 A A ¢
Prototype It It
pr; of classe € {Ity} ! I~ {It3} i
agep -
page p page B
U A
PP >
{it}
{CAT}

Figure 13. Principle of verification by early recorandation

The choice of keywords from terms of the last tit@ms is an obvious bias of the
experiment. But it seems realistic that this lirdsta strong relationship with the goal of the
user. In addition, irPatMiner and CatMiner we only select sessions having at least 3 pages
(the average is 5 pages per session). Therefoieliltely that these terms do not appear on
the start page of the session, which makes moréenlying to be able to provide a relevant
recommendation from these pages.

We have a set of 5000 sessions. About 4500 sessidhbe used to establish tH@AT set
of relations extracted b@atMiner. The prediction test is then performed on the &dfaining
sessions. The experiment will be repeated by cingntiie sessions that belong to the learning
partition and the test partition according with grénciple of the cross validation. The figure
below shows the results of positive recommendataiiained for each of the 10 partitioning.
The two rows correspond to predictions tests peréal on the first page only (rank 1) or on
the first and second page of the session (rank Bgnwthe system can't make a
recommendation with the first page only.

With average rates of correct predictions above 65%ank 1 and above 80% at rank 2,
we can conclude that these results are positive.
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Figure 14. Percentage of positive prediction bygshe CAT relations

This means that under certain conditions, the fealrched page being may be anticipated
without waiting for the 3rd, 4th, or even fi-tisited pages. But we also must put these results
into perspective due to the choice of the keyweamis also because of the type of web site we
used. All of these features are potential biaseéb@experiment. However, these good values
of current rates were obtained solely the basis of contextual relations. Consequenié
can expect to conserve attractive values in legsufable conditions by using other networks
of relationships between terms, as well as cogwigivinciples on strategies and trends in IR
[Mroué & Caussanel 2009]. Therefore, in all casesestimate to have a good capacity to
guide the user in his/her task or to adapt infoilmmadrganisation to users’ habits.

5. CONCLUSION

Improving the adaptation of the IS to its usersunexs a better understanding of the tasks
performed. We must not only consider the tasksmalty designed for the system but also the
actual practices of users. The accurate observafidhese practices can help to build some
models of knowledge which can, in turn, help todguusers. In the work presented in this
paper we sought to verify this chain of hypothesis.

From navigational patterns previously extracted camsidered the links followed by users
and the terms that appear on these links. If warasghat there is a semantic link between
these terms, we can, taking into account all ckassebehaviour, develop a network of
relationships between terms. At this stage we ateaible to precise the nature of these
relationships denoted in a generic wasrrelated-to. Since these terms are related to the
specific content of IS (as the name of a projecpreduct, a company, ...) the extracted
relationships appear to be highly contextualthough these are simple associations, and
covering a relatively small number of terms, we éhahown that these relationships provide
sufficient information to predict user behaviourden certain conditionsWe explain such
effectiveness by the fact that the terms and ttadioas come from actual practices occurring
in the web site.

Traces of navigation provide a limited view (with@igumentation ...) of user activity but
with huge advantage to describe actual behavidue. challenge is therefore to give sense to
the raw data to enrich positive cognitive modelfe® considered as inoperable, these traces
seem to us underutilized in models of user. Out g@& primarily to show the relevance of
knowledge acquired from these traces for decisiodets and more generally the relevance of
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such an inductive approach. That's what we did@edented here, with results that confirm
the interest to extract and use such contextualcesg#ons in order to support users in their
everyday tasks.

These positive results allow us to consider in gy \ghort term new developments and
improvements: using blocks of text more than justdg of links, by addressing images links,
by asking human subjects to verbalize their go#dreestarting their research and to justify
their choices during their navigation, etc.Othensmiediate perspectives deals with the
extensions of the method to another type of sitearother type of environment and to
integrate some cognitive models developed to peowid adaptation even more focused.
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