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ABSTRACT

Adaptive Navigation systenfANS) are intended to support user
navigation in a hypermedia system. In the context of the Web,
ANS suffer from the difficulty of finding relevant criteria tope
resent the users’ current information needs and their éegshifts

of focus. This paper addresses the issue of user’s infoomageds
modeling. The proposed approach is to find relevant cluestabo
the user’s current interests from the content of the acdgsages.
First, the concept of clue about user’s information needsrinal-
ized. Secondly, a clue extraction algorithm in a stream oéased
pages is presented. ThafiSS a visualization tool intended to dis-
play user’s different search activities with respect to slémund

in a stream of accessed pages is put forward. Finally, thpempa
discusses the result of a Web navigation survey intendelaiac-
terize user’s shifts of focus.

Categories and Subject Descriptors

H.1.2 Models and Principleq: User/Machine SystemsHuman
information processingH.3.7 [Information Storage and Retrieval]:
Digital Libraries—User issuesH.5.4 [Information Interfaces and
Presentation]: Hypertext/Hypermedia-ravigation, theory, user
issues

General Terms
Algorithms, Experimentation

Keywords

Hypermedia navigation, information needs, shifts of focus

1. INTRODUCTION

Adaptive Navigation systenfANS) are intended to support user
navigation in a hypermedia system. Applications range frem r
ommender systems to tour generation through online leghnikNS

!see for instance [2] for a review of the different existingkga-
tions.

are able to adapt to users’ behaviars, their past and current pref-
erences, information needs and navigation styles. ThatysAMS
can be seen as activity monitoring applications: they usecam
of user’s browser interactions and they have to adapt to theges
they detect. On the Internet, ANS suffer from:

o the difficulty of understanding users’ current informatiaeds,

e the frequent users’ shifts of focus.

Lately, context-based ANS using the content of the accessad do
ments by the users have been proposed [9, 10, 7, 15]. Eachsa th
works concluded that relevant information about the usarsent
information needs could be extracted from the content ofaitie
cessed documents. In many information-seeking modeks,act
tions are indeed directly connected to users’ informatieeds. Ac-
cording to Marchionini [14], the characteristics of thensSeurrent
information needs are used to specify and guide the seaocless
and thus the interactions. But conversely, as demonstiattte
Bates’ evolve/berrypicking model [1], users’ interactoare also
likely to make their current information needs evolve: a®ase-
quence of their viewing the intermediary result sets, festihey
have in mind of their current information needs may be chenge
removed or added. To sum up, the content of the documents ac-
cessed during a search activity is likely to:

e contain clues about the user’s current information needs,

e trigger user shifts of focus or strategies.

This paper makes the following contributions. First, thecapt of
clues is formalized in the context of relevant pieces ofimfation
taken from the content of the accessed documents duringehsea
activity. Secondly, a complete incremental algorithm dgesd to
extract the clues from a stream of interactions is describéard,
VISS a tool for visualizing these clues is put forward. Finalhe
results of an experimentation intended to study the ushifssof
focus on the basis of these clues is presented.

2. RELATED WORKS

The concept of user session is often used to refer to retabien
tween the users’ information needs and their interactiongsep-
resents a set of accessed pages related to the same senith act
User session boundaries correspond to user shifts.



Various time-based detection processes of session boesthased
on their interactions have been proposed [11, 6]. For icstaim
[8] user sessions are extracted with respect to a maximaldjrae
between consecutively accessed pages. Catledge and Phkow [
discovered a relation between the length of successivelgsaed
pages and their frequencies. They derived from this relatiohar-
acterization of the user’s information-seeking behavidanter et
al. [4] have formally identified five types of search actiegiin

a hypermedia system: wandering, browsing, scanning, erglor
and searching. For instance, scanning refers to coverirzgge |
area without depth. In their model, a search activity cowasdp to

a specific combination of low-level browsing patterns (spekis
ringiness, loopiness and pathiness) that can be taken frempath
followed by the user. Mullier [16] developed a fuzzy rule kdhse
system to classify search activities in the Canter’s digsdion.

Users’ information needs have also been studied with respect t
their search query to web search engines [3, 13, 12] or thhanbe
iorin Web directory [3]. For instance, analyzing web seanoérigs
recorded by a popular search service, Lau and Horvitz [13itide
fied seven classes of shifts, and proposed a classifier tacpthd
next user shift with respect to his previous queries.

3. BACKGROUND

General definitions as well as the concept of clue are forntlize
this section.

3.1 Definitions

Navigation interactions are a type of browser interactioesuter
does in order to see a different page from the one displayéukin
current browser window. Examples of navigation interactiares
clicking on the back button, submitting a form or clicking an
link. Examples of non-navigation interactions are: addirtgpok-
mark or searching a pattern of words in the page. In the sequel
interactionrefers to a navigation interaction. An interactidiis
characterized by the paft, d) wheret is the time when the user
did the interaction and is theassociated documebnsequence
of the interactiori. d is to be considered as a set of words. Nu-
meric values are possible thanks to a representation ofndeicts
with fuzzy sets.

An interaction strean® is a strictly ordered set of interactions by a
given user with respect to the time attribute. The size of terac-
tion stream is the number of interactions it contains. TheP{&)
will refer to the powerset of.

3.2 Clues

Recent researches in different ANS fields (link generationrf3j-
ommender systems [15], search in context [10] and prefegdfi])
have used the content of the current or previously accessed d
uments to get relevant clues about the user’s current irgtom
needs.

Marchionini [14] defines two main styles of information-kiegy
behavior: during a searching activity (resp. a browsingvégji
the user has in mind specific features (resp. general fetore
characteristics of the objects that will be used to satisyitior-
mation needs. He stresses that these features are usedeagdid
specify the search activity.

We argue that during a search activity, the content of the ss=d
documents often contains relevant terms with respect toshgsu

information needs. Assume that the user’s goal is to find when th
Paris Eiffel Tower was built. Then the previous hypothesggssts
that the content of accessed documents during the seaietyact
should frequently contain terms such as “Eiffel Tower”, ‘Bar
or “France”. Furthermore, additional terms discoveredrduthe
search activity and related to the information needs arelisly

to appear frequently, for instance “International Exgiosit?.

DEFINITION 1 (clue). LetT be the interaction stream.&ue in
the strean® is a pair (I, W) such that:

1. I € P(T)\ 0, whereP(T) refers to the powerset af.

2. W = ﬂikel dr Whered;, is the associated document/idf*
interactioniy, in the streantl’.

3 W #£0

4. THE CLUE ENUMERATION ISSUE

The clue enumeration issue refers to the problem of enumgrat
all the possible clues in an interaction stream. A simplevema-
tion to find all the pairs can contain up 28 clues for a stream of
sizen. However, many of the clues found are likely to be irrele-
vant because not corresponding to a user’s realistic seatality.

A cluec = (I, W) will be considered as an irrelevant clueIif
does not belong to a realistic search activity. Accordintlg, key
issue in the clue enumeration problem is to choose condifrmna
subset of interactior to be a part of one realistic search activity.
Formally, given an interaction streaf) the condition for a subset
of interactions to be part of one realistic search activity be for-
malized by a boolean functiaFi on the powerset of. Thus, given
F andS, the set ofrelevant cluess the set of cluest such that:

R={c : cisaclueinSandF(c) = 1}

4.1 Neighborhood conditions

Let S be an interaction stream. The likelihood for a subset ofinte
actions to belong to the same search activity is modelizezligh

a neighborhood condition. Aeighborhood conditiohas the prop-
erty that, if true for a sef then itis also true for any subsétC I.
Accordingly it can be formalized by a boolean measuréefined
on the powerset af such that:

m(A)=1 = VB C A, m(B) =1 @)

This measure will be referred to asiaighborhood measureEx-
amples of neighborhood measures are:

1. Suppose that the neighborhood condition implies that the
time span between two consecutive interactions in a subset
of interaction never exceeds a fixed threshold\af sec-
onds. IfJ = {j1,.,jx} C S is a subset of interaction of
sizek (with & > 1), let o be the permutation ofl, .., k)
such that/ = {j, (1), --jo (k) } IS an interaction stream. Then
m(J) = 1iff:

Vi 155 <k togt1) —tog) <N
2. Suppose that the neighborhood condition states thaintiee t

span between the first and the last interactionk éver ex-
ceeds a fixed threshold &, seconds. {7 = {j1,..,jx} C

2The Eiffel Tower was built as a focal point for the Paris Intern
tional Exposition (public exhibition) of 1889.



S is a subset of interaction of size(with & > 1), leto be
the permutation of1, .., k) such that/ = {j, (1), ..Jox)} IS
an interaction stream. Then(J) = 1 iff :

tok) — o) < N2

count a maximal number of intermediary interactiovis As
interactions are strictly ordered with respect to their tate
tribute then a ranking function can be introducedr(i;) =
2 j=1.n Lt;<t, (i) Wheret is the time attribute of inter-
actioniy (r gives the rank of an interaction iff). Leto
be the permutation df1, .., k) (with & > 2) such that/ =
{Jo(1), --Jo (k) } 1S @ninteraction stream. Then(J) = 1iff:

Vi, 1<j <k 7(iog+1) — (o) < Ns

4.2 Ending conditions

LetS = {i1,.., i, } be an interaction stream and< k < n. Let
denote byC}, the set of elements d?({41, .., ¢ }) which can still

be part of a future search activity after interactian An ending
conditionis intended to state whether a set of interactions belongs
to C, or not. An ending condition has two fundamental properties:

1. Attimek, interaction{is } belongs taCy,

2. VI € Cg41, I\ {ix+1} € Ck. In other words, the set
of future possible search activities only depends on the set
of future possible search activities before the last irtttoa
occurred.

Ending conditions can be formalized by anding functionwhich
is a multivariate functio’ : N* — P(S) such that:

1. Vk, {ir} € V(k)
2.VIeV(k+1), I\ {irs1} € V(k)

A very simple example of ending function is to consider thn t
only subset of interactions containing an interaction o@mafter
the lastiV interactions (withV > 1) are likely to be in a current or
future search activity. Le$ = {41, .., i» } be an interaction stream
andl < k <n, K = maz(0,k — N) then:

V(k) ={X € P(S) : {ix,ix+1.,ir} N X # 0}

5. CLUE EXTRACTION ALGORITHM

In this section, th€lue Extraction Algorithn{CEA), an incremen-
tal algorithm for finding clues in an interaction streafmis pre-
sented. The condition measuFefor a subset of interactions to be
part of realistic search activity is supposed to be given hgigh-
borhood conditionn, thusF(I) = m(I). To keep the solution set
size reasonable, the proposed algorithm extracts cluesgimax-
imal number of interactions: a clue= (I, W) in a streamS will

be retrieved iff is the largest set of interactions in the stream that
possesses all the words1df with regard toF'. The proposed algo-
rithm is based on the incremental extractioraofive clueswvhich
are considered to be a good caracterization of relevans afuthe
streamS.

DEFINITION 2 (active clue). LetS = {i1, .., 4, } be aninterac-
tion streamm be a neighborhood measure defined®(s), V' be
an ending function and < k& < m. Anactive clueat timek is a
pair ¢ = (I, W) where:

. Suppose that instead of using a time span we take into ac-

2. W = ﬂikel d; whered; the associated document of inter-
actiong;

W #£0

4. 1 e V(k)n{J € P({i1,..,ir}) such asn(J) = 1}
Using active clues has the two interesting advantages:

1. The set of active clued; after the interactiori4, de-
pends only ond,. Thus, its elements can be computed re-
cursively. Indeed, leff, W) € Apy1 with I # {igq1},

J =TI\ {ix+1} andW' = N;,esd; whered, is associated
document of interactiosy. ClearlyW’ # (. According to
equation (1)m(J) = 1 and according to property 2 of end-
ing conditions,J € V (k). Accordingly, the clugJ, W') is
an element ofd;, andc can be easily computed from it.

. Letc = (I, W) be an active clue in a streafhat timek.
Thenif (IU {ix41}, W) € Agy1) Orif (c € Agy1), there
will no be any later interactioi, at timep (withp > k + 1)
suchagIU{i,}, W) € A, or (¢ ¢ A,). This property can
easily be proved using the definitions of ending functiors an
neighborhood functions.

The following algorithm extracts the sét of possible clues of the
clue enumeration issue from an interaction strem {i1,..,in}

of sizen. The neighborhood measure and the ending function are
denoted bym andV respectively.

CLUE EXTRACTION ALGORITHM(S)
Apg <0
C—0
for k < 0..(n — 1) do
Take interaction, ;1 € S
Ak+1 «~0
forall (Ip, Wp) € Ay
(I, W) « ({ig1} U Ip, dpy1 N Wp)
if W # 0 then
if W C Wp then
if I € V(k+ 1) then
Ag41 < UPDATE(Ag 41, (Ip, Wp))
endif
if m(I) #0and I € V(k + 1) then
Ap41 < UPDATE(Ag 41, (I, W))
endif
else
C « CU (Ip,Wp)
endif
else
if I, € V(k+ 1) then
Ag41 « UPDATE(Ag 41, (Ip, Wp))
else
C « CU(Ip,Wp)
endif
endif
endfor
if m({zk+1}) = 1then
A1 < Apy1 U (Gpy1,dpg1)
endif
endfor
C+ CUA,
return C




The worst-case complexity of one iteration of this alganitlis
O(N}, x |dg+1]) whereNy, is the number of clues idy, and|d,+1]
refers to the number of words in the document associatedéeo-in
actionig4+1. Note that the size alNy, depends only on the neigh-
borhood condition and the ending condition. The clue efitvac
algorithm uses an update function that adds the @ai#V) to the
set Ay, if and only if A, does not already contain a p&i¥, W')
with I C I' andW C W'. If the pair to add is larger than an
existing pair, then the previous pair is replaced by the naw. o
Thus elements ofi;, are clues. This update function is given in the
following algorithm:

UPDATE(Ag, (I, W))
forall (I, Wp) € Ay,
if I, C Iand W, C W then
Ap (Ak \ (Ipin)) U (Ia W)
return Ag
endif
if I CIyandW C W)y, then
return Ag
endif
endfor
return Ag

Let us see an example. Assume t8at= {i1,..,46} is an inter-
action stream. The neighborhood function states that thémad
number of intermediary interactions is at mdsand the ending
condition states that the only previous interaction isljike be a
part of a future clue. Each associated document to interscf
S is described by a subset of words{af, b, ¢, d, e} such as:

alblc|d]|e
1 | X | X | X X
i2 | X X
3 | X | X X
4 X | X
5 X
i6 | X | X X | X

In this array an “x” means that the document in column costain
the word in row. Clues of the solution set given by the CEA are
ranked with respect to the time attribute of their first intéi@n

in the stream. Then, the clues can be represented in thevfotio
array:

{a,b,c,e} X
a,c} X
{a,b,d} X
{d, e} X
{c} X
{a,b,d, e} X
a} X X X

~~

£
>

—
x
o
x

{c} X X
{d} X X 0 X
{d, e} X 0 X

In this array, an “x” means that the associated document ®f th
interaction in column contains the set of words in row and @h *“
means that the associated document of the interaction imuol
does not contain the set of words in row but is likely to beltmthe
same realistic search activity. The first part of the arrapldys the

single-element clues and the second part contains the wiieh
size of their interaction set attributes is larger than driés second
kind of clues show the relationships between the interastion

6. VISS

Visualizing the clues is an efficient way to discover chaegstics

of user’s information-seeking behavior. For instance,presence

of long-size clues over a time span in a stream implies that th
user is likely to have performed a searching activity (thifl bé
demonstrated in the result section). Conversely, smadl-siues
imply that the user is likely to have performed browsing attiv
such as reading an online newspaper. In the previous array two
clusters of clues can be easily discovered. It is then likedy the
user has had two distinct search activities.

VISS(for Visualization of Information Seeking Strategies) iasu-
alization tool that displays the solution set of the clueraatation
issue for a given stream. VISS represents the solution inahes
way as in the previous example (see figure 1). Each clue is asso
ciated with a unique color and is framed in a rectangle thatvsho
all the interactions that are likely to belong to the samdisgéa
search activity. A square in a rectangle means that theaictien

in column contains the set of words in row. Word sets (assetia
documents in interactions) are displayed at the bottom efatim-
dow when a clue is selected. VISS has the following functionali-
ties: searching the clues that contain a given set of womdsning,
highlighting more or less specific clues and annotating autions
and clues.

VISS can call clustering algorithms on a selected substrédam o
teractions through the Weka packaged then display their results.

7. EVALUATION

This section summarize the results of a survey intendedgesas
the ability of clues to detect user’s shift of focus. The fagbsec-

tion outlines the survey intents. In the second subsectsults are

presented and discussed.

7.1 Survey

A survey was conducted to assess the interest of clues todind r
evant features of users’ current information needs. Thisicse
presents the results related to the issue of detecting’ ugefts

of focus. Results must be considered as preliminary beddease
number of survey participants is low (until nd® participants). A
questionnaire witll7 information seeking problems was given to
the participants. Each person was asked to find on the Web docu
ments containing answers to the given problems. Users’ ittiera
streams were collected thanks to a modified version of the IMozi
browser they used to answer the questtons

Questions in the questionnaire were designed so that thelvawo
the users in different information-seeking strategies:

1. Some questions were harder, if notimpossible, to answer jus
using a search engine. The interest of these questionsdsto s
if relevant clues can be extracted from documents which have
not been accessed by means of user queries. For instance:

3Weka is a collection of machine learning algorithms writtan i
Java, http://www.cs.waikato.ac.nz/ml/weka/.
“Mozila is a GNU Web browser,
http://www.mozilla.org.

available at
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Figure 1: Clue visualization with VISS

"What is the exhibitions schedule of the Museum of Modern
Art, NY?”

vant clues can be extracted with search strategies combining
smaller search strategies. For instance, “Which one otthes
two cities, Patras (Greece) and Vidin (Bulgaria) has theslarg
population?”.

. Some questions were really hard to answer, so that few par-
ticipants could answer them. The interest of these questions
was to require really complex search strategies when the user
try to address the question from different points of viewr Fo
instance, “What is the ranking of the top five personal com-
puter resellers in the EU market?”.

Note that participants were allowed to answer the questions itrwha
ever order. Each associated document was then stemmed with th
Porter’s stemming algorithm [17]. A stopword list was alsed to
filter irrelevant words, such as “these”, “those”... Theeckktrac-
tion algorithm was then applied on each user interactiosastr
The tested ending conditions state that the only subsetgerbic-
tions containing an interaction occurred after the Mshteractions
are likely to be in a current or future search activity (atzted
ending measures are formalized in a previous example). égted
neighborhood conditions state that interaction within & dannot

be spaced of more than a maximal numbebbinteractions (asso-
ciated neighborhood measures are formalized in the thiachele

of neighborhood condition subsection). In this paper tesate
given forN = M andN varies froml to 5.

. Some questions required to see at least more than one page
to be answered. Such questions were intended to see if rele-

NumbBer of clues ——
1400

1200

1000

Zwr

Figure 2: Clues set size increases quickly

7.2 Results and discussion

In average, it took aboui8 minutes to the participants to answer
the questionnaire. During this time, they performi@?® interac-
tions in average. Thus, the average number of interactimasi
swer a question wakl.3 though two questions required abQux
interactions each. The share of search engines result,gded
documents and homepages over the total number of accessed do
uments represent)%.

Figure 2 displays the average number of extracted clues fhem
participants’ interaction streams whéh varies. The solution set
size tends to increase quickly evelyincrement.

Let F' be a condition measure for a subset of interactions to be part
of a realistic search activity. Each interaction can be attarized



one. Thus, a pair of two consecutive shifts of focus corredpdo a
real search activity boundaries. An expert identified andtatad
in each participant’s interaction stream the interactimorsespond-
ing to shifts of focus.

160 - i

An interactionix can then be described with respect to three boolean
attributes:

1. hasPreviousActiveClue = 1 iff the previous interaction
120¢ ] to iy is covered by a clue.

Number of interactions, that belong to a clue —— . . .
.- NGB b Hefation — 2. hasActiveClue = 11iff iy is covered by a clue.
1 2 3 4 5 . )
N 3. overlap = 1iff Ax N Agy1 = 0 where A, is the set of

active concepts at time.

Figure 3: Relations betweens interactions and clues
Each interaction within an interaction stream was autorabyic

tagged as @ossible shiftf :
with respect to the solution s€l of the clue enumeration issue. 99 B

Given an interaction, occurring at timek, 4, is coveredby a clue hasActiveClue A (moverlap V ~hasPreviousActiveClue)
(I,W) € Cif F(IU{ix}) = 1. In other wordsjy, is covered by a
clue if it occurs while clues about search activities haveipresly
been detected and are still running. An interactigrbelongsto
aclue(I,w) € C if iy, € I. With VISS, interactions are repre-
sented in columns and thus, the set of clues covering araiiten
corresponds to all the rectangle intersecting the assat@ilumn
(see figure 1). In the previous example, interactiors covered

by the clueq{d}, {is,i4,i6}) and({d, e}, {i4, 46 }), but does not
belong to any of them. The set of clues which interaction set at
tributes contain a given interaction correspond to all #atangles P = R+D
that have a colored square in the column associated to &t M = 17—-R
tion. For instance with the example in sectionis:is covered by

the clueq({i4, 76}, {d, e}) and({is, 75, i6 }, {d}) but only belongs

A possible shift is aelevant shiftif it occurs during a search activ-
ity. A possible shift is aluplicated shifif a previous relevant clue
was found within the same search activity boundaries. A besre
tivity is messedf no one relevant shift was found within its bound-
aries. GivenvV, let P, R and M be the number of possible shifts,
the number of relevant shifts and the number of missed sesrch
tivities respectively, theh:

to ({ia, 45,76}, {d}). Figure 4 gives the average percentages’ofR and M with re-
spect to the number of questions wh¥rvaries. AtV increment,
Figure 3 displays the number of interactions that belong ¢tue the number of relevant shifts increases. As the number ofredve

and are covered by a clue wha@nvaries. Though many new clues interactions increases, the number of pOSSib'e shiftsedsess and
are discovered with afiV increment, few interactions that did not ~ thus, the number of messed search activities increases thieile

belong to a clue of the previous clue enumeration issueisalget number of duplicated shifts decreases. Note that the avenage
will eventually belong to one of the newly discovered clues. How- mum number of interactions necessary to find a relevant aftét
ever the number of interactions that are covered by a clueases: a user’s shift of focus is about7 interactions. Note that the best
whenN = 5 about98.4% of interactions are covered while there ~ compromise betweeR, R and M corresponds to the case where
are just62.5% whenN = 1. N=1.

100

Though the users where allowed to answer the questionnaire in
whatever order, the questions were related to different topids
explain for a part, the good performance the system to dskéfts
of focus. In real estate the user shifts could be harder tectét
) the user information needs were to change but still be refated
60 - E the same topics. This would require more complex featunash(s

as originality) to represent the interactions that wouldubed to
characterize the possible shifts.

80 T

8. CONCLUSIONS

This work addressed the issue of detecting relevant cluestab
T users’ current information needs during their navigatiomie Web.

— e 5 The originality of the proposed approach lies in the use efdn-

N tent of the accessed documents to extract these clues. Aexincr
mental algorithm intended to extract clues from a user autton
stream was presented. Preliminary results show goodyabilthis
approach to detect user’s shifts of focus.

A shift of focus corresponds to the situation where the pigiiat SLet us recall that 17 is the total number of questions in thesqu
has just finished answering a question and begins answering a ne tionnaire.

20 foo e |

Figure 4: Shifts detection performance




Clues are an efficient way to modelize user information ne€tlsy
are arich source of information about the user becauseitiekik
behavior (his interactions) with the content of the acceskeml-
ments. For instance, user’s interactions could be charaetein
term of originality comparing the word set attributes of ety
discovered clues to word set attributes of prior clues. Usadtats
based on clues can be used to study complex user’s behaetor su
as their information-seeking strategies. Clues can alsaskd by
ANS that require to know the current state of the user seardh act
ity and his current information needs. Future works will fean
the relations between users’ information-seeking strategnd the
clues that can be extracted from their interaction streams.
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