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ABSTRACT

Various studies have shown that categorizing search sesalt
help users to retrieve their target pages faster. The categons
save the users the time needed to consider links from iaeteat-
egories. However, what is often missed out is that the cagego
selections also introduce extra effort for users who arkitapfor
one of the highest ranked results. In general, the expectizdod
categorization depends on the relative probability thatuber is
looking for each of the search results. In this work we presen
method to balance the costs of presenting categories agfaénsx-
pected savings of the categorization. In an experiment weode
strate that this method can reduce retrieval time subsigntiom-
pared to flat result lists and hierarchies created throuagtitional
hierarchical clustering.

Categories and Subject Descriptors

H.3.3 [Information Storage and Retrieval]: Information Search
and Retrieval; H.1.1Nlodels and Principles]: Systems and Infor-
mation Theory

General Terms
Algorithms, Experimentation

Keywords
Interactive information retrieval, Information gain, techical clus-
tering, Active learning

1. INTRODUCTION

The explosive growth of the number of documents accessible v
online information systems has intensified the need forgzian
means that allow efficient access to the documents sets. déywa
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many navigation systems are publically available. Mosthefse
use a form of keyword search or hierarchical menus. Search en
gines like Google [5] or AltaVista [2] and web portals like héo!

[25] aim at providing access to the whole web. Other systems a
limited to documents on certain topics or to the contentiefweb
site. The common goal of these systems is to help the userls rea
their target information as fast as possible.

Providing access to web pages requires two steps. Firsthase
to determine which pages might be the user’s target pages. Th
second step involves the creation of a suitable structupeesent
links to the candidate pages to the user. Research on sewicles
typically focuses on the first step: finding the set of pageshiest
matches the user’s query. Recommender systems also atligess
step using a user profile instead of a search query. In thi& wor
we address the second step: automatically creating a tigrénat
allows users to efficiently access the candidate links.

Sets of candidate links can be structured in many differeaytsw
Most search engines present their search results on a nuinteer
sult pages containing ordered lists of links. In some casasch
engines apply clustering techniques to group the searcitsgmer
topic (e.g. [26, 15, 7, 27]). Deeper hierarchical strucdLaree com-
mon in menus of single web sites and web directories. Theignes
that arises is: which structures result in the shorteseretrtimes?

The structures that are generated in this work are targetesesas
with specific information needs. These users navigate tfiraoe
provided information structure looking for the pages that rele-
vant for their purposes, their target pages. In this casefflogency
of a navigation structure is determined by the amount of bhogy
required to reach the target pages. In a flat list browsingistsof
choosing the best link among a set of alternatives. In a ttbyaa
series of categories need to be selected.

The optimal shape of a link hierarchy is not the same in ali-sit
ations. The expected efficiency of a navigation structugedds
on the probability that the candidate links are targetdhdfgystem
knows almost for sure that the user is interested in ceritalis,| the
best strategy is to show these links immediately. In otherdgo
to structure the links as a flat list. On the other hand, ifahame
many links that have an equally small probability of beingr@ét,

a deeper hierarchy can be more efficient. Through the sefecti
of categories in the hierarchy the user provides infornmaéibout
his or her target. This information is used to reduce the rermob
candidate links the user needs to consider.

In this work we present an algorithm that weights the timedeee



to choose a category against the expected gain of providing e
tra information. At each step in the interaction with therube
algorithm computes the probability that each page is thease-
get page. The categories and links with the highest expeoted
formation gain are presented. The resulting document fuieya

are interesting for certain users e.g. [18, 6]. These systdm
not optimize the structure of the hierarchy, but only hideaat p
of it. Hiding nodes can improve efficiency as it allows users t
reach their target pages without considering uninterggtarts of
the hierarchy. However, the selected parts of the hierascinie not

minimizes the number of clicks the user needs to make to reach necessarily the most efficient structures for the remainodgs.

his target pages. We demonstrate in a small scale experiiment
users need less clicks when they use the hierarchies cieatat
method than when they use flat lists of links. Moreover, satiah
experiments indicate that the created structures are nfficeet
than document hierarchies created through content cingter

Section 2 discusses related work on optimizing documemtihie
chies. Section 3 describes the problem that is addressddsin t
work. In section 4 we discuss how the most informative sets of
links and categories are selected. In section 5 we presentth
sults of the experiments. The last section contains coiwelasnd
discusses our results.

2. RELATED WORK

Related work can be classified into two categories. Firstgive
a brief overview of metrics for measuring the efficiency cérair-
chical link structures. Afterwards, we discuss methodsutomat-
ically create and optimize these structures.

Many researches have studied the relation between of thetste

of a hierarchy and the time that users need to retrieve itefs.
majority of the authors find a linear relation between reaig¢ime
and the number of clicks necessary to reach a content pag2410
14]. A linear relation is also the most common choice in msdel
of web navigation [11, 14, 1]. The relation between retri¢ivae
and the number of list items per hierarchy layer depends en th
organization of the lists. In an ordered list users can usarbi
splits so that retrieval time is roughly logarithmic in thenmber of
listitems [10, 16]. In an unordered list the relation is An§l1, 22,
14].

Web search result clustering is a common method to assist use
in finding relevant links among a set of retrieved web links- A
ter a search engine has retrieved a set of documents matahing
user’s query, documents with similar contents are placettiua
common header. Words that occur frequently in the clustios:
uments are used as cluster labels. Several authors repowtith
result set clustering users need less time to find the reiévior-
mation (e.g. [26, 15, 7]). In [3] the documents are not cluste
but classified into a predefined hierarchy. Zeng et al. [2Taex

Various algorithms have been developed for improving exgsti-
erarchies. Masthoff [12] presents an algorithm that ceeathier-
archy using a number of ontologies as basic hierarchies.uSée
hand crafted rules to split and merge menu items with too many
or too few subitems. In [22] WAP menus are adapted to the us-
age of individual users. Frequently used items are movedadt@ m
prominent positions in the menu. For both methods the asithor
show that they can improve the efficiency of the hierarchitesy-
ever, there is not guarantee that they converge to maxine#ily
cient structures. A method for which this guarantee can bengi

is presented by Witten et al. [24]. They optimize the indexaof
digital phonebook using the entropy of the probability wisttion
over the names. Their algorithm does make optimal decistmurts

it only applies to domains in which the names of the seardesald

are known and ordered as in the case of a phonebook.

McGinty and Smyth [13] use critiquing to determine the usens
gets. They argue that always presenting the links with thbdst
probability can cause a user to get stuck in an uninteregptingof
the page space. They overcome this problem by uniformlyasipre
ing the presented links over the page space when the uses seem
be making no progress. At each step they either try to magimiz
the probability of presenting a target or aim at collectiegvinfor-
mation. With the approach presented in the present work oas d
not have to make this choice. The information gain criteaato-
matically results in broader categories when little is knaabout
the user and in more specific links when more information bexo
available.

3. PROBLEM SETTING

The task that is addressed in this work is to find a hierartktoac-

ture for a set of links that minimizes a user’s retrieval tirBefore

a system can accomplish this task it needs to compute for each
page the probability that the page is a target page. Furtiverm
the pages must be annotated with keywords that can serve-as ca
egory labels. In this section we explain how the probabsitand
keywords can be acquired in various situations. In additive
present the interface that will be used for evaluation asdudis

keyphrases from the documents and form clusters of pages con two popular structures that will serve as baseline strestim the

taining the phrases. The top ranked clusters are labelédcaite-
sponding keyphrases and presented to the user. The adwaftag
this method is that it yields both query specific clusters higth
quality labels. These methods have in common that they @il ai
at optimizing the clusters’ coherence and the clustergrijgtsons.

To our knowledge no attempts have been made to include thwe pro
ability distribution over the links and optimize the clustérom an
information theoretic perspective.

Other researchers focus on estimating the probabiliti@sghges
are targets, e.g. [9]. Their methods improve the probabilistri-

butions over the pages which enables a better ordering dintke
on the result pages. However, the improved probabilitiesret
used to create other structures than flat lists.

Several attempts have been made to select parts of a higthath

experiments.

The constructed hierarchies consist of candidate links caie-
gories. The candidate links form the terminal nodes in thea-hi
archy. They point directly to the candidate pages and hawnas
chors the pages’ names. Non terminal nodes are categories. A
user who selects a category goes a level deeper in the Higrarc
and is presented with a new set of choices. A category node is |
beled with a keyword or keyphrase that describes the cawétite
pages below the node. Because all categories in the higramast
have a label, the available keywords determine the possitégo-
rizations. Users navigate top down through the hierarcrgniogg
links and categories that match their information needse faisk

of the system is to place at each hierarchy layer the caegarid
links that minimize the average retrieval time. This tasttapicted
graphically in figure 1.
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Figurel: Example of a set of candidate pageswith probabilities
and keywords and a hierarchical structure for this set. ‘Nota’
isshort for ‘None of the above'.

The retrieval time of a given target page depends on theitocaf

the page in the hierarchy. In correspondence with the titeege.g.
[10, 22, 14, 11, 14, 1]) we assume that retrieval time varresakly
with the number of clicks a user needs to make before reaching
her target pages (the total path length). The length of thie tosa
content page is equal to the depth of the page in the hierainbg
users browse top down trough the hierarchy. We fix the number o
links per hierarchy layer, so that we not have to make assangpt
about the relation between retrieval time and the numbein&s |
per layer. Therefore, minimizing the average retrievaktimduces

to minimizing the expected path length to the user’s targgep.

The structures are built for a closed set of links calleccéradidate
links. Some candidate links point to the user’s target pages. athe s
of candidate links is available to the system, but the sysiess
not know which links are targets. However, there is a prdigbi
assigned to each candidate link. How the probabilities ame-c
puted depends on the application. In a search engine thédeaad
links are the links that match the user’s query. The targgega
are the pages that the user finds relevant. The probabititiede
adapted from the relevance scores of the candidate linksa Fex-
ommender system the candidate pages are the pages of thaeveb s
the system is part of. In this case, the probabilities canessmt
the pages’ access frequencies or the personal interests afér.

To label the categories in the hierarchy a set of keywordeésiad.
The system also needs to know which keywords apply to which
pages. For simplicity we assume keywords either apply orato n
apply to a page, but the presented methods can be adaptgtitstra
forwardly to handle probabilistic keywords assignmentsy\ords
from various sources can be used to annotate the pages.ciéithe
didate pages are already annotated with keyword meta faggse t
keywords can be used directly. Otherwise, some keywordextr
tion mechanism needs to be deployed to extract keywords thhem
pages’ contents (e.g. [27]).

The interface that enables the users to browse through énarhi

chy can have different forms. Here we assume it looks sintdlar
the result pages of search engines like Google [5] and AdtaVi
[2]. This means that users do not see the whole hierarchyrijyt
the choices corresponding to their current position in tiezan-
chy. Furthermore, the number of items that is shown in eagh st
is fixed atn. It is always possible that none of the presented links
and categories applies to the user’s information needsretdre,
there is always a choice labeled ‘None of the above’. Thisaeho
is comparable to the link that points to the next result paga i
search engine. When a user follows a link to a content page, he
receives the page’s contents. After reading the page hecptie
interaction or continue with a new search action.

We compare three strategies for determining which links atel
egories are shown at each hierarchy level. Search enginediyus
show flat lists of candidate links starting with themost probable
links. If the user’s target is not among the presented lihlescdicks
‘None of the above’ and receives the next probable links.sThi
structure maximized at each step the probability that tlee aan
reach her target directly. For this reason we call itgreedy strat-
egy Clustering based strategiderm hierarchies of page clusters
on the basis of similarities between the pages. The keywarels
used to label the clusters and create categories. In thesaetibn
we will present a new strategy callétke information gain strategy
This strategy selects the links and categories with thedsigmn-
formation gain. It does not maximize the probability of slmgva
target link, but the information gained in each step.

4. THE INFORMATION GAIN STRATEGY

In this section we explain how the information gain strateglects
the most informative categories and links. In section 4.1dige
cuss the computation of the expected information gain oft afse
categories and links. Section 4.2 covers heuristics to fitsl\sith
high information gain.

4.1 Category Information Gain

In theory the most efficient structure can be determined tetely.
With the page probabilities we can compute the probabiligt &
user is looking for a page from a certain category. If we mélee t
assumption that users select with some probability thegoates
that contains their goal pages, we can compute the protyathitit

a category is selected when it is presented to the user. Weriizn
down all possible navigation traces for all possible striret and
compute the lengths and probabilities of the traces. Nowuse j
select the structure with the shortest expected path length

This strategy always results in the optimal path lengths,uod
fortunately it is not tractable in practice. We need a mofieiefit
category selection algorithm, especially when all comjpoamust
be done while the user is waiting for his page. Often the &irec
can not be built in advance, for instance because the cardida
depends on a search query or because the target probaldlite
adapted at run time to the user’s interests.

To deliver the structures in reasonable time we create thetates
top down only expanding nodes that are actually visited. eévlor
over, the navigation structures are optimized node by nostead
of globally. At each step the system selects a set of linkscatet
gories without considering all possibilities for the deelpierarchy
layers. Below we explain the criterion according to whicaithifor-
mation gain strategy selects the category sets. This icriteloes
not distinguish between links and categories. Links aratéxkas
categories containing exactly one page.



To select the best category set we need to estimate the psins’
lengths when a particular set of categories and links issptesl. A
measure which does exactly this is théormation gain[19]. The
information gain of a category tells us how much knowledge we
have gained if the user selects the category. This deperiiho
the number of pages in the category and the candidate lirtkapro
bilities. The expected information of a set of categoried lamks

is the expected amount of information that is gained wherséte

is presented to the user.

The following example illustrates the working of the infation
gain criterion on the selection of categories for a set oEpabout
animals. If our only knowledge is that a user searches forman a
imal, broad categories like ‘mammal’ and ‘fish’ are inforiaat

A click on one of these categories tells us in what kind of alim
the user is interested. However, if for some reason we expatt
the user is looking for a furry animal, the selection of ‘maatm
does not provide much new information. In this case morerinfo
mation is gained by presenting narrower categories likdent’
and ‘nocturnal animal’. Another important point is that wiivg
two distinct categories like ‘mammal’ and ‘fish’ provides raan-
formation than showing largely overlapping categories fifish’
and ‘water animal'.

Formally, the information gain of a question is the differerbe-
tween the number of bits of information needed to deterntirge t
target before and after asking the question. The expecfedria-
tion gain,/G, of a set of categories and linisis given by:

IG(L) = H(P) — Zuery(p(U|L) * H(P|l) )

Here P is the probability distribution over the set of pagfs
p(l|L) is the probability that the user chooses category or link
provided that the items fromh are presentedH (P) gives the en-
tropy of P. H(P|l) is the entropy of the probability distribution
after! has been choset (P) is given by:

H(P) = —%(aepy(P(d)log(P(d)))

The distributionP|! depends on the node type bflf [ is a link,

the selection of provides certain knowledge that the user was in-
terested in following linki. In other words, the probability of
becomes 1 and the remaining entrop¥( P|l), is 0. If [ is a cat-
egory, the selection dfdoes not provide certain knowledge about
the user’s target, but does provide evidence that the useget
belongs to category. One possibility is to assign zero probabil-
ity to all pages that are not annotated with the selectecjoate
However, even if the keyword annotations are chosen cédyeful

indicates that after the users selects a category we negd small
number of steps to get perfect knowledge about the usersttarg
Thus, selecting the category set with the highest inforomagjain
on average leads to the shortest path lengths for the usts, tat
this strategy leads to optimal categories for each stepybather
these choices are optimal overall depends on the catetjoriza
available for the later steps.

4.2 Finding Informative Category Sets

The information gain criterion allows us to estimate how macet
of categories and links will shorten the path length withoarisid-
ering all possible continuations of the interaction. Unfoately,
this still does not make the problem tractable. If the nundfer
links that can be presented on a page isnd the total number of
categories and links i&, then the number of possible setsni§.
Because this number can be prohibitively large, in thisiseave
present heuristics to preselect some promising sets. Tirésties
do not simplify the computation of the sets’ informationmgabut
reduce the number of sets for which the information gain i®-co
puted.

As a first filter we throw out categories with a very small oryer
large probability of being chosen. If a category is assediatith
only one page it is obviously better to provide a direct linkhe
page than to show the category. Therefore, we compute fdr eac
category the probability that it contains a target page araiit out

all categories with a probability smaller than the prokiabif the

nth most probable page. Furthermore, if it is almost certzé the
target belongs to some category, then selecting this catefyes

not provide much new information. For this reason categosih

a very large probability are also filtered out.

In a pilot study [8] we compared two heuristics for finding thest

set among the categories and links that remain after filjerithe
heuristic that proved most effective uses a form of hill ding.

It computes the information gain of all sets containing oohe
category or link. The: categories or links with the highest infor-
mation gain are used as start setig the allowed number of links
per page). One item from the start set is exchanged for anothe
category of link. If this results in a set with a higher infation
gain the change is pertained; otherwise it is undone. Tlikange
process is repeated until no more changes can be tried draunti
maximum number of steps is reached. The resulting set is pre-
sented to the user. Like all hill climbing methods this hsticican
converge to local maximum, but experiments show that intfu@ac

it finds good category sets.

can happen that a user finds that a page belongs to a category th 5. EVALUATION

is not present the annotation. Therefore we use an updateamec
nism that ensures that page probabilities are adjusteddingao
the selected categories, but never become zero. For detailss
mechanism see [8].

The a priori candidate link probabilities are used to sdleeitems
that are shown at the root of the hierarchy. To create theeteep
hierarchy layers the knowledge gained from the selecteztjoaes

is incorporated in the probabilities. For instance, for shéection

of the nodes below the category ‘mammal’, we use the proipabil
distribution P|mammal as base probabilities.

The information gain strategy selects the set of categariddinks
with the highest information. A high information gain meahat
the uncertainty that is left in the probability distributis low. This

5.1 Experimental Setting

To evaluate the information gain strategy, the greedyesgsaind
the content clustering strategy we measure the efficiensyro€-
tures generated by each of the strategies in a series ofieques.

In these experiments we use a fixed set of candidate pagewand t
versions of the probability distribution: a static distriton and a
distribution that reflects the users’ previous targets.

The candidate set is comprised of the combined sets of pdges o
two Dutch web sites for elderly people: the SeniorGezorel[&it]
and the Reumanet site [20]. Both sites were developed by The
Netherlands Organization for Applied Scientific ReseaNQ)
in cooperation with domain specialists from the GeriatratwWork
and the Leiden University Medical Center. SeniorGezondaioa



information about the prevention of falling accidents. Ramet
contains information about rheumatism. The sites have sieny
lar structures: they consist of a set of short texts deswgihipartic-
ular problem or product and a hierarchically structuredgetion
menu. The menu provides information about the relationsdset
the pages, but each each text is written in such a way thanit ca
also be understood in isolation. From all pages of the tvessite
removed the navigation menu and all in text links. Fifteetstéhat

were in almost the same form present on both sites were mapped
onto one page. After this mapping 221 unique pages remained,

each consisting of a title and some flat text.

A semi-automatic method was used to assign keywords to tiespa
We manually created a domain specific ontology consistirRpof
terms or phrases and a broader term - narrower term relafioa.
terms from the ontology were automatically assigned to tgep.

We counted for each text and each term in the ontology the ev-
idence that the term was a keyword for the text: the number of
times the term or one of its descendants appeared in theTbgt.
pages were annotated with all terms with an evidence of at a
The domain specific ontology was created by hand, because the
was no ontology available for the domain and many of the domai
specific keywords were not in the Dutch version of WordNet [4]
The average number of keywords of a page was 7.7.

The quality of the keywords was evaluated in a survey [8]. We
found that on average the participants labeled 36% of the/&ms

in the annotation as not appropriate for the texts. Appérehe
precision of the annotation procedure was not very high.ndJsi
these keywords as category labels in a navigation struaetilte
probably cause the users to follow a considerable amoumicof4
rect paths. In the next section we will see how this effectsetffi-
ciency of the information gain strategy. Another intenegfiinding

from the keyword evaluation was that there was 80% agreement

between the answers of the various participants. This stg¢feat

it is possible to learn the associations between pages amebkes
from the behavior of the users. This allows a system to auiema
cally improve the pages’ annotations. We plan to explore ithea
further in the future.

To decrease the influence of the chosen probability digtabwe
tested structures that were generated with two differestriti-
tions. The first version is a static distribution. In the sgdogs of

the two web sites we counted the number of requests for the can
didate pages. From the request frequencies we construateal t
prior probabilities. When users searched for more than arget
page, for each search the same a priori probabilities were 105
built the navigation structure. Thus, each search stattdteaoot

of the same hierarchy.

For the second distribution we used a form of personalinatiach
time a user reached a content page the probabilities of titidzte
pages were adapted. When the users decided to search fin¢her
adapted probabilities were used to built a new navigatinrctire.
The new searches still started at the root of the hierarchiggthe
hierarchies became more and more personalized. The pérsena
tion process increased the probability of pages that wen#éasito
the visited content page and decreased the probabilityssfrdi-
lar pages (for details see [8]). The similarity between tvages
was computed as the minimal conditional probability of tages
[17]. Like the a priori probabilities the conditional prdhkities
were taken from the server logs. For the distances of pages fr
different sites we used a content based measure.

Task: glasses and contact lenses

You have difficulty reading and you think you might
need glasses. Find as much information as possible
on (buying) glasses and contact lenses.

Target pages:  Optician.htm

Seeing+and+hearing.htm

Figure 2: Trandated example task with target pages. Thetar-
get pageswere not visibleto the participants.

We defined 12 search tasks for which information could be doun
in the candidate pages. A task consisted of a short desmripfia
specific problem of an elderly person. The users had to sedirch
pages related to the problem. The topics of the tasks wersecho
after consultation of the creators of the sites. We triedhoose
problems that were realistic in the domain to get a realsitinu-
lation of the site’s users. We defined by hand which pages imere
the target sets for the tasks. The tasks had between 2 andgg? ta
pages. A example of a task description is shown in figure 2.

5.2 Experiments

To show the advantage of the information gain strategy dver t
greedy strategy and the clustering based strategy we petba
series of experiments. The three strategies were used Itb Hiui
erarchies on the basis of the static and the personalizézhbpity
distributions. This resulted in five structures: a greedycitire, a
personalized greedy structure, a clustering based stejcn in-
formation gain structure and a personalized informatian gauc-
ture. The structures were not built in advance, but expaedet
time a user opened a node.

The structures were built as described in the previous@etiThe
greedy structures consisted of ordered lists of pages. Td& m
probable pages were located at the root of the hierarchyneke
most probable pages at the second level etc. For the creattion
the clustering based structure we used a divisive form oklaims
comparable to the bisecting k-means algorithm of [23]. Hhi®-
rithm split the set of pages at each level in a number of dsste
For each cluster the best matching keyword was used as catego
label. Pages that did not belong to one of the resulting csiteg
were placed under the ‘None of the above’ category. The aiityl
measure was the same one we used for personalization iorsecti
5.1. The clustering based structure was constructed onlthen
basis of the page similarities and did not discriminate leetwthe
two probability distributions. The information gain hiechies had
on each node the most informative categories.

We created an interface that allowed users to browse thrthegh
hierarchy. The interface functioned as explained in sac®ioThe
number of links or categories on a page was set at 5, inclutimg
‘None of the above’ category. This number was purposely &hnos
to be quite low, so that many clicks would be required to reaeh
targets. In a perfectly balanced hierarchy 221 pages achabte
in 4 steps. In a greedy structure the 221 pages are dividadbéve
result pages.

In the first part of the experiment we evaluated the efficiesfdpe
structures with simulated users. The simulated users had &f s
pages which were their target pages. They traversed tharbigr
looking for their targets. They never went to content pagbiiw



Method | No. steps
Greedy 27.7
Personalized greedy 9.0
Clustering 15.1
Information gain 8.2

Personalized information gain 4.6

Table 1: The average number of steps of simulated users with
perfect choices.
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Figure 3: The average number of steps that simulated users
with perfect choices needed to reach each of thetarget pages.

40 -
Clustering ——
35 Information gain - ememes
Personalized information gain -
30
&
g 25
B
5 20
£
E 15 R ——
Z
10
5
0
0 0.5 1 1.5 2
Noise level

Figure 4: Theaverage number of stepsof simulated userswith
various noise levels.

than in the greedy structure and the clustering structueesdnal-
ization made the greedy and the information gain strategyifsi
cantly more efficient. With personalization the differemsgween
the two strategies is smaller, but the information gairtetis still
49% faster. Personalization does not effect the clustestingture,
because the clustering strategy does not use the page pitodzab

Figure 3 shows the number of steps that were needed to reach th
various target pages. The greedy and the clustering stascfwo-
vided short paths to the first targets, but the when the usarsised

were not in their target set and when a link to a target page was further the paths became very long. The path lengths in tioe-in

available they always went there directly. When no linksaigét
pages were available they considered the available cagsgoif
one of the categories matched a target, they opened theocateg
When also no relevant categories were shown, they clicketeN
of the above’. They kept searching until all targets weratbu

We compared simulated ‘perfect’ users that always chosedhe
rect categories with ‘imperfect’ users that sometimesofedd an
incorrect path. The imperfect users sometimes chose g#&ego
that were not related to their targets or ‘None of the aboveémv
an appropriate category was presented. We did not add rwoike t
content link choices, because we assumed that users cazld ac
rately judge the relevance of pages from their titles.

We evaluated the real world value of the greedy and the irditiom
gain structures in an experiment with real users. Thirtestigi-
pants were asked to perform all 12 multiple target seardstache
participants got only the topics of the tasks and not thecfeétsget
pages. Every participant used two of the four structuresdaming
the first 6 tasks and another during the next 6 tasks. The ofder
the tasks and the structures was varied over the partisipafe
measured the number of clicks the users needed to find thetdarg
and the number of relevant pages that were found.

5.3 Resaults

5.3.1 Simulation

Table 1 gives the average number of clicks that the simulaseds
needed to reach their targets. All figures are averages évenis.
With both probability distributions perfect users needesigmifi-
cantly* smaller number of steps in the information gain structure

LIn the simulation experiments significance is computed witho
tailed paired t-test with a confidence level of 0.95.

mation gain structure were more stable.

In the next experiments we looked at the behavior of users wit
various amounts of incorrect choices. The results are ptegen
figure 4. In this figure a noise level 1 correspond to the véfoesd

in the keyword evaluation survey (see section 5.1). Therhecd
categories had a probability of 0.013 to be opened. The pibba
ity of clicking ‘None of the above’ when an appropriate catsg
was presented was 0.36. For the other noise levels thesesvalu
were multiplied by the noise level. The efficiency of the ghee
structures is not shown. These structures do not use caegord
therefore are insensitive to the type of noise that was added

Figure 4 shows that the efficiency of the category structdees
creased rapidly when the users made more mistakes. At the hig
est noise levels the path lengths become even longer thgrathe
lengths in the greedy structures. The information gaincstines
performed better than the clustering structure at all nt@sels.
However, the influence of the amount of incorrect choicesapg
to be much larger than the influence of the type of navigatiarcs
ture. This suggest that information value is a useful ddteto
choose between categories with equally good labels, butliea
highest priority must be to given to finding categories witghh
quality labels.

5.3.2 Human Search

Table 2 and Figure 5 show the results of the experiments with
real users. Users of the information gain structures nesdgd
nificantly? less steps to reach the targets than users of the greedy
structures.

2In the experiments with real users significance is compuiguayv
two tailed t-test with a confidence level of 0.95.



Method | No. steps  No. targets
Greedy 17.8 0.9
Personalized Greedy 9.8 1.7
Information gain 111 15
Personalized information gain 6.9 1.4

Table 2: The average number of steps of human users and the
average number of targets that were found by human users.
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Figure 5. The average number of steps that human users
needed to reach their target pages.

The relevance of the categories in the information gainctire
was not always clear to the participants which led to subugti

In conclusion, the simulation experiments showed that miihg

the information gain reduces the length of the paths to tleesus
target pages provided that the category labels are suffigielear.
The experiments with human participants show that useratdee

to make effective use of keyword structures and thus neexl les
clicks in an information gain structure than in a greedy ctie.

In this work we used a simple method to compute the page proba-
bilities, but the information gain criterion can be usecdhwiit mod-
ification on top of more advanced page probability estingatGur
findings suggest that in any case maximizing the informagain

will effectively balance the collection and exploitatiof kinowl-
edge and so minimize the users’ path lengths.

6. CONCLUSION AND DISCUSSION

In a variety of domains systems create hierarchical strastéor
sets of candidate pages. Search engines and recommengensys
typically return series of pages with flat lists of links. Atah page
they maximize the probability of showing a target link by geat-
ing the most probable candidate links. They focus entiralygsing
their current knowledge about the user to determine whidepa
are the most likely targets. In other words, they follow aeghe
strategy. Clustering based method do not only show linkataat
categories. However, these categories are not chosen tmizén
the users’ path lengths, but to group the most similar pages.

In this work we present a method that actively minimizes émgth
of the user sessions balancing the costs of collecting méoenna-
tion by showing categories against the expected gain ofttra e
knowledge. Evaluation with artificial and experimentaledsihows
that this information gain strategy effectively reduces tisers’
numbers of clicks compared to the greedy and the clusteasgd

paths. 17% of the chosen keywords were not in the target pages strategy.

annotations. In 7% percent of the cases in which ‘None of the
above’ was clicked, there actually was a relevant categoryng

the presented keywords. Because of these ‘mistakes’ thieipar
pants’ paths were much longer than the optimal path lengtes m
sured in the previous section. However, the shorter patjttasrof

the information gain structure show that even with thesé higjse
levels categorization can be effective.

Personalization significantly reduced the number of stégmoth
the greedy and the information gain structure. In contrasthat
we saw in the simulation experiments Figure 5 shows thabpets
ization not only helped during the later stages of the seénatralso
reduced the number of clicks needed to find the first targes iSh
caused by the fact that the real users sometimes clickechks i
to pages that were not relevant for the task. Apparentlypralicg
to our distance function these pages were close to the taages,
so that the adaptive strategies could lead the users efficfeom
these pages to the nearby targets.

We did not find large differences between the numbers of targe
pages that were found. The only significant result was thetsus
found more targets when assisted with the personalizedgsteic-
ture than with the greedy structure. Probably users of teedy
structure were tempted to give up when they saw that theyadvoul
have to go through the same lists of links again. With allcttrtes
the users found very few targets. Most likely this is a consege

of the limited interface. Many participants reported thatyt had
trouble judging how many relevant pages were availablealmse
the interface did not provide an overview of the candidatgepa
This problem is less likely to occur on real sites where mofert
mation is available like the number of search result.

The advantage of maximizing information gain is independgn
how we estimate the probabilities that pages are targetghidn
work we used simple algorithms for estimating the page gribba
ities. More advanced methods, such as the one presented, in [9
can make the estimations more accurate which leads to mere ef
ficient structures. However, these better estimations érgboth

the greedy and the information gain structure. To demotesthés

we tested structures generated on the basis of two protyadbisi-
tributions: a static and a personalized distribution. Eipents
showed that the extra knowledge provided through persmatain
reduced the number of clicks in the greedy structure as wdha
information gain structure. Improving the estimation aecy im-
proves efficiency but does not lessen the need for active lenlge
collection.

The number candidate pages that we used for the experiment wa
quite small compared to the number of pages of an average web
site or the average number of search results. To be able to mea
sure the effect of categorization the number of links or gaties

per page was also kept low. Although the theoretical adgenta
categorization is independent of the size of the domain.emer
search is needed to show the practical value of the infoanafain
strategy in realistic domains. We are currently incorgatathe
information gain and the greedy strategy in recommenddesys
that will be included in the real version of the SeniorGezsite.
Running these systems in parallel allows us to compare the va
of the strategies in a real world application.

Until now we have not considered the order in which the linles a
shown on the pages. Especially when the lists are long thistis



realistic, because users do not always consider all alaitgitions
before clicking a link. This means that on average users fessd
time to choose top ranked links than to choose links at lower p
sitions. Greedy strategies accommodate for this phenombyo
ordering the links according to their probability. The infation
gain strategy does not currently include link order. It cagspnt
the categories in order of probability, but how the categaiion
itself should be adapted is an open issue.

The candidate pages in the evaluation were annotated witiste

from a manually created ontology. Many of the keywords in the

annotations were ambiguous so that the participants made-a ¢
siderable amount of suboptimal selections. We showed that d
spite these ‘mistakes’, the categorizations chosen byrtioerna-
tion gain strategy shortened the users’ path lengths. Herveim-
ulation experiments demonstrated that when users make ang m
mistakes presenting categories can reduce efficiency.eTiesslts
suggest that a category’s label quality is at least as irapb#s its
information value. Consequently, in a real application sheuld
be careful only to use categories for which an adequate label
available. We are currently exploring possibilities tocauatically
determine the quality of category labels.
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