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ABSTRACT
Various studies have shown that categorizing search results can
help users to retrieve their target pages faster. The categorizations
save the users the time needed to consider links from irrelevant cat-
egories. However, what is often missed out is that the category
selections also introduce extra effort for users who are looking for
one of the highest ranked results. In general, the expected gain of
categorization depends on the relative probability that the user is
looking for each of the search results. In this work we present a
method to balance the costs of presenting categories against the ex-
pected savings of the categorization. In an experiment we demon-
strate that this method can reduce retrieval time substantially com-
pared to flat result lists and hierarchies created through traditional
hierarchical clustering.

Categories and Subject Descriptors
H.3.3 [Information Storage and Retrieval]: Information Search
and Retrieval; H.1.1 [Models and Principles]: Systems and Infor-
mation Theory

General Terms
Algorithms, Experimentation

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

1. INTRODUCTION
The explosive growth of the number of documents accessible via
online information systems has intensified the need for navigation
means that allow efficient access to the documents sets. Nowadays
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many navigation systems are publically available. Most of these
use a form of keyword search or hierarchical menus. Search en-
gines like Google [5] or AltaVista [2] and web portals like Yahoo!
[25] aim at providing access to the whole web. Other systems are
limited to documents on certain topics or to the contents of one web
site. The common goal of these systems is to help the users reach
their target information as fast as possible.

Providing access to web pages requires two steps. First, onehas
to determine which pages might be the user’s target pages. The
second step involves the creation of a suitable structure topresent
links to the candidate pages to the user. Research on search engines
typically focuses on the first step: finding the set of pages that best
matches the user’s query. Recommender systems also addressthis
step using a user profile instead of a search query. In this work
we address the second step: automatically creating a hierarchy that
allows users to efficiently access the candidate links.

Sets of candidate links can be structured in many different ways.
Most search engines present their search results on a numberof re-
sult pages containing ordered lists of links. In some cases search
engines apply clustering techniques to group the search results per
topic (e.g. [26, 15, 7, 27]). Deeper hierarchical structures are com-
mon in menus of single web sites and web directories. The question
that arises is: which structures result in the shortest retrieval times?

The structures that are generated in this work are targeted at users
with specific information needs. These users navigate through the
provided information structure looking for the pages that are rele-
vant for their purposes, their target pages. In this case theefficiency
of a navigation structure is determined by the amount of browsing
required to reach the target pages. In a flat list browsing consists of
choosing the best link among a set of alternatives. In a hierarchy a
series of categories need to be selected.

The optimal shape of a link hierarchy is not the same in all situ-
ations. The expected efficiency of a navigation structure depends
on the probability that the candidate links are targets. If the system
knows almost for sure that the user is interested in certain links, the
best strategy is to show these links immediately. In other words,
to structure the links as a flat list. On the other hand, if there are
many links that have an equally small probability of being a target,
a deeper hierarchy can be more efficient. Through the selection
of categories in the hierarchy the user provides information about
his or her target. This information is used to reduce the number of
candidate links the user needs to consider.

In this work we present an algorithm that weights the time needed



to choose a category against the expected gain of providing ex-
tra information. At each step in the interaction with the user the
algorithm computes the probability that each page is the user’s tar-
get page. The categories and links with the highest expectedin-
formation gain are presented. The resulting document hierarchy
minimizes the number of clicks the user needs to make to reach
his target pages. We demonstrate in a small scale experimentthat
users need less clicks when they use the hierarchies createdby this
method than when they use flat lists of links. Moreover, simulation
experiments indicate that the created structures are more efficient
than document hierarchies created through content clustering.

Section 2 discusses related work on optimizing document hierar-
chies. Section 3 describes the problem that is addressed in this
work. In section 4 we discuss how the most informative sets of
links and categories are selected. In section 5 we present the re-
sults of the experiments. The last section contains conclusions and
discusses our results.

2. RELATED WORK
Related work can be classified into two categories. First, wegive
a brief overview of metrics for measuring the efficiency of hierar-
chical link structures. Afterwards, we discuss methods to automat-
ically create and optimize these structures.

Many researches have studied the relation between of the structure
of a hierarchy and the time that users need to retrieve items.A
majority of the authors find a linear relation between retrieval time
and the number of clicks necessary to reach a content page [10, 22,
14]. A linear relation is also the most common choice in models
of web navigation [11, 14, 1]. The relation between retrieval time
and the number of list items per hierarchy layer depends on the
organization of the lists. In an ordered list users can use binary
splits so that retrieval time is roughly logarithmic in the number of
list items [10, 16]. In an unordered list the relation is linear [11, 22,
14].

Web search result clustering is a common method to assist users
in finding relevant links among a set of retrieved web links. Af-
ter a search engine has retrieved a set of documents matchinga
user’s query, documents with similar contents are placed under a
common header. Words that occur frequently in the clusters’doc-
uments are used as cluster labels. Several authors report that with
result set clustering users need less time to find the relevant infor-
mation (e.g. [26, 15, 7]). In [3] the documents are not clustered
but classified into a predefined hierarchy. Zeng et al. [27] extract
keyphrases from the documents and form clusters of pages con-
taining the phrases. The top ranked clusters are labeled with corre-
sponding keyphrases and presented to the user. The advantage of
this method is that it yields both query specific clusters andhigh
quality labels. These methods have in common that they all aim
at optimizing the clusters’ coherence and the clusters’ descriptions.
To our knowledge no attempts have been made to include the prob-
ability distribution over the links and optimize the clusters from an
information theoretic perspective.

Other researchers focus on estimating the probabilities that pages
are targets, e.g. [9]. Their methods improve the probability distri-
butions over the pages which enables a better ordering of thelinks
on the result pages. However, the improved probabilities are not
used to create other structures than flat lists.

Several attempts have been made to select parts of a hierarchy that

are interesting for certain users e.g. [18, 6]. These systems do
not optimize the structure of the hierarchy, but only hide a part
of it. Hiding nodes can improve efficiency as it allows users to
reach their target pages without considering uninteresting parts of
the hierarchy. However, the selected parts of the hierarchies are not
necessarily the most efficient structures for the remainingnodes.

Various algorithms have been developed for improving existing hi-
erarchies. Masthoff [12] presents an algorithm that creates a hier-
archy using a number of ontologies as basic hierarchies. Sheuses
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 moved to more
prominent positions in the menu. For both methods the authors
show that they can improve the efficiency of the hierarchies.How-
ever, there is not guarantee that they converge to maximallyeffi-
cient structures. A method for which this guarantee can be given
is presented by Witten et al. [24]. They optimize the index ofa
digital phonebook using the entropy of the probability distribution
over the names. Their algorithm does make optimal decisions, but
it only applies to domains in which the names of the searched items
are known and ordered as in the case of a phonebook.

McGinty and Smyth [13] use critiquing to determine the users’ tar-
gets. They argue that always presenting the links with the highest
probability can cause a user to get stuck in an uninterestingpart of
the page space. They overcome this problem by uniformly spread-
ing the presented links over the page space when the user seems to
be making no progress. At each step they either try to maximize
the probability of presenting a target or aim at collecting new infor-
mation. With the approach presented in the present work one does
not have to make this choice. The information gain criterionauto-
matically results in broader categories when little is known about
the user and in more specific links when more information becomes
available.

3. PROBLEM SETTING
The task that is addressed in this work is to find a hierarchical struc-
ture for a set of links that minimizes a user’s retrieval time. Before
a system can accomplish this task it needs to compute for each
page the probability that the page is a target page. Furthermore,
the pages must be annotated with keywords that can serve as cat-
egory labels. In this section we explain how the probabilities and
keywords can be acquired in various situations. In addition, we
present the interface that will be used for evaluation and discuss
two popular structures that will serve as baseline structures in the
experiments.

The constructed hierarchies consist of candidate links andcate-
gories. The candidate links form the terminal nodes in the hier-
archy. They point directly to the candidate pages and have asan-
chors the pages’ names. Non terminal nodes are categories. A
user who selects a category goes a level deeper in the hierarchy
and is presented with a new set of choices. A category node is la-
beled with a keyword or keyphrase that describes the contents of the
pages below the node. Because all categories in the hierarchy must
have a label, the available keywords determine the possiblecatego-
rizations. Users navigate top down through the hierarchy opening
links and categories that match their information needs. The task
of the system is to place at each hierarchy layer the categories and
links that minimize the average retrieval time. This task isdepicted
graphically in figure 1.



Figure 1: Example of a set of candidate pages with probabilities
and keywords and a hierarchical structure for this set. ‘Nota’
is short for ‘None of the above’.

The retrieval time of a given target page depends on the location of
the page in the hierarchy. In correspondence with the literature (e.g.
[10, 22, 14, 11, 14, 1]) we assume that retrieval time varies linearly
with the number of clicks a user needs to make before reaching
her target pages (the total path length). The length of the path to a
content page is equal to the depth of the page in the hierarchysince
users browse top down trough the hierarchy. We fix the number of
links per hierarchy layer, so that we not have to make assumptions
about the relation between retrieval time and the number of links
per layer. Therefore, minimizing the average retrieval time reduces
to minimizing the expected path length to the user’s target pages.

The structures are built for a closed set of links called thecandidate
links. Some candidate links point to the user’s target pages. The set
of candidate links is available to the system, but the systemdoes
not know which links are targets. However, there is a probability
assigned to each candidate link. How the probabilities are com-
puted depends on the application. In a search engine the candidate
links are the links that match the user’s query. The target pages
are the pages that the user finds relevant. The probabilitiescan be
adapted from the relevance scores of the candidate links. For a rec-
ommender system the candidate pages are the pages of the web site
the system is part of. In this case, the probabilities can represent
the pages’ access frequencies or the personal interests of the user.

To label the categories in the hierarchy a set of keywords is needed.
The system also needs to know which keywords apply to which
pages. For simplicity we assume keywords either apply or do not
apply to a page, but the presented methods can be adapted straight-
forwardly to handle probabilistic keywords assignments. Keywords
from various sources can be used to annotate the pages. If thecan-
didate pages are already annotated with keyword meta tags, these
keywords can be used directly. Otherwise, some keyword extrac-
tion mechanism needs to be deployed to extract keywords fromthe
pages’ contents (e.g. [27]).

The interface that enables the users to browse through the hierar-

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

We compare three strategies for determining which links andcat-
egories are shown at each hierarchy level. Search engines usually
show flat lists of candidate links starting with then most probable
links. If the user’s target is not among the presented links she clicks
‘None of the above’ and receives the next probable links. This
structure maximized at each step the probability that the user can
reach her target directly. For this reason we call it thegreedy strat-
egy. Clustering based strategiesform hierarchies of page clusters
on the basis of similarities between the pages. The keywordsare
used to label the clusters and create categories. In the nextsection
we will present a new strategy calledthe information gain strategy.
This strategy selects the links and categories with the highest in-
formation gain. It does not maximize the probability of showing a
target link, but the information gained in each step.

4. THE INFORMATION GAIN STRATEGY
In this section we explain how the information gain strategyselects
the most informative categories and links. In section 4.1 wedis-
cuss the computation of the expected information gain of a set of
categories and links. Section 4.2 covers heuristics to find sets with
high information gain.

4.1 Category Information Gain
In theory the most efficient structure can be determined completely.
With the page probabilities we can compute the probability that a
user is looking for a page from a certain category. If we make the
assumption that users select with some probability the categories
that contains their goal pages, we can compute the probability that
a category is selected when it is presented to the user. We canwrite
down all possible navigation traces for all possible structures and
compute the lengths and probabilities of the traces. Now we just
select the structure with the shortest expected path length.

This strategy always results in the optimal path lengths, but un-
fortunately it is not tractable in practice. We need a more efficient
category selection algorithm, especially when all computation must
be done while the user is waiting for his page. Often the structure
can not be built in advance, for instance because the candidate set
depends on a search query or because the target probabilities are
adapted at run time to the user’s interests.

To deliver the structures in reasonable time we create the structures
top down only expanding nodes that are actually visited. More-
over, the navigation structures are optimized node by node instead
of globally. At each step the system selects a set of links andcate-
gories without considering all possibilities for the deeper hierarchy
layers. Below we explain the criterion according to which the infor-
mation gain strategy selects the category sets. This criterion does
not distinguish between links and categories. Links are treated as
categories containing exactly one page.



To select the best category set we need to estimate the users’path
lengths when a particular set of categories and links is presented. A
measure which does exactly this is theinformation gain[19]. The
information gain of a category tells us how much knowledge we
have gained if the user selects the category. This depends both on
the number of pages in the category and the candidate link proba-
bilities. The expected information of a set of categories and links
is the expected amount of information that is gained when theset
is presented to the user.

The following example illustrates the working of the information
gain criterion on the selection of categories for a set of pages about
animals. If our only knowledge is that a user searches for an an-
imal, broad categories like ‘mammal’ and ‘fish’ are informative.
A click on one of these categories tells us in what kind of animal
the user is interested. However, if for some reason we expectthat
the user is looking for a furry animal, the selection of ‘mammal’
does not provide much new information. In this case more infor-
mation is gained by presenting narrower categories like ‘rodent’
and ‘nocturnal animal’. Another important point is that showing
two distinct categories like ‘mammal’ and ‘fish’ provides more in-
formation than showing largely overlapping categories like ‘fish’
and ‘water animal’.

Formally, the information gain of a question is the difference be-
tween the number of bits of information needed to determine the
target before and after asking the question. The expected informa-
tion gain,IG, of a set of categories and linksL is given by:

IG(L) = H(P ) − Σ{l∈L}( p(l|L) ∗ H(P |l) )

Here P is the probability distribution over the set of pagesD.
p(l|L) is the probability that the user chooses category or linkl

provided that the items fromL are presented.H(P ) gives the en-
tropy of P . H(P |l) is the entropy of the probability distribution
afterl has been chosen.H(P ) is given by:

H(P ) = −Σ{d∈D}(P (d) log(P (d)) )

The distributionP |l depends on the node type ofl. If l is a link,
the selection ofl provides certain knowledge that the user was in-
terested in following linkl. In other words, the probability ofl
becomes 1 and the remaining entropy,H(P |l), is 0. If l is a cat-
egory, the selection ofl does not provide certain knowledge about
the user’s target, but does provide evidence that the user’starget
belongs to categoryl. One possibility is to assign zero probabil-
ity to all pages that are not annotated with the selected category.
However, even if the keyword annotations are chosen carefully it
can happen that a user finds that a page belongs to a category that
is not present the annotation. Therefore we use an update mecha-
nism that ensures that page probabilities are adjusted according to
the selected categories, but never become zero. For detailson this
mechanism see [8].

The a priori candidate link probabilities are used to selectthe items
that are shown at the root of the hierarchy. To create the deeper
hierarchy layers the knowledge gained from the selected categories
is incorporated in the probabilities. For instance, for theselection
of the nodes below the category ‘mammal’, we use the probability
distributionP |mammal as base probabilities.

The information gain strategy selects the set of categoriesand links
with the highest information. A high information gain meansthat
the uncertainty that is left in the probability distribution is low. This

indicates that after the users selects a category we need only a small
number of steps to get perfect knowledge about the users target.
Thus, selecting the category set with the highest information gain
on average leads to the shortest path lengths for the user. Note, that
this strategy leads to optimal categories for each step, butwhether
these choices are optimal overall depends on the categorizations
available for the later steps.

4.2 Finding Informative Category Sets
The information gain criterion allows us to estimate how much a set
of categories and links will shorten the path length withoutconsid-
ering all possible continuations of the interaction. Unfortunately,
this still does not make the problem tractable. If the numberof
links that can be presented on a page isn and the total number of
categories and links isk, then the number of possible sets isnk.
Because this number can be prohibitively large, in this section we
present heuristics to preselect some promising sets. The heuristics
do not simplify the computation of the sets’ information gain, but
reduce the number of sets for which the information gain is com-
puted.

As a first filter we throw out categories with a very small or very
large probability of being chosen. If a category is associated with
only one page it is obviously better to provide a direct link to the
page than to show the category. Therefore, we compute for each
category the probability that it contains a target page and throw out
all categories with a probability smaller than the probability of the
nth most probable page. Furthermore, if it is almost certain that the
target belongs to some category, then selecting this category does
not provide much new information. For this reason categories with
a very large probability are also filtered out.

In a pilot study [8] we compared two heuristics for finding thebest
set among the categories and links that remain after filtering. The
heuristic that proved most effective uses a form of hill climbing.
It computes the information gain of all sets containing onlyone
category or link. Then categories or links with the highest infor-
mation gain are used as start set (n is the allowed number of links
per page). One item from the start set is exchanged for another
category of link. If this results in a set with a higher information
gain the change is pertained; otherwise it is undone. This exchange
process is repeated until no more changes can be tried or until a
maximum number of steps is reached. The resulting set is pre-
sented to the user. Like all hill climbing methods this heuristic can
converge to local maximum, but experiments show that in practice
it finds good category sets.

5. EVALUATION
5.1 Experimental Setting
To evaluate the information gain strategy, the greedy strategy and
the content clustering strategy we measure the efficiency ofstruc-
tures generated by each of the strategies in a series of experiments.
In these experiments we use a fixed set of candidate pages and two
versions of the probability distribution: a static distribution and a
distribution that reflects the users’ previous targets.

The candidate set is comprised of the combined sets of pages of
two Dutch web sites for elderly people: the SeniorGezond site [21]
and the Reumanet site [20]. Both sites were developed by The
Netherlands Organization for Applied Scientific Research (TNO)
in cooperation with domain specialists from the Geriatric Network
and the Leiden University Medical Center. SeniorGezond contains



information about the prevention of falling accidents. Reumanet
contains information about rheumatism. The sites have verysimi-
lar structures: they consist of a set of short texts describing a partic-
ular problem or product and a hierarchically structured navigation
menu. The menu provides information about the relations between
the pages, but each each text is written in such a way that it can
also be understood in isolation. From all pages of the two sites we
removed the navigation menu and all in text links. Fifteen texts that
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 the pages.
We manually created a domain specific ontology consisting of800
terms or phrases and a broader term - narrower term relation.The
terms from the ontology were automatically assigned to the pages.
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 the text.The
pages were annotated with all terms with an evidence of at least 2.
The domain specific ontology was created by hand, because there
was no ontology available for the domain and many of the domain
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 keywords
in the annotation as not appropriate for the texts. Apparently the
precision of the annotation procedure was not very high. Using
these keywords as category labels in a navigation structurewill
probably cause the users to follow a considerable amount of incor-
rect paths. In the next section we will see how this effects the effi-
ciency of the information gain strategy. Another interesting finding
from the keyword evaluation was that there was 80% agreement
between the answers of the various participants. This suggests that
it is possible to learn the associations between pages and keywords
from the behavior of the users. This allows a system to automati-
cally improve the pages’ annotations. We plan to explore this idea
further in the future.

To decrease the influence of the chosen probability distribution we
tested structures that were generated with two different distribu-
tions. The first version is a static distribution. In the server logs of
the two web sites we counted the number of requests for the can-
didate pages. From the request frequencies we constructed the a
prior probabilities. When users searched for more than one target
page, for each search the same a priori probabilities were used to
built the navigation structure. Thus, each search started at the root
of the same hierarchy.

For the second distribution we used a form of personalization. Each
time a user reached a content page the probabilities of the candidate
pages were adapted. When the users decided to search furtherthe
adapted probabilities were used to built a new navigation structure.
The new searches still started at the root of the hierarchies, but the
hierarchies became more and more personalized. The personaliza-
tion process increased the probability of pages that were similar to
the visited content page and decreased the probability of dissimi-
lar pages (for details see [8]). The similarity between two pages
was computed as the minimal conditional probability of the pages
[17]. Like the a priori probabilities the conditional probabilities
were taken from the server logs. For the distances of pages from
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: Translated example task with target pages. The tar-
get pages were not visible to the participants.

We defined 12 search tasks for which information could be found
in the candidate pages. A task consisted of a short description of a
specific problem of an elderly person. The users had to searchall
pages related to the problem. The topics of the tasks were chosen
after consultation of the creators of the sites. We tried to choose
problems that were realistic in the domain to get a realisticsimu-
lation of the site’s users. We defined by hand which pages werein
the target sets for the tasks. The tasks had between 2 and 12 target
pages. A example of a task description is shown in figure 2.

5.2 Experiments
To show the advantage of the information gain strategy over the
greedy strategy and the clustering based strategy we performed a
series of experiments. The three strategies were used to build hi-
erarchies on the basis of the static and the personalized probability
distributions. This resulted in five structures: a greedy structure, a
personalized greedy structure, a clustering based structure, an in-
formation gain structure and a personalized information gain struc-
ture. The structures were not built in advance, but expandedeach
time a user opened a node.

The structures were built as described in the previous sections. The
greedy structures consisted of ordered lists of pages. The most
probable pages were located at the root of the hierarchy, thenext
most probable pages at the second level etc. For the creationof
the clustering based structure we used a divisive form of k-means
comparable to the bisecting k-means algorithm of [23]. Thisalgo-
rithm split the set of pages at each level in a number of clusters.
For each cluster the best matching keyword was used as category
label. Pages that did not belong to one of the resulting categories
were placed under the ‘None of the above’ category. The similarity
measure was the same one we used for personalization in section
5.1. The clustering based structure was constructed only onthe
basis of the page similarities and did not discriminate between the
two probability distributions. The information gain hierarchies had
on each node the most informative categories.

We created an interface that allowed users to browse throughthe
hierarchy. The interface functioned as explained in section 3. The
number of links or categories on a page was set at 5, includingthe
‘None of the above’ category. This number was purposely chosen
to be quite low, so that many clicks would be required to reachthe
targets. In a perfectly balanced hierarchy 221 pages are reachable
in 4 steps. In a greedy structure the 221 pages are divided over 56
result pages.

In the first part of the experiment we evaluated the efficiencyof the
structures with simulated users. The simulated users had a set of
pages which were their target pages. They traversed the hierarchy
looking for their targets. They never went to content pages which



Method No. steps
Greedy 27.7
Personalized greedy 9.0
Clustering 15.1
Information gain 8.2
Personalized information gain4.6

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 the target pages.

were not in their target set and when a link to a target page was
available they always went there directly. When no links to target
pages were available they considered the available categories. If
one of the categories matched a target, they opened the category.
When also no relevant categories were shown, they clicked ‘None
of the above’. They kept searching until all targets were found.

We compared simulated ‘perfect’ users that always chose thecor-
rect categories with ‘imperfect’ users that sometimes followed an
incorrect path. The imperfect users sometimes chose categories
that were not related to their targets or ‘None of the above’ when
an appropriate category was presented. We did not add noise to the
content link choices, because we assumed that users could accu-
rately judge the relevance of pages from their titles.

We evaluated the real world value of the greedy and the information
gain structures in an experiment with real users. Thirteen partici-
pants were asked to perform all 12 multiple target search tasks. The
participants got only the topics of the tasks and not the setsof target
pages. Every participant used two of the four structures, one during
the first 6 tasks and another during the next 6 tasks. The orderof
the tasks and the structures was varied over the participants. We
measured the number of clicks the users needed to find the targets
and the number of relevant pages that were found.

5.3 Results
5.3.1 Simulation

Table 1 gives the average number of clicks that the simulatedusers
needed to reach their targets. All figures are averages over 25 runs.
With both probability distributions perfect users needed asignifi-
cantly1 smaller number of steps in the information gain structure
1In the simulation experiments significance is computed witha two
tailed paired t-test with a confidence level of 0.95.
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Figure 4: The average number of steps of simulated users with
various noise levels.

than in the greedy structure and the clustering structure. Personal-
ization made the greedy and the information gain strategy signifi-
cantly more efficient. With personalization the differencebetween
the two strategies is smaller, but the information gain strategy is still
49% faster. Personalization does not effect the clusteringstructure,
because the clustering strategy does not use the page probabilities.

Figure 3 shows the number of steps that were needed to reach the
various target pages. The greedy and the clustering structures pro-
vided short paths to the first targets, but the when the users searched
further the paths became very long. The path lengths in the infor-
mation gain structure were more stable.

In the next experiments we looked at the behavior of users with
various amounts of incorrect choices. The results are presented in
figure 4. In this figure a noise level 1 correspond to the valuesfound
in the keyword evaluation survey (see section 5.1). The incorrect
categories had a probability of 0.013 to be opened. The probabil-
ity of clicking ‘None of the above’ when an appropriate category
was presented was 0.36. For the other noise levels these values
were multiplied by the noise level. The efficiency of the greedy
structures is not shown. These structures do not use categories and
therefore are insensitive to the type of noise that was added.

Figure 4 shows that the efficiency of the category structuresde-
creased rapidly when the users made more mistakes. At the high-
est noise levels the path lengths become even longer than thepath
lengths in the greedy structures. The information gain structures
performed better than the clustering structure at all noiselevels.
However, the influence of the amount of incorrect choices appeared
to be much larger than the influence of the type of navigation struc-
ture. This suggest that information value is a useful criterion to
choose between categories with equally good labels, but that the
highest priority must be to given to finding categories with high
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 neededsig-
nificantly2 less steps to reach the targets than users of the greedy
structures.

2In the experiments with real users significance is computed with a
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 11.1 1.5
Personalized information gain6.9 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 gain structure
was not always clear to the participants which led to suboptimal
paths. 17% of the chosen keywords were not in the target pages’
annotations. In 7% percent of the cases in which ‘None of the
above’ was clicked, there actually was a relevant category among
the presented keywords. Because of these ‘mistakes’ the partici-
pants’ paths were much longer than the optimal path lengths mea-
sured in the previous section. However, the shorter path lengths of
the information gain structure show that even with these high noise
levels categorization can be effective.

Personalization significantly reduced the number of steps of both
the greedy and the information gain structure. In contrast to what
we saw in the simulation experiments Figure 5 shows that personal-
ization not only helped during the later stages of the search, but also
reduced the number of clicks needed to find the first target. This is
caused by the fact that the real users sometimes clicked on links
to pages that were not relevant for the task. Apparently, according
to our distance function these pages were close to the targetpages,
so that the adaptive strategies could lead the users efficiently from
these pages to the nearby targets.

We did not find large differences between the numbers of target
pages that were found. The only significant result was that users
found more targets when assisted with the personalized greedy struc-
ture than with the greedy structure. Probably users of the greedy
structure were tempted to give up when they saw that they would
have to go through the same lists of links again. With all structures
the users found very few targets. Most likely this is a consequence
of the limited interface. Many participants reported that they had
trouble judging how many relevant pages were available, because
the interface did not provide an overview of the candidate pages.
This problem is less likely to occur on real sites where more infor-
mation is available like the number of search result.

In conclusion, the simulation experiments showed that maximizing
the information gain reduces the length of the paths to the users’
target pages provided that the category labels are sufficiently clear.
The experiments with human participants show that users areable
to make effective use of keyword structures and thus need less
clicks in an information gain structure than in a greedy structure.
In this work we used a simple method to compute the page proba-
bilities, but the information gain criterion can be used without mod-
ification on top of more advanced page probability estimators. Our
findings suggest that in any case maximizing the informationgain
will effectively balance the collection and exploitation of knowl-
edge and so minimize the users’ path lengths.

6. CONCLUSION AND DISCUSSION
In a variety of domains systems create hierarchical structures for
sets of candidate pages. Search engines and recommender systems
typically return series of pages with flat lists of links. At each page
they maximize the probability of showing a target link by present-
ing the most probable candidate links. They focus entirely on using
their current knowledge about the user to determine which pages
are the most likely targets. In other words, they follow a greedy
strategy. Clustering based method do not only show links butalso
categories. However, these categories are not chosen to minimize
the users’ path lengths, but to group the most similar pages.

In this work we present a method that actively minimizes the length
of the user sessions balancing the costs of collecting more informa-
tion by showing categories against the expected gain of the extra
knowledge. Evaluation with artificial and experimental data shows
that this information gain strategy effectively reduces the users’
numbers of clicks compared to the greedy and the clustering based
strategy.

The advantage of maximizing information gain is independent of
how we estimate the probabilities that pages are targets. Inthis
work we used simple algorithms for estimating the page probabil-
ities. More advanced methods, such as the one presented in [9],
can make the estimations more accurate which leads to more ef-
ficient structures. However, these better estimations improve both
the greedy and the information gain structure. To demonstrate this
we tested structures generated on the basis of two probability dis-
tributions: a static and a personalized distribution. Experiments
showed that the extra knowledge provided through personalization
reduced the number of clicks in the greedy structure as well as the
information gain structure. Improving the estimation accuracy im-
proves efficiency but does not lessen the need for active knowledge
collection.

The number candidate pages that we used for the experiment was
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 categories
per page was also kept low. Although the theoretical advantage
categorization is independent of the size of the domain, more re-
search is needed to show the practical value of the information gain
strategy in realistic domains. We are currently incorporating the
information gain and the greedy strategy in recommender systems
that will be included in the real version of the SeniorGezondsite.
Running these systems in parallel allows us to compare the value
of the strategies in a real world application.

Until now we have not considered the order in which the links are
shown on the pages. Especially when the lists are long this isnot



realistic, because users do not always consider all available options
before clicking a link. This means that on average users needless
time to choose top ranked links than to choose links at lower po-
sitions. Greedy strategies accommodate for this phenomenon by
ordering the links according to their probability. The information
gain strategy does not currently include link order. It can present
the categories in order of probability, but how the categorization
itself should be adapted is an open issue.

The candidate pages in the evaluation were annotated with terms
from a manually created ontology. Many of the keywords in the
annotations were ambiguous so that the participants made a con-
siderable amount of suboptimal selections. We showed that de-
spite these ‘mistakes’, the categorizations chosen by the informa-
tion gain strategy shortened the users’ path lengths. However, sim-
ulation experiments demonstrated that when users make too many
mistakes presenting categories can reduce efficiency. These results
suggest that a category’s label quality is at least as important as its
information value. Consequently, in a real application oneshould
be careful only to use categories for which an adequate labelis
available. We are currently exploring possibilities to automatically
determine the quality of category labels.
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