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Abstract

The goal of one type of recommenders is to mini-
mize the number of clicks users need to reach the
information they are looking for. Recommenders
typically estimate the probability that pages contain
the user’s target information and provide the user
with links to the most promising pages. In this pa-
per we show that this greedy strategy can lead to re-
commendations that are suboptimal in terms of the
number of clicks. We present a recommendation
method which aims at gathering information about
the user’s targets rather than guessing the target im-
mediately. This method uses recommendations as
questions and clicks on links as answers. Evalua-
tion shows that this strategy leads to significantly
shorter user sessions than the greedy strategy.

1 Introduction

Perkowitz and Etzioni [2000] stated that an important goal of
a recommender is to minimize the number of clicks a user
needs to find what he is looking for. The recommenders that
are discussed in this work assist the users of a web site by
adding a fixed number of links to the requested pages. They
are part of a site and therefore restrict their recommendations
to the pages of this site. Once these systems know a user’s
goal, they can show a direct link to the target information
allowing the user to reach his goal in one click. The challenge
for these recommenders is thus to find out as fast as possible
what the user’s goal is.

When a person searches a web site to find specific infor-
mation, there is a set of pages which together provide the best
answer to his or her question. We refer to the pages in this set
as the user’s target pages'. We assume that the user’s satis-
faction with the site only depends on the number of clicks he
needs to reach his target pages.

A recommender that has no information about a user max-
imizes the probability of leading the user to a target page

*This research is supported as ToKen2000 project by the Nether-
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"Note that this notion of target pages differs from the one used in
[Spiliopoulou and Pohle, 2001] where target pages refer to all pages
whose invocation contributes to the achievement of the Sit€'s goal

directly by providing links to the most popular pages. This
strategy is followed by many systems, including [Perkowitz
and Etzioni, 2000; Zhu et al., 2003; Zhang and Iyengar, 2002;
Lin et al., 2002]. As soon as the user has clicked a link, these
systems infer that the user was interested in the chosen page.
This knowledge is used to choose the recommendations dur-
ing the rest of the user’s session. This typically means that
pages related to the visited page have a higher probability of
being recommended. For each page the probability that the
page is the user’s target page is estimated and the pages with
the highest probabilities are recommended. Throughout this
paper this strategy will be referred to as the greedy strategy.

Although the greedy strategy does maximize the probabil-
ity of showing a link to a target page at each step in the navi-
gation process, it does not necessarily minimize the length of
the path to the target pages [Someren van et al., 2004]. A bet-
ter strategy is to actively try to learn about the user’s interests,
i.e. show those links that provide most information. Compare
this to binary search: if we want to find a number between 1
and 100, the optimal strategy is not to start guessing ‘Is it
377, but to cut the range of possible numbers in two by ask-
ing ‘Is it higher than 50?°. In general the optimal question is
the one with the highest expected information gain.

A recommender can not ask questions directly, but it can
utilize its recommendations as questions and the clicks on
links as answers. For instance, in a medical domain a recom-
mender can provide a recommendation named ‘Pages related
to dizziness’. If the user clicks this link the recommender has
learned that with high probability one of the target pages is
related to dizziness. Which recommendations provide most
information depends on the number of pages of the site re-
lated to each topic and the probability that each page is a tar-
get. We call the strategy of choosing recommendations that
maximize the information gain the active learning strategy.

The active learning strategy may exploit session personal-
ization. As with the greedy strategy, information about the
user’s previous targets can be used to make more accurate
estimations about the probability that a certain page is the
user’s next target. The probability estimates influence the in-
formation values of the recommendations, so that when more
information about the user becomes available more specific
recommendations become relevant.

In this paper we explain how active learning can be used
in recommending and how it can be combined with session



personalization. We use artificial and experimental data to
evaluate the active learning strategy and the greedy strategy
both with and without personalization.

The rest of this paper is organized as follows. In section 2
we describe the problem setting. Our approach is presented
in full detail in section 3 and in section 4 it is evaluated . In
section 5 related work is discussed. The last section contains
conclusions and discusses the results.

2 Setting

Recommenders are typically extra navigation aids which
function besides other navigation means such as hierarchi-
cal menus and search engines. In this case the quality of the
recommender depends not only on the quality of the links it
adds, but also on the novelty of these links compared to the
links offered by the other navigation means. To be able to
measure the quality of a recommender independently of the
other navigation means, we use a setting in which the recom-
mender is the only way a user can navigate through the site.
At each step in the user’s navigation the recommender de-
termines completely which links are shown. This setting is
somewhat artificial, but it enables a more focused analysis of
how well a recommender helps users to reach their goals than
a more natural setting in which the recommender needs to
cooperate with other navigation means.

In our setting users receive at each step either a navigation
page or a content page. Navigation pages contain exactly five
recommendations and no other links or content. It is the task
of the recommender to choose which recommendations are
shown. A recommendation is either a link to a content page
or another navigation page. Links to content pages have the
name of the page as anchor. References to navigation pages
have anchors of the form ‘Pages related to keyword’, where
keyword is some keyword. Because the recommender can
show only a limited number of links, it can happen that none
of the presented recommendations is related to the user’s tar-
gets. Therefore, the last link of all navigation pages is named
’None of the above’. This link points to a navigation page.

Content pages contain only content and 2 links: ‘I am
done’ and ‘I want to search more information’. When a user
clicks ‘I want to search more information’, he is taken to a
navigation page. If he clicks ‘I am done’ the interaction ends.

To interpret a click on "Pages related to keyword’ the re-
commender needs to know which pages are related to the key-
word. We assume that the pages are annotated with keyword
meta tags which describe their contents. The keywords might
be added by hand by the site master or extracted automati-
cally. In section 4.1 is explained how we annotated the pages
that we used for evaluation.

3 Method

In this section we explain how we operationalize the ideas
that were sketched in the introduction. In section 3.1 we ex-
plain how we estimate the probabilities that the pages are tar-
get pages and how these probabilities are updated during the
interaction with the user. In section 3.2 we discuss how the
recommender uses the page probabilities to select the most
informative sets of recommendations.

3.1 Estimating the probabilities of pages

To compute the information value of a set of recommenda-
tions, a recommender needs to know the a priori probability
that each of the pages of the site is a target page. When noth-
ing else is known, the best it can do is to use a uniform prob-
ability distribution over all pages. However, often a recom-
mender is created for a site that has been running for some
time with static navigation means. In this case, the server
logs of the static site can be used to make a more accurate
estimation of the page probabilities by counting the number
of times each page was requested during the static period.

The a priori page probabilities are used to make recom-
mendations when a user has just entered the site. During the
course of the interaction between the user and the site the re-
commender collects information about the user’s targets. This
information is used to update the probabilities that pages are
the user’s targets. For instance, if the user clicks a link named
‘Pages related to dizziness’ the recommender increases the
probability of all pages related to dizziness and decreases the
probability of the other pages.

The recommender decreases the probabilities of pages
which are not annotated with the chosen keyword, but does
not set their probabilities to zero. Even if the keyword anno-
tations are chosen carefully, it can happen that a user finds a
page unrelated to a keyword that is present in the page’s an-
notation or find a page related to a keyword that is not present
the annotation. Consequently, the recommender should not
exclude the probability that the user’s target is a page which
is not annotated with the keyword that the user has clicked.

To compute how much the probabilities must to be adjusted
when a user clicks a link, we make the following definitions:

e ¢, is the fact that the user clicks on ‘Pages related to w’
® a,, is the set of pages annotated with keyword w
e ¢ is the fact that the user clicks on ’None of the above’

e qy is the set of pages that are not annotated with one of
the presented keywords

e P;(a) is the estimation made in interaction step ¢ of the
probability that at least one of the pages in set a is a
target.

If in interaction step ¢ the user clicks ‘Pages related to w’,
we increase the probabilities of the pages annotated with w:

PiJrl(aw) - ]Di(aw|cw)

Similarly, if the user clicks ‘None of the above’, we increase
the probability of all pages that are not annotated with one of
the presented keywords:

P 1(ap) = P;(aolco)

In both cases the probabilities of the remaining pages are de-
creased, so that the probabilities sum up to 1 again. Note that
a click on a keyword is not understood as negative choice for
the other presented recommendations.

Because it is hard to estimate the values of P;(a.]|c, ) and
P;(ap|co) we use the following equation:

Pi(cw|aw)Pi(aw)
Pi(cw|aw)Pi(aw) + Pi(cw|=aw) Pi(-aw)

Pi(aw|cw) =



A similarly equation holds for P;(ag|cp). The values of
P;(ay) and P;(ap) follow directly from the page probabili-
ties. In section 4.1 is explained how we estimate P;(cy|aqy ),
Pi(cw|—aw), P;(colag) and P;(co|—ag).

Per sonalization within a session

In the previous paragraphs we explained how the probabilities
of the pages change when a user clicks a link. Now, what
happens when the user reaches a target page? One option is
to reset all page probabilities and start a new search for the
next target. However, it is very likely that the target pages of
a user are related. In other words, the choice for one page
tells us something about what the next target might be.

To be able to exploit the dependency between target pages,
we again use the server logs of the static site to estimate the
conditional probability that some page is a target provided
that another page is a target. The minimal conditional prob-
ability [Perkowitz and Etzioni, 2000] of two pages is used to
compute a distance between the pages. If d; and ds are pages
and P, is the a priori probability distribution then the distance
between d; and do, dist(dy,d2) is defined as:

1
min(Po(d1|d2), Po(dz|dy))

At the start of the search for the first target page the a priori
page probabilities are used. When one or more target pages
have been found, the a priori probabilities of the other pages
being the target page are adapted. The adapted probabilities
are the starting point for the search for the next target.

We use a linear update function to compute the probability
that a page is a target given the set of targets that are reached
so far. When a user reaches a target page in step ¢, the proba-
bility of a page d in step i+1, P;+1(d), becomes:

dlSt(dl y d2) =

0

Pi1(d) = Bo(d|T) = (Po(d) + E{teT}m)/C
Here P is the a priori probability distribution, 7" is the set of
target pages reached so far, § is a parameter which determines
how much the probabilities are updated and c is a normal-
ization constant. Through this mechanism pages which are
related to a reached target page are assigned a higher prob-
ability than unrelated pages. Recommending pages on the
basis of the updated probabilities is a form of within-session
personalization. We call recommenders which use this form
of personalization personalized recommenders.

3.2 Sdection of recommendations

Once a recommender has estimated the page probabilities, it
can choose a set of keywords and links to pages to recom-
mend to the user. As stated in the introduction the (person-
alized) greedy recommender always recommends the links to
the pages with the highest probabilities. In contrast, the (per-
sonalized) active learning recommender selects the most in-
formative recommendations. This recommender treats links
to pages the same as keywords. It considers links as keywords
which are associated with exactly one page.

In theory the optimal recommendation strategy for the ac-
tive learning recommender can be determined completely.
With the page probabilities computed in section 3.1 we can

compute the probability that a user is looking for a page re-
lated to a certain recommendation. If we make the assump-
tion that users click with some probability on recommenda-
tions related to their goal pages, we can compute the proba-
bility that a recommendation is clicked when it is presented
to the user. We can write down all possible navigation traces
for all possible recommendation strategies and compute the
probabilities of the traces. Now the recommender can select
the recommendation strategy with the shortest expected path
length.

This strategy always results in the optimal path lengths,
but unfortunately it is not tractable in practice. We need a
more efficient keyword selection algorithm, because all com-
putation must be done while the user is waiting for his page.
We can not compute in advance which recommendations are
shown to the user in each step of the interaction, because
the choice of the recommendations depends on all previous
choices of the user and the number of possible choices grows
exponentially with the lengths of the sessions. We can pre-
compile some frequently visited paths, but for users who fol-
low less typical paths the selection needs to be done online.

To deliver recommendations in reasonable time we need
to estimate how much information a particular set of recom-
mendations will give us without going through the entire in-
teraction tree. A measure which does exactly this is the in-
formation gain [Quinlan, 1986]. The information gain of a
question is the difference between the number of bits of infor-
mation needed to determine the target before and after asking
the question. The expected information gain, /G, of a set of
recommendations L is given by:

IG(L) = H(P) = Xqery(p(l) « H(P|I))

Here P is the current probability distribution over the set of
pages D and H(P) gives the entropy of P. H(P|l) is the
entropy of the probability distribution after link [ has been
chosen. H(P) is given by:

H(P) = =3{4epy( P(d) log(P(d)))

The information gain criterion allows us to estimate how
much a set of links will shorten the path length without con-
sidering all possible continuations of the interaction. Unfor-
tunately, this still does not make the problem tractable. If the
number of links that the recommender can present in a navi-
gation step is n and the total number of possible recommen-
dations is k, then the number of possible link sets is n*. Since
the computation must to be done online, heuristics are needed
to reduce the number of link sets which are considered.

As a first filter we throw out keywords with a very small
probability of being chosen. If a keyword is associated with
only one page it is obviously better to provide a direct link
to the page than to show the keyword. Therefore, we com-
pute for each keyword the probability that a target page is
annotated with the keyword and throw out all keywords with
a probability smaller than the average page probability.

We compare two heuristics for finding the best set among
the recommendations that remain after filtering. The first
heuristic uses hill climbing. It computes the information
gain of all link sets with one recommendation. The n re-
commendations with the highest information gain are used as



start set (n is the allowed number of presented recommenda-
tions). One recommendation from the start set is exchanged
for another recommendation. 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 of recommendations is presented
to the user. Henceforth, this method will be referred to as
Hillclimbing- N, where N is the maximum number of steps.

The second heuristic starts with items with a high informa-
tion gain and uses these items to grow larger link sets. We
call this method Grow-/N, where N is the size of the start set.
It starts with computing the information gain of all link sets
with one recommendation. It takes the N recommendations
with the highest information gain and places them as single-
ton sets in a super set called the grow set. Then it repeats the
following steps until the sets in the grow set have the desired
length: (1) the grow set is replaced by a set consisting of all
unions of sets from the grow set that have all but one items
in common. (2) Of all sets in the grow set the expected infor-
mation gain is computed and the NV sets with the highest gain
are retained. Once the sets in the grow set have the right num-
ber of recommendations, the set with the highest information
gain is presented to the user.

Both methods have their limitations. By using only the
N highest recommendations, Grow-/N excludes recommen-
dations which do not have a high information gain in isola-
tion, but are useful in combination with others. Hillclimbing-
N does have access to all recommendations, but is like all hill
climbing methods at risk of ending in a local maximum. In
the next section we evaluate the effects of the heuristics on
the path lengths and the computation time.

4 Evaluation

4.1 Tedt site, keywords and parameter settings

We evaluated the recommendation strategies on the combined
set of pages of two Dutch web sites for elderly people: the
SeniorGezond site? and the Reumanet site*. Both sites were
developed by The Netherlands Organization for Applied Sci-
entific Research (TNO) in cooperation with domain special-
ists from the Geriatric Network and the Leiden University
Medical Center. SeniorGezond contains information about
the prevention of falling accidents. Reumanet contains infor-
mation about theumatism. The sites have very similar struc-
tures: they consist of a set of short texts describing a partic-
ular problem or product and a hierarchically structured navi-
gation menu. The menu provides information about the rela-
tions 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 209 unique pages remained, each
consisting of a title and some flat text.

Server logs of five months were used to estimate the a
priori and conditional probabilities of the pages. Because

2http://www.SeniorGezond.nl/
3http://www.Reumanet.nl/

Parameter | Value
Pi(cylay) | 0.60

P;(¢w|mayw) | 0.013
H(Co|a0) 0.95
H(Co|ﬁa0) 0.36

Table 1: Parameters setting used for updating the page prob-
abilities.

the logs did not contain information about the distances be-
tween the pages of different sites, these distances were esti-
mated from the content. We used the tf.idf score [Salton and
McGill, 1983] to compute the word similarity between two
pages from different sites.

We annotated the pages with a number of keywords by
means of a hand made domain specific ontology consisting
of 800 terms or phrases and a broader term - narrower term
hierarchical relation. We counted for each text and each term
in the ontology the evidence that the term was a keyword for
the text: the number of times the term or one of its descen-
dants appeared in the text. We annotated pages 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 WordNet*. On average each page was
associated with 8.1 keywords, with the minimum number of
keywords being 1 and the maximum 30.

To see how much users agree on the keyword annotations,
we evaluated the association between the pages and their key-
words separately. We had 10 participants read 12 texts and
answer 85 questions about these texts. In each question the
participants had to choose the word that fitted the text best
among 4 keywords or answer that none of the words was ap-
propriate for the text.

We found that on average in 60% of the 85 questions the
keyword from the page’s annotation (the ‘correct keyword’)
was chosen. In 36% of the questions the participants chose
"None of these categories’ and in only 4% of the questions
the participants chose a keyword that was not in the our an-
notation (an ‘incorrect keyword’).

Another interesting finding was that there was 80% agree-
ment between the answers of the various participants. This
suggests that it is possible for a recommender to learn the
associations between pages and keywords from the server
logs. This allows a recommender to automatically improve
the page annotations. We plan to explore this idea further in
the future.

We use the figures found in the keyword evaluation as indi-
cations for the probabilities that users will click certain links
(see section 3.1). The probability that a user clicks on a cor-
rect keyword when there is one, P; (¢, |a.), is set equal to the
fraction of the questions in which the correct keyword was
chosen (0.60). We approximate the probability that an incor-
rect keyword is chosen as % * 0.04 = 0.013, because there
were 3 incorrect keywords in our multiple choice questions.
Assuming this probability is independent of the presence of
a correct keyword P;(c,|—a,,) is also set to 0.013. In our

*http://www.illc.uva.nl/EuroWordNet/



experiment the probability of clicking ‘None of the above’
when there was a correct keyword (P;(co|—ag)) was 0.36.
The probability of clicking ‘None of the above” when there is
no correct keyword (P;(colap)) is set to 1—(4x0.013) = 0.95,
because this is the same as not clicking one of the four incor-
rect keywords. Table 1 summarizes the probabilities.

4.2 Evaluation of the recommendation strategies

To show the advantage of active learning over greedy re-
commending we implemented both strategies with and with-
out personalization. This resulted in four recommenders: a
greedy recommender, a personalized greedy recommender,
an active learning recommender and a personalized active
learning recommender. For the personalized recommenders
the update parameter § was set to 0.1.

In the first part of the experiment we evaluated the recom-
menders on simulated user behavior. Each simulated user had
a set of pages which were the target pages. The simulated
users never went to content pages which were not in their tar-
get set and when a link to a target page was available they al-
ways went there directly. When no links to target pages were
available and a keyword from the target pages’ annotations
was shown, they clicked on the keyword. When also no rele-
vant keywords were shown, they clicked ‘None of the above’.
To account for the fact that users can disagree about the rele-
vance of keywords we added some noise to the users’ choices:
each presented keyword that was not in the target pages’ an-
notations, had a probability of « of being clicked. When there
was a keyword from the pages’ annotations there was a prob-
ability of (3 that the user clicked ‘None of the above’. We set
a 10 0.013 and 3 to 0.36 as these were the values found in the
keyword evaluation experiment (see section 4.1).

Three sets of experiment were performed. The first exper-
iments were simulation experiments. We compared the two
keyword selection heuristics and selected the best perform-
ing heuristic to be used in the rest of the experiments. In the
second set we evaluated the greedy and the active learning re-
commender on simulated users that performed a set of search
tasks. In addition, with these experiments we assessed how
realistic the search tasks were. In the third experiments we
evaluated the real world value of the recommendation tech-
niques by asking human users to perform the search tasks.

Keyword selection heuristics
First, we compared the performance of the various keyword
selection heuristics. In these experiments every page was one
time the single target page. We measured how many steps
the simulated users needed to reach the target pages when
assisted by each of the recommenders and the average time
it took the recommenders to create the link sets. The results
are given in Table 2 and Figure 1. All figures are averages
over 4 runs. The presented times should be interpreted only
in comparison to each other, as the exact numbers are highly
dependent on the computational power of the computer.

For both heuristics the table shows a trade-off between
computation time and the number of clicks. Increasing the N
parameter led to significantly’ shorter path lengths, but also

>In the simulation experiments significance is computed with a
one tailed paired t-test with a confidence level of 0.95.

Method No. steps  CPU time
Hillclimbing-50 8.4 3.0
Hillclimbing-100 8.2 3.6
Hillclimbing-250 8.1 5.1
Hillclimbing-500 7.4 8.9
Hillclimbing-1000 | 7.4 14.4
Hillclimbing-2500 | 7.5 24.5
Hillclimbing-5000 | 7.1 252
Grow-5 9.5 29
Grow-10 8.2 3.7
Grow-20 8.5 6.0
Grow-30 7.4 9.7
Grow-50 7.8 21.1
Greedy 14.8 0.0

Table 2: The weighted average number of steps of simulated
users and the weighted average computation time in seconds
on the single target tasks.

11

"Hillclimbing-N ——
Grow-N  ——x—

10

Number of clicks

0 5 10 15 20 25 30
Computation time

Figure 1: The weighted average number of steps of simulated
users against the weighted average computation time in sec-
onds on the single target tasks.

significantly longer computation times. Apparently, consid-
ering more sets of recommendations leads to better recom-
mendations. The figure shows that in the same amount of
time the Hillclimbing-N heuristic found better recommenda-
tion sets than the Grow-N heuristics, but this difference is not
significant. On the basis of these findings we chose to use
in rest of the experiments Hillclimbing-100 as the keyword
selection method of the active learning recommender and the
personalized active learning recommender.

Simulated search

For the second experiment we defined 12 search tasks with
multiple targets. Each task consisted as a short description
of a specific problem of an elderly person. The users had to
search all 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 realistic simulation of the site’s users. For the simulation
we defined by hand which pages were in the target sets for the
tasks. The tasks had between 2 and 12 target pages. We simu-
lated users who performed the tasks while they were assisted
by one of the four recommenders. Table 3 gives the average
number of clicks the users needed to reach their targets. All
figures are averages over 10 runs.

The table shows that the active learning strategy led to sig-



M ethod | No. steps
Greedy 27.7
Personalized greedy 19.4
Active learning 12.1

Personalized active learning | 8.5

Table 3: The average number of steps of simulated users on
the multiple target tasks.
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Figure 2: The average number of clicks that simulated users
needed to reach each of the target pages of the multiple target
tasks.

nificantly lower numbers of clicks than the greedy strategy.
This holds for both the personalized and the non-personalized
versions of the recommenders. Within-session personaliza-
tion significantly improved the recommendation strategies by
increasing the accuracy of the page probability estimates.
However, this improvement did not diminish the effect of
active learning. This suggests that active learning can al-
ways improve recommending regardless of the accuracy of
the page probabilities.

Figure 2 shows the number of steps the recommenders
needed to guide the simulated users to the various target
pages. During the search for the first target the personalized
recommenders had no advantage over the non-personalized
recommenders, but once a target page was found the per-
sonalized recommenders guided the users faster to the sub-
sequent target pages than the non-personalized versions. The
greedy recommenders efficiently guided the users to the first
(most popular) targets, but needed many steps when the users
searched further for less frequently visited pages. The perfor-
mance of the active learning recommenders was more stable.

Since the performance of the recommenders strongly de-
pends on the targets of the users, the shapes of the lines in
figure 2 tell us something about how realistic the tasks were.
The first observation we make is that the line of the greedy
recommender is roughly linear and goes from 9 to 48 steps.
Apparently, the tasks contain pages that range from very pop-
ular to very specialistic. Second, adapting the page probabili-
ties on the basis of the distance between the pages only works
when the behavior of the current users is somehow similar to
the behavior of the previous users. That this is indeed the
case confirms that the tasks were similar to the problems of
the real users of the site. Finally, we notice that the person-
alized greedy recommender had relatively long paths to the

M ethod | No. steps  No. targets
Greedy 17.8 0.9
Personalized Greedy 9.8 1.7
Active learning 11.1 1.5
Personalized active learning | 6.9 1.4

Table 4: The average number of steps and the average number
of targets that were found by real users on the multiple target
tasks.
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Figure 3: The average number of clicks that real users needed
to reach the target pages of the multiple target tasks.

later target pages. Apparently, some of the tasks with many
target pages included pages that were at a large distance from
the other target pages. This means that either the longer tasks
were somewhat atypical or the real users with the correspond-
ing problems did not find all relevant pages. All taken to-
gether, the tasks seem to be neither completely stereotype nor
extremely abnormal. Therefore we believe that they realisti-
cally reflect the problems of the real users of the site for which
the recommenders are designed.

Human search
To see whether real users are able to make use of the keyword
recommendations, 13 participants were asked to perform all
12 multiple target search tasks. The participants got only the
topics of the tasks and not the sets of target pages. Every par-
ticipant was assisted by two recommenders, by one during the
first 6 tasks and by another during the next 6 tasks. The order
of the tasks and the recommenders was varied over the partic-
ipants. We measured the number of clicks needed to find the
targets and the number of relevant pages that were found.
Table 4 and Figure 3 show the results of the experiments
with real users. Users assisted by the active learning recom-
menders needed significantly® less steps to reach the targets
than users assisted by greedy recommenders.
Personalization significantly reduced the number of steps
of both the greedy and the active learning recommender. In
contrast to what we saw in the simulation experiments Fig-
ure 3 shows that personalization 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

%In the experiments with real users significance is computed with
a one tailed t-test with a confidence level of 0.95.



distance function these pages were close to the target pages,
so that the adaptive recommenders could lead the users effi-
ciently 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 person-
alized greedy recommender than with the greedy recommen-
der. Probably users of the greedy recommender were temped
to give up when they saw that they would have to go through
the same lists of links again. With all recommenders 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 the site contained,
because the interface did not provide an overview of the con-
tents of the site. This problem is less likely to occur on real
sites, where besides recommenders also hierarchical menus
or site maps are present.

In conclusion, the simulation experiments show that active
learning reduces the length of the paths to the users’ target
pages. The experiments with human participants show that
users are able to make effective use of keyword recommen-
dations and thus need less clicks when assisted by an active
learning recommender than by a greedy recommender. In this
work we used a simple method to compute the page probabil-
ities, but active learning can be used without modification on
top of more advanced page probability estimators. Our find-
ings suggest that in any case active learning will effectively
balance the collection and exploitation of knowledge and so
minimize the users’ path lengths.

5 Redated work

McGinty and Smyth [2003] argue that always presenting the
pages with the highest probability can cause a recommen-
der to get stuck in an uninteresting part of the page space.
They overcome this problem by uniformly spreading the re-
commendations over the page space when the recommender
seems to be making no progress. At each step the recom-
mender either maximizes the probability of recommending a
target or aims at collecting new information. The recommen-
der that we present in this work does not have to make this
choice. The information gain criterion automatically spreads
the recommendations more when little is known about the
user and less when more information becomes available.

Dasgupta et al. [2002] discuss the problem of selecting a
set of items (pages) for which a user will be asked to pro-
vide a rating. The ratings are used to find a user profile which
matches the interests of the current user. The algorithm has
to minimize the number of ratings needed to find a match-
ing profile. The authors give an optimal worst-case upper
bound for the number of items needed. The item selection
task is closely related to the recommendation task, as in both
cases one has to select the items that provide most informa-
tion about the users’ interests. For now the upper bound is
only specified for the case in which single items are rated, but
it would be interesting find a similar upper bound for the sit-
uation in which one can ask questions about groups of items
by presenting keywords.

Smyth and Cotter [2002] present a method to minimize the

number of clicks needed by WAP users. The system automat-
ically adapts the hierarchical menu which WAP users need
to traverse to reach content pages. Menu items with a high
probability of being chosen are moved to a higher position in
the hierarchy, while less used items are hidden deeper in the
menu. Smyth and Cotter’s system differs from our method
in that it can only change the positions of the items in the
menu. It does not choose which items appear in the menu.
Furthermore, their system only takes into account the prob-
abilities that items are chosen and not the information gain
of the items. As a result, the items high in the menu do not
necessarily discriminate well among the popular target pages.

Other application areas in which users’ clicks are said to
be minimized are the automatic construction of web directo-
ries and the automatic clustering of web search results. In
both areas large sets of web pages are clustered to allow users
to browse through the information more efficiently. Web di-
rectories are static hierarchies of clusters of a selected set of
web documents. Web search result clustering happens on-
line after a search engine has retrieved a set of documents
matching a user’s query (e.g. [Zamir and Etzioni, 1999;
Osdin et al., 2002; Hearst and Pedersen, 1996]). In these ar-
eas the clusters are formed in such a way that the documents
in a cluster are closely related in terms of content or usage.
To our knowledge no attempts have been made to optimize
the clusters from an information theoretic perspective.

Golovchinsky [1997] presents a method to create in text
links in retrieved documents. When the links are clicked the
words around the anchor term are used to expand the search
query and retrieve a new set of documents. The inverse doc-
ument frequency (idf) of terms is used to find terms that ‘dis-
criminate well among documents in a collection’. Terms with
a high idf score occur in very few documents. As a conse-
quence, the links created in this way result in a high informa-
tion gain when they are clicked, but have a low probability of
being clicked. Therefore, they do not maximize the expected
information gain. Another difference between Golovchin-
sky’s approach and the one presented here, is that Golovchin-
sky chooses the links independently. In other words, he
chooses the set of best scoring links instead of the best scoring
set of links. This can lead to redundant links when multiple
links point to (almost) the same set of documents.

6 Conclusion and discussion

Many recommender systems implicitly or explicitly aim at
minimizing the number of clicks that users of web sites need
to find their target information. However, most of them in fact
do not directly minimize the number of clicks, but maximize
the probability of recommending a target page at each step.
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.

In this work we presented a recommendation method that
actively minimizes the length of the user sessions balanc-
ing the costs of collecting more information about the user
against the expected gain of the extra knowledge. Evalua-
tion with artificial and experimental data shows that this ac-
tive learning strategy effectively reduces the users’ numbers



of clicks compared to the greedy strategy.

The advantage of active learning over greedy recommen-
ding is independent of the way we estimate the probabilities
that pages are targets. The recommenders in this work used a
simple algorithm for estimating the page probabilities. More
advanced methods can make the estimations more accurate
which leads to more tailored recommendations. However,
these better estimations improve both the greedy and the ac-
tive learning strategy. To demonstrate this we implemented
a within-session personalization method on top of both re-
commenders. Experiments show that the extra knowledge re-
duced the number of clicks of the greedy recommender as
well as the active learning recommender. Thus, improving
the estimation accuracy does not lessen the need for active
knowledge collection.

Until now we have assumed that the links added by the re-
commender were the only navigation means available to the
users. This is not a natural situation since web sites generally
also have an extensive network of static links. In this situa-
tion the user does not always click on a recommended link,
so that the questions asked by the recommendations are not
always answered. The active learning recommender should
take this possibility into account when formulating its recom-
mendations. We are planning to add this feature to the active
learning recommender. The extended recommender will be
included in the real version of the SeniorGezond site to as-
sess the benefits of active learning in a real world application.

Another extension that we are currently working on in-
volves the order in which the target pages are recommended
to the user. In [Hollink et al., 2005] we showed that when
users do not know exactly what they are looking for, they first
need to read more general pages, before they can fully appre-
ciate more specific information. The active learning recom-
mender helps this users best if it starts asking question about
the users’ problems before guiding them to specific solutions.
This can be accomplished by utilizing an asymmetrical func-
tion for the dependencies between target pages instead of the
minimal conditional probability that was used here.

The pages of the evaluation sites were annotated with key-
words prior to recommending. Since automatically generated
annotations can contain mistakes, it is useful to automatically
improve the annotations during recommending. Our exper-
iments show that users agree to a large extent about which
keyword apply to which pages. This suggests that it is possi-
ble to learn the annotations from the server logs.
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