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ABSTRACT

In this paper we present a framework analysis for managing
the feedback explicitly given by visitors of a Web site. We
introduce the concepts of scope, filtering, and relevance pro-
files for managing users’ feedback, and show their applica-
bility by using Gugubarra as a reference system, a prototype
developed by DBIS at the Goethe University of Frankfurt,
for creating and managing user profiles of Web visitors.

Categories and Subject Descriptors

J.4[SOCIAL AND BEHAVIORAL SCIENCES]: Eco-
nomics; H.3.4 [ INFORMATION STORAGE AND RE-
TRIEVAL]: Systems and Software— User profiles and alert
services

General Terms

Management, Design

Keywords
Web User Profiles, Explicit User Feedback, Gugubarra.

1. INTRODUCTION

An important issue in the management of a Web-based
user community, where users are registered to a Web portal,
is to identify patterns of users’ interest. In this context, the
users’ feedback plays a major role.

In this paper, we present a framework analysis for man-
aging the feedback explicitly given by registered visitors of
a Web site. We use as a reference system, Gugubarra [14],
a prototype system developed by DBIS at the University of
Frankfurt, for analyzing the interests of Web site users.

The rest of the paper is structured as follows: Section 2
recalls the basis concepts of Gugubarra that will be used in
the rest of the paper. Section 3 presents the main contri-
bution of this paper, our framework for managing explicit
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user feedback. Section 4 presents a simple example of use
of such framework. Section 5 outlines some problem areas
where our approach could be applied. Section 6 presents
related work. And finally Section 7 presents the conclusions
and outline future work.

2. GUGUBARRA AND USER PROFILES

We recall briefly in this section the main concepts of Gugu-
barra which will be used in the rest of the paper.

Gugubarra [14], [6], is a prototype system developed by
DBIS at the Goethe University Frankfurt, with the goal to
help the owner/manager of a Web site, to better understand
the supposed interests of users registered to his Web site.

Gugubarra generates for each registered user two profiles
which collect data related to the user:

An Obvious Profile, (OP), which stores the data explicitly
given by a user, e.g. name, age, address, e-mail address,
etc., for example during the initial registration process and
by any updates later on.

A Non-Obvious Profile, (NOP), which stores behavioral
data not explicitly given by the user, but automatically cre-
ated by analyzing the user behavior on the Web site.

The behavioral data stored in the NOP indicates, e.g.,
which pages a user has visited, and which actions he has
performed on that Web page. Most of this information is
extracted out of the Web server log, but Gugubarra has re-
fined the common click-stream analysis [17], [9], by extend-
ing it with new concepts, namely: zones, topics, actions, and
weights [6], [5]. We describe these concepts briefly here.

A zone consists of one or more Web pages, or a set of parts
of a Web page. For each zone a list of topics is defined, which
describe the content of the zone.

Each topic in turn, has an associated weight. Topic weights
are defined by the owner of the Web site and are used to de-
fine the “relative importance” of the given topic with respect
to the zone where the topic is defined.

For each zone, a set of actions that can occur in that zone
are defined. Clicking a link, downloading a file are exam-
ples of possible actions. Each action has also an associated
weight, which indicates the relative importance of the spe-
cific action in the context of the zone where the action can
occur.

The calculation of a NOP for a user u,, at a given time
tn, with respect to a topic T}, is automatically computed by
Gugubarra using the following formula:

NOP,

Um s

o (Ti) = a* ActP(T;) + b+ DurP(T;) (1)



where ActP is the so called Action Profile and DurP is
the so called Duration Profile.

In the calculation of the NOP, we can decide how impor-
tant are actions (expressed by the Action Profile) and time
duration (expressed by the Duration Profile), by setting the
two parameters a and b in the formula. We can assign values
between 0 and 1 to a and b, with the condition that their
sum must be 1.

An Action Profile takes into account the activities a user
has performed on a given zone with respect to a topic, and
it is defined with the following formula:

> (O awe = v(Ti, Z,))

ActP(T)) = v

(2)

For each zone Z,; with topic Tj, the associated topic weight
v is multiplied with the sum of the weight of all actions aw;
that occur in that zone. The result is then normalized by
the sum of the weights of all occurred actions. This is in
order to normalize the results and obtaining values between
0 (no interest) and 1 (max. interest) for the specific topic
T;.

A Duration Profile computes the supposed interests of a
user, for a topic T; taking into account the time (duration)
spent by the user on the page, which contains the topic, and
it is calculated as follows:

Z]. (duration(Pj) = v(T;, Pj))

DurP(T;) = -
urP(T3) >, duration(Py)

(3)

For a topic T;, we sum up the weights of the topic T; in
all pages for the zones that contain the topic T;. The result
is then multiply with the time the user has spent on each
page. Finally, the result is normalized by dividing it by the
total time the user spent on the Web site.

Technically, all NOP-profiles are vectors, and store the
supposed interest of each user u,, related to a topic T; at
time t,,. Each row contains the calculated interest rate of the
user for a topic. The values of the interest rate are between
0 and 1, while 1 indicates high interest and 0 indicates no
interest for a topic.

Figure 1 displays an example of a NOP, where we calcu-
lated the data for a user based on his behavior, showing a
supposed low interest in topic Ty (0.3), high interest in topic
T> (1.0), and no interest in topic T5, (0.0).

0.3 T
NOPum,tn = 1.0 — T
0.0 — Ty

Figure 1: NOP for a user u,,, defined for three topics
Tl, TQ, and T3.

3. A FRAMEWORK FOR MANAGING
EXPLICIT USER FEEDBACK

In this section, we consider the problem of how to man-
age explicit user feedback. We also look at the notion of
consistency, that is, to what extent the behavior of a user

(expressed by his NOP) differs from his declaration of inter-
est given with an explicit feedback.

We assume that a user is willing to give a feedback, indi-
cating values associated to a list of topics. This is obviously
not the only way for a user to give an explicit feedback,
but this method will be used for simplicity in the rest of
this paper. We are aware of the limitations of explicit user
feedback as indicated in [10], where studies of eBay’s reputa-
tion system have shown the difficulty to elicit user feedbacks
without some sort of incentive.

In the literature (see Section 6, Related work), a user feed-
back is often used in the field of information retrieval for
ranking search results to predict user preferences, but not,
as in this paper, in the context of integrating the feedback
in the user profile independent from a search.

In the rest, we assume that a user is aware and has given
permission that a Non-Obvious Profile (NOP) is generated
automatically and is kept for him.

3.1 User Feedback Profile

We assume we ask a user for an explicit feedback (see
Step 3. below), by asking the user to define his interest
with respect to a set of predefined topics, giving a numerical
value between 0 and 1 for a each topic: with 0 indicating no
interest, and 1 indicating much interest for a specific topic
T;.

To capture this user information, we define a Feedback
Profile as a vector, similar in structure to a NOP. Figure
2 shows an example of such Feedback Profile, for the same
user u,, and for the same three topics, 11, T5, and T3.

1.0 ~— T
FP,,, ¢, = 0.5 T,
0.0 < T3

Figure 2: FP for user u,,, defined for three topics
T1, TQ, and T3.

We can see from the example, that the user has given as a
feedback different interest values for T, T>, while confirming
the no interest in 753. We assume in the rest, that we cap-
ture the explicit feedback given by a user in his associated
Feedback Profile.

Our framework for managing explicit user feedback for a
community of registered users of a Web site is composed of
several steps:

Step 1: Definition of a Scope

Step 2: Definition of a Filter

Step 3: Obtaining Explicit Users Feedback

Step 4: Filtering the User Feedbacks

Step 5: Clustering

Step 6: Consistency check

Step 7: Interpreting the results of the consistency check

Each step is detailed in the rest of this section.



3.2 Scope and Filter for Users’ Feedback

Step 1: Define a scope for the users’ feedback.
The meaning of this initial step is to analyze for which users
and for which topics (scope) we want to take into consider-
ation the users’ feedback. With this step we define a scope,
that is, we set a cluster of users, and a cluster of topics for
which we apply the filtering (Step 2.) of the user feedback.

A cluster of users can be defined in different ways: e.g.
based on their behavioral patterns, and/or based on the user
personal data, etc. No matter how the cluster of users is
defined, we impose the condition that a cluster of users has
at least one user in it. In the extreme case it may contain
all registered users.

A cluster of topics can also be defined in different way:
e.g. giving a priority list to the list of topics defined for the
Web site, and/or taking into account a possible hierarchy or
classification of topics, etc. Here we assume for simplicity
that a cluster of topics is a subset of the list of all topics
defined for a Web site, and we allow that such cluster may
contain no topics.

Step 2: Define a filter.

In order to define the relative importance of a user feedback,
we introduce in this step the notion of a filter, as a function
f, which results in a value between 0 and 1. If the result
value of f is near to 1, then the user feedback has a sub-
stantial influence for the associated cluster of users and/or
topics.

While a low value of f, close to 0, decreases the influence
of the user feedback. With f = 0, the user feedback is not
taken into account for the associated cluster of users and/or
topics.

With f, we decide here how much impact the user feed-
back should have for a given cluster of users and/or topics.
We call this step filtering.

f is a function defined for a scope, that is a given cluster
of users and a given cluster of topics, resulting in an integer
between 0 and 1:

f(Clustery,, Clusterr;) — between 0 and 1 (4)

v

~~
scope S;

We can apply the same function f with different resulting
values to different input scope, i.e. Cluster,; and Clustery;.
This is a flexible way to handle user feedback.

For example, if the Cluster,,; contains all registered users,
then the same filter is set for all users, that is, we treat the
feedback in the same way for all users.

But, if the Cluster,,; contains a subset of all registered
users, this means we apply the specific filter value only for
the users who belong to the input cluster. If we want to
treat the feedback of users belonging to another cluster in
a different way, we simply apply the filter with a different
return value to them.

Moreover, if we want to handle in a special way the user
feedback related to a specific set of topics, we simply group
the topics in a cluster and apply a specific filter value. In
this way, we can for example decide that the users feedback
related to a specific topic T4 is more important (or less im-
portant), than the one given for another topic 5.

3.3 Obtaining Explicit User Feedback

For Step 3, the process of obtaining an explicit user feed-
back may vary. In this paper, for simplicity we restrict our
attention to three cases:

i. The user is presented a set of topics 71...T;, and it is
asked to give feedback by indicating a number between
0 (no interest) and 1 (very interested) for each topic
in the list. The user feedback is then stored as it is, in
a Feedback Profile, FP, associated to the user.

ii. The user is first showed the value of his automati-
cally calculated Non-Obvious Profile for a set of topics
T:...T;, and then it is asked to give a feedback indi-
cating a number between 0 (no interest) and 1 (very
interested) for each topic in the NOP. The user feed-
back is then stored as it is, in a separate Feedback
Profile, FP, associated to the user.

iii. The user is presented with his last Feedback Profile
(FP) for a set of topics T1...T;, and it is asked to give a
feedback, indicating a number between 0 (no interest)
and 1 (very interested) to each topic in the FP. The
user feedback’s feedback is then stored as it is, in the
Feedback Profile, FP, associated to the user.

It is not in the scope of this paper to discuss the different
semantics and implications of these different ways of solicit-
ing users’ feedback. We plan to study this research issue in
a forthcoming paper.

3.4 Filtering the Users Feedback

With Step 4: Applying the scope and filter to the users
feedback, we consider the scope and the filter set for it, and
we create for each user who has given a feedback and for
which we have a NOP, a new profile called Relevance Pro-
file (RP). A Relevance Profile is a vector containing values
between 0 and 1.

The process of applying the scope and filter to the users
feedback works as follows:

At a given time ¢, given a scope S; defined by a cluster
of users Cluster,;, and a cluster of topics Clusterr,, and a
filter f; for it. For each user u,, belonging to the scope Si,
and given a set of topics Tj, also belonging to the scope S,
we create a Relevance Profile for the user u,,, related to the
topics T}, using the following formula:

_ NOP,,, 1, (T;) + fi(Si) * FPy,, +, (T})
N a+b+ fi(Si)

RPy,, 1, (T:) ©)

RP is calculated by integrating the two available profiles
for the user: the Non-Obvious Profile (NOP), which is au-
tomatically calculated, based upon the behavior of the user
(i.e. his Action Profile and his Duration Profile), with the
explicit feedback given by the user indicated in his Feedback
Profile (FP), and filtered f; to the relevant scope S;.

In the formula, RP sums up the NOP applying the filter
to FP, and it is normalized to obtain values between 0 and
1, which corresponds to the domain of the NOP.

After this step, we have for each registered users who has
given a feedback, besides a NOP and FP also a Relevance
Profile (RP). The benefits of RP is that it integrates in a
flexible way into one single user profile both calculated data
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Figure 3: Cluster of RPs without taking into ac-
count users’ feedback (filter f =0.0).

and feedback of the user. In Section 5 we will show a few
area of applicability for the RPs.

For very high number of users, it is better to work with
clusters of Relevance Profiles rather than RPs for individual
users, as it is illustrated in the next section.

3.5 Clustering

When the number of registered users is very high (e.g.
millions of users), it is better to work with clusters of Rele-
vance Profiles. In Step 5, RPs are therefore clustered. RPs
can be clustered together in several different ways, for ex-
ample grouping together users with RPs showing similar be-
havioral patterns of interest. We recall that a RP integrates
the behavioral data calculated by the NOP, and the filtering
of the user feedback stored in the Feedback Profile.

We show the applicability of clustered RPs with an exam-
ple. Assume we have a large community of registered users
for a Web site with two topics. We use a fuzzy clustering al-
gorithm [4], [11] for clustering the users RPs, and we assume
that all RPs are generated with a filter f = 0.0 (meaning we
did non take into consideration the user feedback (if any)
in the calculation of the RPs). In the example, we assume
the scope S; consists of a Cluster,,; including all users and
a Clusterr; including two topics T1 and T». We obtain the
cluster for RPs depicted in Figure 3.

The size of the cluster clouds (Cluster 1), describes the
number of users. The X-axis displays the interest values
for topic 77 and the Y-axis the interest values for topic T5.
The resulted centroids of the fuzzy clustering algorithm are
shown in Table 1 below. The centroids are representative of
pattern of user’s interest.

Since we have used a filter f = 0.0, Cluster I represents
RPs taking into account only the calculated behavioral data
stored in the NOP of the users, and not the users feedback
(if any). In the example Cluster 1 is a one big cluster. By
looking at this cluster of RPs, we can only infer that all users
who seem to have a medium interested in topic 77 have also
a medium interest in topic Ts.

At this point, we may ask the users for an explicit feed-
back asking them to indicate their interest in 7% and T». A
user feedback is stored in a Feedback Profile for each user.
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Figure 4: Cluster of FP.
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Figure 5: Cluster of RP with f =1.0.

For large number of users, we can also cluster the Feedback
Profiles (FPs). In the example, we cluster the FPs by using
the same algorithm we have used for clustering RPs. We
obtain the two clusters of FPs displayed in Figure 4: from
the cluster of users’ feedback, it results that users with high
interest in 7%, have only low interest in 15 and vice versa.
Table 2 shows the corresponding centroids.

Now we take into account the user feedback, and we re-
calculate the RPs this time, by setting a filter different than
0, in the example we use f = 1.0 (i.e. we take in full con-
sideration the users feedback when generating RPs).

We then cluster the generated RPs, and this results in the
two clusters of RPs in Figure 5.

The proper centroids are summarized in Table 3. Having
taken into account this time both the NOP and the FP,
we can now interpret the results: visitors who seem to be
interested in T4, show only low interest in 75, while users
who seem to be interested in 7%, show a low or medium
interested in T7.

Our approach is flexible as we can generate RPs by scope,
using different filter f values.



Table 1: Centroids for Cluster 1.

Cluster 1 caption
T T> B = most users
High Interest [ X E = some users
Medium Interest [ | | K = few users
Low Interest m X O = no users
Table 2: Centroids for Cluster 2 and 3.
Cluster 2 Cluster 3 caption
T, Ty T, Ty B = most users
High Interest O u u O B = some users
Medium Interest O X O O K = few users
Low Interest | O O | O = no users
3.6 Consistency Check and Interpretation of iii. Negative adjusting effect, denoted with “-”. If some

the Results

In Steps 6 and 7, we turn now our attention to the notion
of user consistency. That is, we look if the behavior of a user
(calculated and expressed by his NOP) is consistent with
his declaration of interest, expressed in his explicit feedback
(captured in the FP), and filtered and generated in his RP.

We do not intend to judge the intention of the users,
but rather measure the possible discrepancy between actions
performed by a user and his declaration of interest expressed
by the feedback. We will show in Section 5 some possible
domain of applicability of our approach for measuring user
consistency.

In order to have a measurable indication of user consis-
tency, we compare for a given user, his calculated RP with
respect to his NOP and his FP.

When FP is not equal to the NOP, and f # 0, we have
that NOP, FP, and RP do represent different values. We can
calculate the difference between RP and NOP, and between
RP and FP.

Comparing RP with NOP: Given a NOP and a RP of a
user, and let f be a filter value, there are three possibilities:

i. Confirming effect, denoted with “=”. If all values of
RP equal all values of the NOP, then we say that the
RP confirms the NOP.

ii. Positive adjusting effect: denoted with “+”. If some
values of RP are higher than some values of NOP, then
the RP positive corrects the calculated values of the
NOP.

iii. Negative adjusting effect, denoted with “-”. If some
values of RP are smaller than some values of NOP, the
RP negative corrects the calculated values of the NOP.

The above definition does not apply if for the same RPs,
some values are higher and some are lower with respect to
the NOP.

Comparing RP with FP: Given a FP and a RP of a user,
and let f be a filter value, there are three possibilities:

i. Confirming effect, denoted with “=”. If all values of
RP equal all values of FP, then the RP confirms the
FP.

ii. Positive adjusting effect: denoted with “+”. If some
values of RP are higher than the corresponding values
of FP, then RP positive corrects the FP.

values of RP are smaller than the corresponding values
of FP, then RP negative corrects the FP.

The above definition does not apply if for the same RPs,
some values are higher and some are lower with respect to
the FP.

These measured notions of user consistency are dependent
on the value of f we use, as it will be illustrated in the next
section with a simply example. The higher the value of f,
the more influence a FP has on the calculation of a RP
(indicated with “4+” or “- -7).

For large amount of users, the same measure can be made
at cluster levels, that is we can compare cluster of RPs with
cluster of FPs and clusters of NOPs.

4. AN EXAMPLE OF CALCULATING
RELEVANCE PROFILES

To illustrate the calculation and interpretation of the RP,
and the influence of f, we show a simple example using
Gugubarra (Figure 6):

N
(e}
=
D
-

T,with weight 1.0
T,with weight 0.0
a,with weight 2

Figure 6: Page with one zone, two topics, and one
action.

We assume to have a Web page A, with one zone 1 with
two topics 11 and T5.

Topic Th has weight 1.0, while the weight of T is 0.0.
This means that for the owner of the Web site T} is very
important in zone 1, while 75 is not important. One action
a1 is defined in zone 1 with weight 2.

We assume two acting users uw; and us, with similar be-
havior, both visiting page A for five minutes each and both



Table 3: Centroids of Cluster 4 and 5.

Cluster 4 Cluster 5 caption
T T T T B = most users
High Interest O [ ] [ ] O E = some users
Medium Interest X = X = K = few users
Low Interest | O O | O = no users

performing the same action a;.

Assume the NOPs are calculated with a = b = 0.5 for both
users, that is ActP and DurP have the same relevance. As
result both users have the same NOP because they behave
exactly in the same way, both seem to be very interested in
T and show no interest in T5:

ActP DurP
—— —f—
T\ 1.0 1.0\ _ /10
NOP,, ( n ) — 05+ ( L )+0.5*< L0 ) - ( L0 )
T\ _ 1.0 1.0 [ 1.0
NOP,, ( o ) _0.5*( L0 )+0.5*< L0 ) - ( L0 )

We ask now the two users for a feedback: what is their
interest for the topics 71 and T>? Assume both users give
their feedback for topic 71 and T indicating the following
values captured in their Feedback Profiles:

T\ _ (10 T\ _ (00
()= (a0 ) 72 (7 )= (10

From the feedback, user w: confirms the value calculated
in his NOP, but user u» gives different values than in his
NOP. We now calculate the two RPs, assuming first a filter
f = 1.0 (we assume both users and topics to belong to the
same scope). The RP for each user is calculated as follows:

NOP FP
—— ——

1.0 1.0
0.0 >+1 * ( 0

141 '0>:((1):8)
RP,,(T1) = ((l’g)“(?g) <0.5>

1+1 ~\ 05

RP,,(T1) = <

If we use a different filter, say f = 0.1 this means we have
a low consideration of the users’ feedback, when generating
the RPs, we obtain following result:

NOP FP
—f— ——

RP,,(T1) = ( (1]:8 >+0'1* ( (1’:8 ) _ ( 1.0 )

1+1

Table 4, sums up the results of the calculations above
using f = 1.0 and f = 0.1, showing the measured user
consistency.

In the table the NOP calculated for user u; is equal to the
feedback. Therefore the RPs, no matter which value f has,
and NOPs have identical values for both topics 77 and 7.
This is what we called confirming effect. The same effect is
also seen if f is set to a value of 0.0-than the feedback has
no effect on the RP calculation and therefore the RP equals
always the NOP. The confirming effect is marked as equal
sign “=" in Table 4.

Different is the situation for us. For us from the NOP the
user seems to be interested in topic 74, while the feedback
says that he is not interested in 7} at all. We do not know
which of the values reflects the real interest of user us. So
the Web site owner has to decide whether he trusts more the
explicit feedback (FP) or more the implicit feedback (NOP)
of the user. He can set the filter for the FP accordingly in
the RP. In Table 4 the RP with f = 1.0 reflects for example
a high trust in the users explicit feedback, while the RP
with f = 0.1 indicates for example low trust. For topic T}
the negative adjusting effect of the RP is shown: the values
of the NOP are decreased because of the FP. The effect is
more distinctive the higher the value of f is set. Even the
difference between FP and NOP influences the effect.

A positive adjusting effect is to shown on topic T», where
the FP increases the NOP values. In Table 4, a single plus
sign “4” symbolizes a “weak” positive adjusting effect, a mi-
nus sign “-” a “weak” negative adjusting effect. If the effects
are more “significant” two plus/minus signs “++47/% -7 are
used. “+47/“ -7 means the calculated values of RP are
closer to FP than before the feedback was given.

This example shows that our measures of user consistency
depends on the value of f we use. This is consistent with
our approach of having a flexible way to decide to which
extend the users feedback are taken into consideration, when
calculating the supposed interest of the users. The setting
of an appropriate filter of a given scope allows that.

In [5] we presented a first user test based evaluation of the
capability of our system.

Much work needs to be done in this area, in Section 7 we
outline some of our planned future work.

5. APPLICABILITY OF RELEVANCE
PROFILES

The flexible way we manage the user feedback by incorpo-
rating it, filtered together with the NOP data, into a single
coherent profile per user, the Relevance Profile, make it at-
tractive for a variety of practical applications. Here we list
some of them.

RPs are well suited to cluster and compare users, with no
need to consider several different profiles for the same user.

RPs make it easy to add new form of user feedbacks (e.g.
eye tracking) by integrating them into the RPs, and setting



Table 4: For users u; and uz: FP, NOP, generated RPs and different users’ consistency.

User Topic FP NOP

RP (f=0.1)  Effect

RP (f=1.0) Effect

U1 T 1.0 1.0 1.0 = 1.0 =
Uy T 0.0 0.0 0.0 = 0.0 =
U2 T1 0.0 1.0 0.9 - 0.5 - -
U2 T 1.0 0.0 0.1 + 0.5 ++

a filter defined reusing different available analysis methods.

RPs are useful to solve the so called “cold-start problem”
defined by Maltz and Ehrlich [13]: if a new user registers
to the Web site, at the beginning we have no information
about his interests since the user did not do any action yet.
With the integration of the user Feedback Profile into his
RP, we can solve this problem by asking the user about his
interests. If the user is willing to give a feedback at the time
of the registration, we integrating it into his RP.

RP are useful in cases of missing information. Sometimes
there is missing information about a topic in the user pro-
file, for example because the user never visited a page with
this specific topic. When asked for a feedback, if the user
feedback indicates a high interest in this topic, it is possible
that the user did not find the topic on the Web site but he
is interested in. A possible reason could be that the Web
site has a bad design or bad navigation, so that the user was
not able to find the available Web pages with this topic. If
the feedback indicates instead a low interest in these top-
ics, the user is simply not interested and did therefore not
visit the Web pages with this topic. So the missing interest
information is not caused by a bad designed Web site. By
integrating this feedback into his RP allows us to evaluate
how effective the Web site is.

Feedback error compensation is another problem domain
where RPs are useful. Assume a user misunderstood a feed-
back questionnaire-for example giving wrong answer for a
specific topic T;: e.g. suppose the user is not interested in
T., but gave a feedback “very interested in T,” because of
this misunderstanding. In the RP we compensate this mis-
understanding, by taking into account the NOP data which
shows that the user did not visit any Web page (or did any
actions related to) with topic T;. So, in the generated RP
for this user, we correct this and the resulting interest for
topic T, for the user are set to a lower value (how much
lower the value depends on the setting of f).

6. RELATED WORK

User feedback is often used in the field of information re-
trieval, for ranking search results to predict user preferences.
White et al. [18] examine the extent to which implicit feed-
back can act as a substitute for explicit feedback, where
searchers explicitly mark documents as relevant. With our
approach we combine NOP and FP in one profile and use
this data for analysis.

Agichtein et al. [1] examine alternatives for incorporating
feedback into the ranking process and explore the contri-
butions of user feedback compared to other common Web
search features. The implicit feedback caused significant
improvements on the quality of Web search result rankings.
With the NOP we integrate implicit feedback into the RP
to improve its expressiveness.

Lin et al. [12], define a so called reputation manager which

collects feedback ratings from its clients after each transac-
tion. In our approach Web site owners can easily weight the
feedback of users with respect to their reputation. For exam-
ple using a different filter f for expert and non-expert users
or with a specific consistency history, we can get different
weights reflecting their reputation levels.

In [15] algorithms for learning and revising user profiles
are defined that can determine which World Wide Web sites
on a given topic would be interesting to a user. The authors
use a Bayesian classifier for this task. In [8] the authors
examine the reliability of implicit feedback generated from
click through data in WWW search. This is done by an-
alyzing the users’ decision process using eye tracking and
comparing implicit feedback against manual relevance judg-
ments, and concluded that clicks are informative but biased.

Zigoris [19] uses a Bayesian adaptive user profiling with
explicit and implicit feedback, and address the cold-start
problem, proposing that implicit feedback should be com-
bined with explicit feedback to get a stable base for predic-
tion. This is related to our future work where we want to
use the RP for predicting user interest changes.

Fink, Kobsa, and Schreck [3] define a public accessible,
personalized hypermedia system with an adaptive user in-
terface and content. They also distinguish between obvious
and non-obvious user profile information. In addition, to
overcome the cold-start problem, they use so called ’stereo-

types’.

7. CONCLUSIONS AND FUTURE WORK

The main result of this paper is the definition of a frame-
work analysis for managing explicit user feedback, which
integrates user behavior data automatically computed and
user feedback, filtered into a Relevance Profile (RP). The
calculation of RPs, their interpretation, and applicability
was presented with the help of some examples.

In the future, we want to analyze different factors influenc-
ing the feedback of a user, e.g. which kind of questionnaire
forms [16] should be used, how often should we ask for feed-
back, what new Web 2.0/Web 3.0 techniques, e.g. tagging
[7], can support feedback collection. Moreover, we want to
use the RPs as a basis for predicting changes in user interest.

We also intend to conduct some empirical experiments
using our framework in order to validate our results, and to
measure how the combination of framing strategies and user
feedback influence the user’s choice of content on the Web

[2].
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