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Abstract: The information globalization induced by the rapid
development of the Internet and the accompanying adoption of
the Web throughout the society leads to Web sites which reach
large audiences. The diversity of the audiences and the need of
customer retention require active Web sites which expose them-
selves in a customized or personalized way: We call those sites
User-adapted Web sites. New technologies are necessary to per-
sonalize and customize content. Information filtering can be used
for the discovery of important content and is therefore a key-
technology for the creation of user-adapted Web sites.

In this article we focus on the application of collaborative filtering
for user-adapted Web sites. We studied techniques for combining
and integrating content-based filtering with collaborative filtering
in order to address typical problems in collaborative filtering sys-
tems and to improve the performance. Other issues which are
mentioned but only lightly covered include user interface chal-
lenges. To validate our approaches we developed a prototype user-
adapted Web site, the Active WebMuseum, a museum Web site,
which exposes its collection in a personalized way by the use of
collaborative filtering.
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filtering, user-adapted Web sites, Web museum



1 Introduction

More and more information is available on the Internet through
Web sites. Generally, these Web sites focus on providing infor-
mation on services and products. Sometimes, they also allow to
perform transactions. The site owner compiles a vast amount of
information and organizes it in a hypertext structure of Web
pages in a way that is most desirable for expected users. Users
have been recognized as a very valuable asset to Web sites, e.g. as
advertisement audience or potential customers. Therefore, Web
sites try to tie their users to their services by providing more ef-
ficient (e.g., less time-consuming) access to preferred content. A
single hypertext structure for all users fails to achieve broad satis-
faction because the users have different backgrounds and focuses.
Therefore, Web sites which adapt to individual users are likely
to be more attractive and successful. One approach for building
such sites consists in letting the users consciously define prefer-
ences through user profiles, which are then used to personalize
their visits to that Web site. Then, the Web site presents a cus-
tomized view adapted to the user’s interests. However, such an
approach does require the user’s effort to define his user-profile,
the designer’s effort to select the possible parameters for the pro-
file, the developer’s effort to implement the necessary procedures,
and the content provider’s effort to categorize every item of in-
formation. It seems to be more desirable to use machine learning
techniques for automatically adapting the Web-site with little or
no effort left for the user and then expose the Web site with
a user-adapted structure. We call a Web site which adapts its
structure to the individual user user-adapted Web site.

This trend of user-adapted Web sites, in contrary to the static
collection of hypertext documents, necessitates new technologies
and tools to adapt to users. One key technology is information
filtering, which can identify relevant pages for each user.

Information filtering techniques fall in two independent cate-



gories: Content-based filtering and collaborative filtering. Content-
based filtering is based on content analysis of the considered ob-
jects, e.g. term frequency for text documents, and its relation to
the user’s preferences. For content-based filtering it is therefore
necessary, that the results of content analysis and user preferences
can reliably and automatically be determined. While recent re-
search shows good results for the content-based filtering of text
documents, filtering of other media, as audio and video, is hard
due to the limitations of content analysis technology available.
Collaborative filtering is another approach to identify objects,
which are relevant to a user. In collaborative filtering objects are
selected for a particular user, which are relevant to similar users.
Generally, in collaborative filtering the content of the objects is
ignored and only other users’ opinions on the considered objects
are relevant. Therefore, collaborative filtering is especially inter-
esting for objects, for which content analysis is weak or impossi-
ble. However, the performance of collaborative filtering relies on
the amount of available opinions on the considered objects and
it therefore fails when few or no opinions are known.

Another important issue for adaptation deals with the impact on
the user interface. First, the information that is displayed should
be adapted to the user without violating editorial constraints.
Second, the user feedback that is required to adapt the filtering
system should be smoothly integrated in the interface.

Our work focuses on the use of information filtering techniques
to construct user-adapted Web sites. In particular, we address
the issues of combining content-based and collaborative filtering,
as well as user feedback and dynamic presentation. A prototype
Web site, the Active WebMuseum illustrates our approach.

In this article, we first present our prototype user-adapted Web
site, the Active WebMuseum in section 2. In particular we focus
on typical elements which are of interest for a broader applica-
tion in other domains. In section 3 after describing the underlying
collaborative filtering algorithm we present content-based tech-



niques to address some weaknesses of collaborative filtering and
to improve its performance. Further, we provide results from ex-
periments. Finally, we discuss a more general application of our
findings, conclude and describe further steps of this research in
section 4.

2 The Active WebMuseum

Here, we first motivate the need for user user-adapted Web sites
and at the same time give a broad definition. Then we present
our prototype the Active WebMuseum.

2.1 A user-adapted Web Site

The design and creation of Web sites has become an industry by
itself. A few years ago the creation of a hypertext web for present-
ing products or information was the task of the site’s owner. It has
been recognized that with growing competitiveness and demand
for originality, besides other pressing constraints, the creation of
a Web site needs to be performed by professionals in order to
present the content in the most attractive way.

While a few years ago the Web was mostly used by the academic
world, it is nowadays open to a broad heterogeneous audience
spread over the entire society. The differences in the audience de-
mand often different structures of the presented information in
a Web site. Some Web sites anticipate several different groups
of users and prepare predefined structures for the correspond-
ing groups, e.g. most company Web sites let users access as cus-
tomers, as investors or as other specific groups. For example,
businesses provide several structures to their site’s visitors in the
roles of clients or investors. This approach of pre-clustering fol-
lows the prevailing assumption that users can be categorized in
a small number of categories according to their interests or infor-
mation needs. However, it is impossible to anticipate the wishes



of every individual user through a set of predefined, usually man-
ually prepared, structures of Web pages. Other Web sites allow
users to define their personal profile, e.g. most Web portals* let
users create personalized information pages, based on the user’s
selections from the portal’s information resources and therefore
providing a user-customized view to the site’s content. However,
this technique requires some effort by the user, defining his user
profile, before he can benefit by receiving a personalized selection
of information.

In order to avoid the effort of Web site creators to anticipate pos-
sible kinds of visitor-clusters, and to avoid the effort by visitors
to customize their view to the site by defining their user-profile,
we evaluate in this article another approach: a user-adapted Web
site, which adapts by the use of collaborative filtering.

In general, people explore a Web site differently according to
their personal interests or information needs. Doing so they con-
tinuously make decisions, e.g. setting bookmarks for content they
like and ignoring content they dislike. Mostly, these decisions are
related to personal good and bad experiences in finding desired
information they are not further exploited to enhance the struc-
ture of the Web site in order to improve future visits by the
same or other users. Collaborative filtering is a promising tech-
nology which predicts users’ preferences based on other users
experiences. Collaborative filtering seems to be an appropriate
technology to automatically adapt Web-sites by presenting an
personalized structure to each user.

Collaborative filtering systems are generally used for recommender
services, which provide personal recommendations based on ra-
tings provided by the user. So two important tasks can be iden-
tified when collaborative filtering systems are used:

e capturing feedback from the user.

* The My Yahoo service of the Web portal Yahoo! is a good example for a cus-
tomized user-customized Web-site (http://www.yahoo.com).



e presenting recommended information to the user.

When meeting these requirements other constrains might inter-
fere. Providing explicit feedback might be perceived as inconve-
nient for the user. Also, the provisions for providing feedback
could disturb the structure of a Web site, if done uncarefully.
Therefore, it is important to allow user feedback in a convenient
and non-disturbing way. On the other side, the Web site needs
to create an adapted presentation based on predicted preferences
for a particular user. It is necessary to integrate the predictions in
presentation elements without disturbing the editorial conception

of the Web site.

In the next section we describe our prototype user-adapted Web
site, the Active WebMuseum. We describe how collaborative fil-
tering is integrated in a Web museum site, in order to provide
a personal experience to the user, while addressing challenging
issues presented above. The particular type of information that
is contained in a Web-based museum, namely paintings, makes
it simple to define an adaptive presentation of this information.

2.2 The Application: The Active WebMuseum

In an ideal world a visitor of a museum would enter a museum
and then find in the first corridor exactly those items, which
he would find most interesting. Given that real museums serve
many people at the same time, it is not feasible to rearrange the
collection for individual visitors. Often, real museums offer guided
tours, which might be covering a particular topic or addressing a
particular interest group, but having personal guides who show
exactly the items of high interest seems to be impractical. When
a museum’s art collection is presented through the Web, it is
at least feasible to rearrange the collection for each individual
visitor.

Numerous museum sites already exist on the Web. They present



images of arts contained in a hypertext structure, so that the na-
vigation within a Web-based museum emulates strolling through
the corridors of a real museum. Existing sites are static, which
means that the hypertext structure linking the objects has been
defined once for all, and is the same for all users, in the same way
that the topology of buildings does not change. In contrast, our
Active WebMuseum has a dynamic topology which is adapting

to the museum visitor’s taste and choices. *™

2.8 The Content Model

While filtering techniques allow automated recommendation of
what users might prefer, using these techniques introduces new
constraints for the design and presentation of the Web site. The
content of the site should be rearrangeable according to filtering
results while still offering attractiveness for users by providing
typical features of the Web, interlinked content accessed through
self-directed browsing. In our prototype we use art paintings as
entities which can be rearranged for the user. At a higher level
we use a Multi-Corridor-Access- Paradigm. Corridors are ordered
containers of paintings with some common characteristics. The
user may choose from several corridors. The results of the filtering
are then reflected in a personalized order of the paintings within
the corridor.

The user is assumed to behave as follows:

e choose a corridor
e enjoy the paintings in a corridor
e at any time leave the corridor and choose another one.

The corridors are interlinked. E.g., when a user visits a corridor
with painting by Van Gogh, he can at any time switch to a related

**The Active WebMuseum (accessed through http://www.eurecom.fr/~kohrs/
museum.html) uses the collection of paintings from the WebMuseum (accessed
through http://metalab.unc.edu/wm/), which has been created by Nicolas Pioch
and contains roughly 1200 paintings by about 170 painters.



corridor with paintings of the same time-period and from there
to painting of a painter who lived at the same time.

By reordering and inter-connecting existing corridors, which con-
tain references to pages showing paintings, it is possible to dy-
namically restructure the museum site in a way adapted to the
user. See figure 1 and figure 2 for examples.

34

3% Best paintings by "Pollock. Jackson™ [Order personalized for kohis] - Netscape

e Edit Yiew Go Communicator Help

s . Best paintings by "Pollock, Jackson'™
C Orrld or. (Order personalized for kn;us)

- Click on small images for details.

Predicted Rating:

- = = Meutral
Your Rating:
Good Good Weutral -
Other Corridors
Collaborative Average Ratings Sofar rated by kohrs Improve Personalization
Recommendations
Find a selection of paintings Browse through the Improve the quality of the
Find a personalized choice of from the collection ordered by paintings which You personalized recomendations by
paintings from the collection the average ratings, which they  have rated soffar. providing more ratings on paintings.
ivedb .
adapted best or worst to your taste, recerved DY users Bast | Warst Rate 10 | Rate 50

Eiestl Worst | Elestl Wyarst |

Find paintings by painter

. -
Show paintings by selected painter ordered according predicted preference. I Don't show paintings, that T have already rated

| Follad, Jadson =] _submit |

Please, send your questions, suggestions and comments to kohrsi@eurecom fi.

[ == |Docurnent: Done

Fig. 1. Browsing dynamic corridors: When a user has entered a dynamic corridor (in
this example a corridor containing paintings by Jackson Pollock), he is presented
iconized paintings ordered according to his preference. From here the visitor contin-
ues in the same corridor until he looses interest, or may choose to see more details
of one painting, or enter a new corridor.

2.4 User Profiling: Acquiring Preferences

In the previous section we explained how preferences are used
in order to transform corridors into personalized corridors. This
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Fig. 2. A single painting in detail close-up: When the user choses an iconized painting
from a corridor it is presented in more detail (artist, title, creation date). From
here the user may return to current corridor or enter new corridors related to this
painting.

approach is based on the existence of the visitor’s preferences. In
the Active WebMuseum visitors can express preference by giving
ratings to paintings (5 values: excellent, good, neutral, bad, terri-
ble). For paintings which have not been rated by the visitor, the
ratings are predicted using other users’ ratings and collaborative
filtering technology.

Rating paintings should not be the main occupation of a user.
Therefore, the ratings can be conveniently provided while wan-
dering within the museum. We noticed in initial trials, that users
are hesitant in giving ratings, because giving a rating demands
the inconvenience of having to make a decision. Therefore, we
provided in the user-interface that

e the ratings can be provided with very little effort (one mouse



click) without disrupting the users chosen tour, and

e if a painting is viewed in detail a rating is mandatory so that
the visitor has to provide a rating or otherwise he cannot con-
tinue his tour.

In the next section we describe the used collaborative filtering
algorithm and our content-based combination techniques for its
performance.

3 Collaborative Filtering

Collaborative filtering systems select items for a user based on
the opinions of other users. Generally, collaborative filtering sys-
tems do not rely on content-based information about the items,
considering only human judgments on the value of items. This al-
lows these techniques to be used on any type of objects and thus
build a large variety of services. Collaborative filtering systems
consider every user as an expert for his taste, so that personal-
ized recommendations can be provided based on the expertises
of taste-related users.

Collaborative filtering has been applied to several domains of
information: News articles, GroupLens [13-15]. Music, Ringo [16].
Movies, MovieCritic ** * . Books at Amazon * * ** | Restaurants

7].

We first describe collaborative filtering as it is commonly used.
And then we address some improvements of collaborative filtering
by introducing our content-based extension based on multi-media
indexing.

*h¥tp://www.moviecritic.com
**¥kp: / /www . amazon. com
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3.1 The Basic Collaborative Filtering Framework

Most collaborative filtering systems collect the users’ opinions as
ratings on a numerical scale, which leads to a very sparse matrix
rating(user,item) (in short r, ;). Collaborative filtering systems
then use this rating matrix in order to derive predictions. Several
algorithms have been proposed on how to use the rating matrix to
predict ratings [9,16,6]. For the Active WebMuseum we derived
a collaborative filtering algorithm from a commonly used tech-
nique, also used in the GroupLens project and in Ringo, which
is based on vector correlation. In the following we describe the
underlying formulas in more detail to make the general idea of
automatically using other users as expert recommenders under-
standable.

Usually, the task of a collaborative filtering system is to predict
the rating of a particular user u for an item 7. The system com-
pares the user u’s ratings with the ratings of all other users, who
have rated the considered item ¢. Then a weighted average of the
other users ratings is used as a prediction.

If I, is set of items that a user u has rated then we can define
the mean rating of user u as:

1
Ty Z Tu,i

=4

Collaborative filtering algorithms predict the ratings based on
the ratings of similar users. When Pearson correlation is used,
similarity is determined from the correlation of the rating vectors
of user u and the other users u':

ZiEIuﬁIu/ (ru,i - m) (lru/’i — I“—u/)

Eiefumu,("“u,i — ﬁ)Q)(Ziefumu, (rwi—Tu)?)

o) =
VI
[t can be noted thatp € [—1,+1].
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The value of p measures the similarity between the two users’
rating vectors. A high absolute value signifies high similarity and
a low absolute value dissimilarity.

The general prediction formula is based on the assumption that
the prediction is a weighed average of the other users ratings.
The weights refer to the amount of similarity between the user u
and the other users.

Pl (u, i) = T4k Y pluyu)(ry i — 7o)
wel;

U; : Users, who rated object 1.

_ 1
b= )

(The factor k& normalizes the weights.)

with

Sometimes the correlation coefficient between two users is un-
defined because the users have not rated common objects, i.e.
I, NI, =@. We found in our experiments that assuming a de-
fault value for the correlation between the user rating vectors is
helpful when the data-set is very small. For example, we measured
in experiments pgerqur = 0.2 as the mean of typically occuring
correlation coefficients in our data-set. The application of a de-
fault correlation biases the prediction toward the mean, which
might stabilize the prediction results for very small data-sets. To
avoid this bias, we did not use default correlation in our later de-
scribed experiments, instead, if correlation between a target and
a peer user can not be measured, the peer user is ignored for the
prediction for the target users.

3.2 FExtending Collaborative Filtering with Content-based Information

In earlier work we identified typical problematic cases for colla-
borative filtering systems [9], cases when not enough ratings are
available, due to an insufficient amount of users or to few ratings

12



per user. In these cases, the above formulas are bad estimations
(in the statistical sense) of the real correlation and rating values.

In summary, shortages of rating data appear in the following
situations:

New user case: A new user with no or very few ratings can not
be reliably matched against other users.

New object case: If a new object is entered to the collection, it
has not been rated by any user and therefore it might neglected.

Bootstrap case: This is a combination of the above cases and is
typical for new recommender sites with no or very few ratings.
It is hard to attract users because they get very poor recom-
mendations in the beginning and therefore the recommender
system is likely to stay in a bootstrap dilemma.

In the contrary, content-based schemes are less sensible to spar-
sity of ratings. While the new user case (and consequently par-
tially the bootstrap case) remains a problem for content-based
recommender systems the bootstrap and the new object case can
be handled easier since new objects can be compared to objects
one user has recently rated based on a content-based criteria.

However, pure content-based schemes are only appropriate when
objects can be reliably automatically compared, i.e. the content
can automatically be indexed or other meta data is available.
While it is possible to obtain meta information about movies
(actors, director, genre etc), it is hard to video-index a movie
with current technology in order to derive the content. Once the
content of a object is indexed it is crucial for content-based fil-
tering, to decide as to how much two objects are similar. E.g., in
order to recommend the second object to a user if he likes the
first and the first is similar to the second object.

Comparative studies [2,1] indicate that content-based filtering
nearly performs as well as collaborative filtering in the domain of
movie recommendations, where the content of the objects (movies)
is described in terms of textual attributes obtained from movie
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databases e.g. director, genre etc. In other studies content-based
filtering and collaborative filtering have been combined in the
context of document recommendation in order to overcome in-
herent disadvantages of both technologies [5,8]: Advanced tech-
niques for indexing and comparing textual documents, as the
vector space model, were borrowed from the ”Information Re-
trieval” community. In the newsgroup article recommendation
track of the project GroupLens, weak content-based criteria, such
as spelling and article length, is used to fabricate ratings. Our
research has a similar focus: In order to improve collaborative fil-
tering we address key problematic cases which result from lack of
ratings. We chose a domain, art paintings, where content-based
filtering and indexing techniques are more promising. Combina-
tion techniques for content-based and collaborative filtering for
art paintings should therefore have similar properties as for other
domains where indexing techniques are less advanced.

In the following we motivate the use of content-based filtering
in combination with collaborative filtering by first describing the
studied criteria and observations made from the users ratings.
Then, we present our approaches of integrating content-based
criteria into collaborative filtering in order to improve the pre-
diction performance. The proposed techniques are evaluated in
off-line experiments.

3.2.1 Content-Based Filtering

It is reasonable to expect that images with similar content will
be almost equally interesting to users. The problem is that defin-
ing image content and image similarity is still an open problem.
Ongoing research in Multimedia indexing is focusing on two di-
rections:

e cither each image is described by a textual caption, and cap-
tions are compared using techniques derived from document
retrieval,
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e or analysis and recognition techniques are applied to the image
pixels to extract automatically features which are compared
using some distance measure in the feature space.

We focus on the second approach because it can be entirely au-
tomated. In our prototype, we have currently implemented two
feature extraction components, derived from the work described
in [17,18]: Color histograms and texture coefficients.

3.2.2  Color Histograms

The original paintings are available in RGB format, where each
pixel is defined by the values (0-255) of the three components red,
blue and green. We project these values in the HSV space (Hue,
Saturation, Value) which models more accurately the human per-
ception of colors. The HSV coefficients are quantized to yield 166
different colors. For each image, the histogram of these 166 colors
is computed (proportion of pixels with a given quantized color).

To compare two images, we compute the L distance (equation 1)
between their color histograms:

hi(j) : percentage of number of pixels
of painting ¢ with the color j.

L1<hk,h1) :Z |hk(]) - hl(])|

d" (p, p') = La(hy, hy) (1)
dcalor € [O, 2]

3.2.3 Texture Coefficients

While color histograms do not take into account the arrangement
of pixels, texture coefficients can be computed to characterize lo-
cal properties of the image. We are using a wavelet decomposition
using the Haar transform, by which a number of sub-images cor-
responding to a frequency decomposition are generated . These
sub-images are quantized to binary values, so that each pixel of

15



the original image is associated with a binary vector of length 9.
The histogram of these vectors (it has length 512) is the feature
vector associated to the texture analysis of the image. As pre-
viously, the L;(see equation 1) distance is used to measure the
distance between images.

3.2.4 Relationship between Ratings and Color and Texture

After advertisement in several mailing lists, which are related
to recommender systems, we attracted initial users to the Ac-
tive WebMuseum. The (ongoing) trial lead to a database of ap-
proximately 11500 ratings of 468 users. We use this data-set now
to analyze the relationship between the users rating behavior and
the chosen content-based criteria color and texture.

From the rating database we sampled instances when a user rates
two different paintings. For each instance we measured the ab-
solute difference between the rating (a score between 0 and 10)
and the absolute content-based distance (according to the dis-
tance measures, described in sections 3.2.2 and section 3.2.3). In
a second step these instances were clustered into ten equal-length
intervals of content-based distances. For each interval the mean
absolute rating distance was measured, so that a statistic is ap-
proximated as to what absolute rating distance to expect for one
user for two paintings with a given content-based distance.

The results of these measurements for the color histogram dis-
tance and the texture coefficient distance measure are plotted in
figure 3. It can be noted that there is a clear positive correlation
between color histogram distance and the rating difference, sug-
gesting that paintings which are close in color are more likely to
get similar ratings by one user as paintings which are dissimilar
in color. The plot for texture is less indicative: while there seems
to be a trend towards a positive correlation there is some fluc-
tuation. Further, it can be noted that the correlation of color is
stronger than the correlation for texture in terms of magnitude
of rating difference.
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Fig. 3. Correlation of distances between color-histograms(texture-coefficients) of
paintings and differences of ratings assigned by users.

It should be noted that the observations above averages all the
users from the dataset, while it is probable that users vary strongly
respective to the correlation between color, texture and ratings,
e.g., for some users the correlation might apply weaker while for
others it applies stronger.

In the next sections we suggest techniques which combine colla-
borative filtering with content-based measures in order to take
advantage of the correlation between color, texture and ratings.

3.2.5 Combining Linearly with Content-based Prediction

Based on the findings of the previous measurements concerning
the relationship between content-based painting distance and ra-
ting difference we derived a content-based prediction model. We
use a linear estimator for the content-based prediction which we
model as follows:

ryi:user u’s rating for painting i
I, : Paintings, rated by user u.

Distance intervals:
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g=1..ny
interval; =[0,1);intervaly = [1,1.5)...

Distance classes:

Ci(i)={i' € I, : d”""(i,i) € interval;}

Prediction for painting i for user u:

color € )
et 1G]

Expressed in words, the prediction works as follows: If a predic-
tion is to be made for a user u and a target painting ¢, all the
paintings previously rated by user u are grouped into distance
classes (C}(7)) according to color-based distance to target paint-
ing i (see figure 4 for an illustration). Each class is associated with

Fig. 4. All paintings are classified in distance classes according to painting ¢, so that
paintings that have a similar distance to painting ¢ fall in the same class.

a weight A;, the degree of confidence. The prediction is then the
weighted sum of the mean ratings of each class. The weights A;
are estimated through linear regression by using a priorly sepa-
rated subset of the ratings. For each content-based criteria, color
color

histogram and texture coefficients, a predictor was created: p
and p

texture

In a second step these content-based predictors are combined

with the collaborative filtering predictor p®e® as described in
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section 3, linearly using the following formula:

comb(u Z) :Mcollab . pcollab(u, l) +
Mcolor . pcolor(u, Z) +

Mterture . ptel‘ture(

1

u, i)

with 3 puf =
k

The weights plcotlabeolortenturel gre ostimated by the use of lin-
ear regression with a set-aside subset of the ratings, so that the
weights are adapted to the relevance of a predictor, e.g., higher
for color based than for texture based prediction. The estimation
of the weights should be repeated as the rating database grows,
in order to take into account a precision-gaining collaborative
predictor.

As research leads to additional content-analysis tools for paint-
ings, this combination approach allows unlimited inclusion of new
content-based predictors. Later in this article, we present exper-
imental results for this approach, after presenting a second tech-
nique in the following section.

3.2.6  Deriwving Artificial Users from Image Metrics

While the previous approach combined the collaborative filtering
and content-based linearly, assuming that these are independent,
we present now another approach which does not change the
collaborative prediction algorithm (see section 3.1) but instead
alters the rating database based on content-based criteria. The
rating database is extended with artificial users whose ratings are
based on content-based criteria and ratings of real users. This
approach was inspired by Sarwar’s rating-bots approach [15] for
the GroupLens news filtering project: For that project software
agents which used simple content-based criteria (spelling and ar-
ticle length) to rate news articles automatically and to increase
the amount of ratings in the database.
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For each described distance metric of section 3.2.1 and for each

real user u a corresponding artificial user u¢°" texture

and u is de-
rived. The artificial users inherit the ratings from the original user
u, so that if r,; is defined, then rycoor ; = ryresture ; = 1y ;. Addi-
tionally, artificial ratings are derived for some images, which the
original user u had not rated. The artificial ratings are content-
based predictions for that particular user. This means that some
unrated items are assigned a predicted rating, based on similar-
ity between the rated items and the item for which the rating
is missing. In order to make a content-based prediction, we de-
fine a restricted neighborhood N, ; around a painting ¢ contain-
ing paintings j whose rating is defined by the user v and whose

content-based distance to painting ¢ is below a threshold 6:

Ng?ilor — {] = Iu|dCOlor(i,j) S ecolor}

These neighboring paintings are then used to predict a score for
the artificial ratings. The prediction formula for color is described
below:

color(u’ Z) — Z Tu,j

p Ncolor |
jENgoilor u,i

In summary the database (or rating matrix) is extended for color
as follows:

Tui if r,; is defined.

Tyeotor ;=4 poT (u, i) if Nﬂm’ is not empty.

undefined else.

A similar process is conducted with the texture distance. Figure 5
illustrates the extension technique.

20



Real 2 | 1

User :
Artificial ;

User 534|721

Fig. 5. Illustration of the extension technique: The artificial user inherits ratings
from the real user for the paintings Iy, I, and Is. The rating for I3 is estimated
based on ratings for Iy and I; which are related to I3 according to a content measure
(not shown in the illustration).

The extended rating database is then used with the collabora-
tive filtering algorithm, which has been described earlier (see
section 3.1). By extending existing users the possibility of cor-
relation with the artificial users is increased, because the number
of commonly rated items is maximal. In fact, a user u correlates

perfectly with his counterparts u texture

color

and u which causes

9
the content-based prediction to be strong part of the collabora-
tive prediction of u and transitively also of all other users who

are similar to u.

3.2.7 FEvaluation

We evaluate our approaches for integrating content-based infor-
mation in the collaborative filtering task in off-line experiments.
The experiments are based on rating data which we collected
from users who participated in our ongoing public online trial
of the Active WebMuseum. The Active WebMuseum had been

advertised in related mailing lists to attract users.

3.2.7.1 The Dataset While the dataset is still growing, we used
a snapshot of the dataset, which contains 11500 ratings by 468
users for 1082 paintings.

Figure 6 depicts a histogram of the collected user ratings.
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Fig. 6. Distribution of the user ratings for the paintings in the Active WebMuseum.
3.2.7.2 Measurements: In order to evaluate various approaches
of collaborative filtering we divided the rating dataset in test-set

(,rtest

) and training-set (r!"#""9), The training-set is used to pre-
dict ratings in the test-set. The predictions are then compared to
the ratings that users provided in the test-set using a commonly

used error measure:

Mean Absolute Error (MAE): The mean absolute error is
calculated as follows:

ZZEI /rtest 'I“u 7 p(u, Z)|
MAE (u) = =k ’
(U) [u/rtest|
Iu/‘rtest — {l . 'ru,i = ,rtest}

The MAE for several users is then accumulated as follows:

MAE (u) - |I,,/rt
VAP EEURIBES
uel

The test-set contains 50 users for which more than 40 ratings are

known. From each user in the test-set 10 ratings are sampled and
put aside into the test-set the remaining ratings are used in the
training set.

3.2.7.3 Parameter Estimation Both presented combination ap-
proaches use parameters to control the mix of collaborative fil-
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tering and content-based filtering. For the linear combination ap-
proach the parameters (pcelab.coloriezture) qetermine the weight in
the sum of each predictor. The algorithm is designed so that the
parameters are adjusted automatically. We found through our
experiments the following values for these parameters:

Iucollab — 053’ Mcolar — 041’ Mterture = 0.06

(2)

This shows that the most important component in the linear
combination is collaborative filtering closely followed by color-
based prediction. Texture-based prediction has only negligible
importance.

For the approach with artificial users, thresholds values (6" and
gierture) are needed in order to determine the neighborhood paint-
ings of a target painting which should determine the artificial ra-
ting. The threshold values need to be assigned for the extension
algorithm to reasonable values. In order to find reasonable val-
ues we searched in the possible range: The previously described
dataset was divided twenty times into test-set and training-set
by sampling each time a different subset as the test-set. The ex-

tension algorithm was used to predict each test-set.

Experiment; n1008rA42
1.86 T 187
—=— Mean Absolute Error (MAE) \ .

—— Mean Absolute Error (MAE) |

1.86f q
1.84f N
1.85f

1.84r
1.82r

1.83r

1.81

1.7 - - - . - - -
80 0.5 1 15 2 180 0.2 0.4 0.6 0.8

color threshold: 6°°'°" texture threshold: 6
Fig. 7. Variation of the parameters °°/" and g'e=ture

The graphs of figure 7 plot the MAE as a function of /°" and
gerture The experiments suggest that good settings for these pa-
rameters are as follows:
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Fig. 8. Histogram of the absolute prediction errors.

3.2.7.4 Comparing Extension and Linear Combination: Figure 8
shows the histogram of the absolute prediction errors created by
using pure collaborative filtering (collab) , the linear combina-
tion method (combined) and the extension with artificial users
technique (extended). It can be noted that while the collabora-
tive predictor shows more frequent smaller errors, the combined
predictor avoids large errors. However, it is hard to judge which
one should be better.

Table 1 lists the measured precision for the previously discussed
predictors. When the combined or the extended technique is used
lower errors are obtained than by the use of the pure collaborative

predictor.
Prediction Method | MAE
Collab 1.787
Combined 1.772
Extended 1.771
Table 1

Prediction precision of collaborative, combined and extended predictors: The mean
absolute prediction error(MAE) for ratings of the test-set was measured.
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The observed improvements in prediction precision through the
combination of collaborative filtering and content-based filtering,
based on color and texture, suggest that content-based informa-
tion should be exploited if available. However, the presented com-
bination models do not distinguish between individual users, i.e.
for each user the same mix of predictors is used. For some users
the content-based measures might be less appropriate as for oth-
ers. In further developments of the combination models the dif-
ferences in sensibility of different users to content features should
be considered.

The goal of the prediction is to present users only relevant paint-
ings (paintings, which they would rate highly), so that the users
get the most satisfaction from visiting the site of the Active Web-
Museum. Therefore, a good metric for the comparison of different
prediction strategies should be focused on user satisfaction. We
believe that the previously used metric which has been commonly
used in the literature, is related to user satisfaction but does not
focus on the goals of the users. User-satisfaction can be derived
from how well the museum’s collection had been restructured to
meet the user’s preferences. Current research is directed at de-
veloping metrices to measure the recommendation performance
with respect to the multi-corridor-paradigm.

4 Discussion

Now, we step back from our prototype application of a user-
adapted Web site and provide more general insight, then we con-
clude this article.

4.1  General Application

In this section we summarize some general observations made
while designing the Active WebMuseum. In order to create a
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more attractive Web site, we added adaptability-to-the-user to
it. This should lead to a win-win situation for

e the user, because the site is more convenient to use (more in-
teresting and less time-consuming) and

e for the Web-site provider, because the site becomes more at-
tractive. An attractive Web site leads to better leverage of
underlying resources and therefore a more valuable Web site
for the owner, e.g., the information can be spread to a larger
audience leading to more advertising revenues.

Here, we point out important issues when adding adaptability
to a web-site by the use of collaborative filtering. The general
scenario can be outlined by the following steps:

e The user visits a site containing Web pages of some sort of
information.

e The server offers predefined structures to access the pages.

e The user navigates through the server while providing feed-
back.

e The server adapts subsequent pages reflecting a structure adap-
ted to the user.

The most important issue is how to integrate (predicted) prefer-
ences about items into the structure of pages. In the case of the
Active WebMuseum we use the multi-corridor-access-paradigm
[12]: Interconnected corridors containing objects which are or-
dered according to the filtering algorithm. Figure 9 depicts how
the multi-corridor-access-paradigm is applied and implemented
in the Active WebMuseum. This paradigm can be applied in a
similar way to other domains and is not exclusively suitable for
paintings only. For example in the general case, when the corridor
is in fact a regular Web page, the links contained in a page could
be highlighted according to importance, e.g. the color intensity
would depend on importance (to reflect the ordering). Another
possibility is to always accompany a page with a box of recom-
mended links.
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(a) As a starting point the visitor is presented the beginning of
a corridor containing all paintings in the order best suited (pre-
dicted) for the visitor. From here the visitor may move within the
corridor(1). When the visitor finds an interesting painting he may
select it in order to see more details(2).
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(b) When viewing a painting in detail the visitor is provided with

information about the painting and links to more information (3).

Now the visitor expresses his opinion about the painting by select-

ing the corresponding score(4). From here the visitor may return

to the previous corridor(5) or he might want to follow another di-

rection by selecting a corridor related to the current painting(6).
Fig. 9. Multi-Corridor-Access.
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Another important issue is the acquisition of user feedback (ra-
tings) so that the underlying recommender system can learn
about the user’s taste, upon which recommendations are based.
In the case of the Active WebMuseum we use a little bit of force
to motivate the user to provide an explicit rating, by denying to
proceed to another corridor if a viewed painting does not receive
an evaluation.

Two general approaches are possible to attain user feedback:

e Implicit feedback: The user’s actions are observed and the
feedback is derived based on assumptions on the user’s be-
havior. In the GroupLens[13] news article filtering project im-
plicit feedback was used in terms of measuring the time a user
spend reading an article, assuming that users would spend
more time with articles they enjoy. Balabanovic[4] proposed
a system where the users interactions with an application are
used to derive implicit information, e.g., the user bookmarks,
files or deletes an object.

e Explicit Feedback: Explicit feedback in collaborative filtering
systems is usually provided as single numerical score.

The advantage of implicit feedback lies in the ease for the user.
The price for ease is paid in inaccuracy, since the interpretation
of the user’s actions might be wrong, e.g. when a user views
a painting for several minutes it is uncertain that he was not
interrupted by a phone call, so that the conclusion from this
observation is flawed with an estimation error.

While explicit feedback is more precise it might appear unnatural
in the context, e.g. some visitors of museums might find it annoy-
ing to decide on an appropriate ratings for a painting. Further,
people might not see the direct benefit for providing feedback. It
is the nature of collaborative filtering that user feedback is com-
pensated by a better performance of the collaborative filtering
system for other users but also especially for the rating-providing
users themselves. However, users might not always understand
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the technology and therefore incentives to provide feedback are
more promising. Consequently, in the Active WebMuseum the
user is reminded of the importance to provide ratings and may
not proceed each time he neglects to provide a score for a paint-
ing. Avery[3] argues voluntary provision of evaluations leads to
a suboptimal supply. Therefore, models which compensate the
users directly for providing ratings are more promising.

A hybrid approach would contain the good elements of both ap-
proaches: reliable feedback and little or no disruption of the users
activity. If the user interface allowed more expressiveness, then
the valuable information could be derived, for example by pro-
viding alternative back button in a browser:

back, because I don’t like this page,
back, because I like the previous page,
back, but I like this page, or

back, for no particular reason.

Even when the Web-site is designed in a way that user feedback
can be captured, typical situations may arise when the collabo-
rative filtering performs poorly due to a lack of ratings, espe-
cially in the beginning (see section 3.2). Then a combination of
two independent technologies collaborative-filtering and content-
based filtering leads to better prediction performance. While our
approaches focus on paintings and related content features, i.e.
color-histograms and texture-coefficients, the techniques can be
easily adapted to other domains by replacing the feature com-
parison part. For example, if the algorithms should be used for
adapting a web-based message board, word frequency vectors of
messages can be used as content-based features, and content-
based distance metrices can be derived from these.
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4.2 Conclusion and Future Work

In this article, we have identified filtering, especially collaborative
filtering, as a key technology for the creation of user-adapted Web
sites, sites which allow users to access information more efficiently
by exposing a personalized structure of the site. We identified
problematic issues when using filtering technology in order to
adapt a Web-site to individual users: How can user feedback be
achieved, and how can the filtering recommendations be used to
augment the site’s structure. We proposed alternative solutions.
We implemented a prototype user-adapted Web site, the Active
WebMuseum, which has been tested by a number of users.

However, our key interest lies in the enabling technology. Fil-
tering is a hard problem, and cannot be addressed by one fil-
tering technology alone. Due to limitations of both collaborative
and content-based filtering, it is useful to combine these indepen-
dent approaches to achieve better filtering results and therefore
better user-adapted Web sites. We described how content-based
techniques (in this case based on image indexing) can be used to
add content-based capabilities to the collaborative filtering and
then evaluated our approach in off-line experiments.

This work opens a number of directions for further research:

e improve the combination with content-based filtering with re-
spect to individual sensibility to content features,

e propose evaluation measures more related to user satisfaction
in particular based on the multi-corridor access paradigm,

We believe that collaborative filtering will appear as a powerful
tool in the future for the construction of user-adapted Web sites.

4.2.0.5 Acknowledgments: This research was supported by a re-
gional research grant, and by Eurecom’s industrial members: As-
com, Cegetel, France Telecom, Hitachi, ST Microelectronics, Mo-
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torola, Swisscom, Texas Instruments, and Thomson CSF. The
Active WebMuseum is based the collection of paintings of the

WebMuseum, Paris, which has been created by Nicolas Pioch.
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