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Abstract

The Internet is evolving from a static collection of hy-
pertext, to a rich assortment of dynamic services and
products targeted at millions of Internet users. For
most sites it is a crucial matter to keep a close tie be-
tween the users and the site.

More and more Web sites build close relationships
with their users by adapting to their needs and there-
fore providing a personal experience. One aspect of per-
sonalization 1s the recommendation and presentation of
information and products so that users can access the
site more efficiently. However, powerful filtering tech-
nology is required in order to identify relevant items for
each user.

In this paper we describe how collaborative filtering
and content-based filtering can be combined to pro-
vide better performance for filtering information. Fil-
tering techniques of various nature are integrated in
a weighed mix to achieve more robust results and to
profit from automatic multimedia indexing technolo-
gies. The combined approach is evaluated in a proto-
type user-adapting Web site, the Active WebMuseum.
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1 Introduction

More and more information is available on the Internet
through Web sites. Generally, these Web sites focus on
providing information on services and products. Some-
times, they also allow to perform transactions. The site
owner compiles a vast amount of information and or-
ganizes it in a 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. There-
fore, Web sites try to tie their users to their services
by providing more efficient (e.g., less time-consuming)
access to preferred content. A single structure for all
users fails to achieve broad satisfaction because users
have different backgrounds and focuses. Therefore, Web
sites which adapt to individual users are likely to be
attractive and successful. Web sites which adapt their
structure to the individual user are called user-adapting
Web sites.

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

Information filtering techniques fall in two indepen-
dent categories: content-based filtering and collabora-
tive filtering. Content-based filtering is based on con-
tent analysis of the considered objects, e.g. term fre-
quency 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 deter-
mined. While recent research shows good results for the
content-based filtering of text documents, filtering of
other media, as audio and video, is hard due to the lim-
itations of content analysis technology available. Col-
laborative filtering, on the other hand, does not show
this limitation. In collaborative filtering, objects are
selected for a particular user when they are also rele-
vant to similar users and, in general, the content of the



objects is ignored. Therefore, collaborative filtering is
especially interesting for objects for which content ana-
lysis 1s difficult or impossible, for example non-textual.
However, the performance of collaborative filtering re-
lies on the amount of available opinions on the consid-
ered objects and it therefore performs poorly when few
or no opinions are known.

In order to build better performing filtering systems
both techniques can be combined. In recent research
several approaches combining both techniques have been
studied [3, b, 10]. However, these approaches are lim-
ited to text documents. For objects such as images these
approaches are not appropriate.

The purpose of our research is to explore the com-
bination of content-based and collaborative filtering on
media for which indexing techniques are limited. We
have implemented our ideas in a prototype called the
Active WebMuseum. The museum is a Web based ser-
vice, that gives personalized tours through a virtual
collection of art paintings. In the basic prototype, per-
sonalization was achieved through collaborative filtering
only. The opinions on paintings collected through the
Active WebMuseum are now used for further studies on
combining content-based and collaborative filtering.

In this paper, we first describe our prototype of a
user-adapting Web site, the Active WebMuseum, in more
detail in section 2. Then, the content-based filtering,
which is based on color and texture indexing techniques
for images, is described in section 3. Collaborative fil-
tering is explored in more detail in section 4. We then
present our combined approach together with an eval-
uation in section 5. Finally, we conclude and describe
future steps in section 6.

2  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 tours, which might
be covering a particular topic or addressing a particular
interest group, but having personal tours which show
exactly the items of hight interest is impractical because
items cannot be physically moved.

When a museum’s art collection is presented through
the Web, it becomes feasible to rearrange the collection
for each individual visitor. Numerous museum sites al-
ready exist on the Web. They present images of arts
contained in a hypertext structure, so that the navi-
gation 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

1s 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.!

2.1 The site’s content model

In the Active WebMuseum project, we use filtering tech-
niques to create a user-adapting Web site, in which the
navigation structure is created for each specific user,
based on predictions of what this user should prefer.

In order to allow dynamic restructuring of a museum
site based on collaborative filtering, we introduced some
simplifications:

e The site content is determined by a corpus of paint-
ings. Each painting is contained in one Web page,
which displays the painting and further gives ad-
ditional information (title, painter and date).

e The pages are organized in categories, which can
be accessed through virtual corridors.

By changing existing corridors and creating new ones,
which contain references to pages showing paintings, it
1s possible to dynamically restructure the museum site
in a way adapted to each user.

2.2  Access Paths

In this section we describe how the access to the cor-
pus of paintings is implemented in the design of the
user interface of the Active WebMuseum. In general
we pursue three goals:

1. Provide typical access paths, which are present in
most real museums, e.g. accessing corridors which
contain arts by one chosen artist, or one epoch.

2. Provide dynamic corridors, which contain arts grouped

by a chosen criteria, e.g paintings which are similar
in color to a chosen reference painting.

3. Personalize the tour through the museum, e.g. show-
ing arts, which are most relevant first to the visi-
tor.

While the first two aspects are more or less already
present in current Web-based art collections, in this pa-
per we focus on the third point.

'The Active WebMuseum (accessed through http://www.eurecon.
fr/ kohrs/museum.html) uses the collection of paintings from the
WebMuseum, Paris(accessed through http://metalab.unc.edu/wm/),
which has been created by Nicolas Pioch and contains roughly 1200
paintings by about 170 painters.
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Figure 1: Browsing dynamic corridors: If the user has
chosen a dynamic corridor (in the example a corridor
containing paintings by Jackson Pollock), he is pre-
sented iconized paintings ordered according to his pref-
erence. From here the visitor may choose to get closer to
a painting by clicking on 1t. Further the user may choose
another access path to the collection: Paintings ordered
according to personal preference, paintings ordered ac-
cording to average rating by other visitors, paintings by
other painters, etc. The user may also choose to further
precise his user profile by providing more ratings.
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Figure 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). If
not already done, the visitor has to assign a rating to the
painting expressing much he enjoys the painting. From
the detailed view of a painting the visitor may return
to the previous corridor, or he may choose to create a
new corridor containing paintings similar to the current
painting. As similarity criteria he may choose: same
artist, same century, similar color or similar texture.



2.2.1 Typical Access Paths

In the Active WebMuseum we incorporate the commonly
provided access path “by painter”. The arts of one se-
lected painter can be selected and are then presented
in a virtual corridor as if visiting a real corridor con-
taining all the arts of that particular painter. Further,
it is possible to access the arts of one epoch (paintings
which fall within one hundred years time intervals).

Other access criteria can be suggested, such as style,
portraits etc., but we did not emphasize this issue since
the focus of our work is on filtering techniques.

2.2.2 Dynamic Corridors

While the provisions of typical access paths provide the
user with more or less the same service as real muse-
ums (arts grouped by painters and epochs and shown
in corridors), it should be the purpose of a Web-based
museum to provide additional functionality which 1s im-
possible in real museums.

In our case of the Active WebMuseum we provided
some functionality which allows the user to dynami-
cally create corridors containing arts which satisfy a
selected criteria. The general idea is that the visitor,
after viewing one painting, might want to view paint-
ings which are similar. By choosing a similarity criteria
(same painter, same century, similar color, similar tex-
ture) the user warps directly to corridors, which are
dynamically created.

2.2.3 User-Adapting Corridors

As we described earlier, in the case of the Active Web-
Museum, the main objects of change in order to adapt
to the user are the corridors. The goal is to rearrange
corridors so that museum visitors find faster paintings,
which they like. The Active WebMuseum provides sev-
eral dynamically created access paths to the collection
of paintings:

e by color: paintings which are similar in color to
the current painting.

e by texture: paintings which are similar in texture
to the current painting.

e by ranking: paintings ordered according to average
rank of all users.

e by recommendation: paintings ordered by personal
ranking (as predicted by collaborative filtering).

Each of these access paths is mapped on a dynamic
corridor, which allows the sequential browsing of appro-
priate images for that particular corridor.

Some corridors contain a large number of paintings
so that it is very important to display the most signif-
icant paintings first. For some corridors the order is

predetermined, e.g. the corridor containing paintings
similar in color to a particular reference painting. On
the other hand, for some corridors the order of presenta-
tion 1s not constrained by the paintings themselves; e.g.
the corridor containing paintings by Vincent Van Gogh.
Instead of using arbitrary orderings, e.g. alphabetical,
the order of presentation is adapted in such cases to the
visitor’s preference (predicted by collaborative filtering
if unknown).

When presented with preferred paintings first, the
visitor can spend more time with paintings which he
most enjoys.

2.3 Acquiring Preferences

In the previous section, we explained how preferences
are used in order to transform corridors to personalized
corridors. This approach 1s based on the existence of
the visitor’s preferences. In the Active WebMuseum,
visitors can express preferences by giving symbolic ra-
tings to paintings (excellent, good, neutral, bad, terri-
ble). For historic reasons, the symbolic ratings are then
mapped on numerical ratings in the interval [0..10]. For
paintings which have not been rated by the visitor, the
ratings are predicted using other users ratings and col-
laborative filtering technology.

Rating paintings should not be the prime occupa-
tion of a user. Therefore, the ratings can be conve-
niently provided while wandering within the museum.
We noticed in initial trials, that users are hesitant in
giving ratings, because giving a rating demands the in-
convenience 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 cho-
sen tour, and

e if a painting i1s viewed 1n detail a rating is manda-
tory so that the visitor evaluates this painting or
otherwise cannot continue his tour.

In the following sections we describe how ratings for
paintings are predicted first by using content-based fil-
tering and then collaborative filtering and finally using
both in combination.

3 Content-Based Filtering

It is reasonable to expect that images with similar con-
tent will be almost equally interesting to users. The
problem is that defining image content and image sim-
ilarity 1is still an open problem. Ongoing research in
Multimedia indexing is focusing on two directions:

e either each 1mage is described by a textual cap-
tion, and captions are compared using techniques
derived from document retrieval,



e or analysis and recognition techniques are applied
to the image pixels to extract automatically fea-
tures which are compared using some distance mea-
sure in the feature space.

We focus on the second approach, because it can
be entirely automated. In our prototype, we have cur-
rently implemented two feature extraction components,
derived from the work described in [13, 14]: color his-
tograms and texture coefficients.

3.1 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 perception of colors.
The HSV coefficients are quantized to yield 166 differ-
ent 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.

3 i) = (i)

Ll(hp’hp') (1)
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3.2 Texture Coefficients

While color histograms do not take into account the
arrangement of pixels, texture coefficients can be com-
puted to characterize local properties of the image. We
are using a wavelet decomposition using the Haar trans-
form, by which a number of sub-images corresponding
to a frequency decomposition are generated. These sub-
images (see figure 3) are quantized to binary values, so
that each pixel of the original image is associated with
a binary vector of length 9. The histogram of these vec-
tors (it has length 512) is the feature vector associated
to the texture analysis of the image. Again, the L;(see
equation 1) distance is used to measure the texture dis-
tance between images.

3.3 Content-based Prediction

Using the individual ratings, that users assigned to paint-
ings, and the previously described content-based dis-
tances between paintings, we measured a correlation
between image distance and the difference of ratings,
which the same user assigned to the paintings. The re-
sults for color histograms and texture coefficients are

(b) Wavelet decomposition

Figure 3: In order to determine the similarity between
paintings according to texture, all the painting in the
database are decomposed into sub images using wavelet
decomposition. From the decomposition a feature his-
togram 1s derived, which can then be compared by the
use a vector metric.



plotted in figure 4. These measurements suggest, that
paintings which are close in color or in texture receive
in general similar ratings by the same users.

The primary goal for the Active WebMuseum is to
select most relevant paintings. This is achieved through
predicting the ratings, that a user would assign. Based
on the findings of the previous measurements concern-
ing the relationship between image distance and rating
difference we derived a content-based prediction model.
We use a linear estimator for the content-based predic-
tion, which is illustrated in the following formula:

Tu; ¢ user u’s rating for image ¢

I, : Images, rated by user u.
Distance intervals:

j = 1..77,)\

intervaly = [0,1),intervaly = [1,1.5)...

Distance classes:

Ci(i) = {7 €1, :d®(i,i) € interval;}

Prediction for image ¢ for user u:

pcolor (u’ Z) —

5 . Brec s
P 1C;(4)]

Expressed in words, the prediction works as follows:
If a prediction 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;(i)) according to
color-based distance to target painting . Each class is
associated with a weight A;. The prediction is then the
weighed sum of the mean ratings of each class. The
weights A; are estimated through linear regression by
using a priorly separated subset of the ratings.

For each content-based criteria, color histogram and
texture coefficients, a predictor was created: p°®°" and
pteture  Later in this paper we describe how these pre-
dictors are used in combination with a collaborative fil-
tering predictor in order to improve prediction results.

4 Collaborative Filtering

Collaborative filtering is a filtering technology which
can be used for personalized recommendation. It is cur-
rently successfully applied to several content domains,
3 and even jokes.* Collaborative fil-
tering gains more and more popularity in the e-commerce
world, since 1t 1s an excellent technology to improve cus-
tomer relations by personalizing offers and at the same

e.g. books?, movies

?Amazon (http://www.amazon. com/)
®Moviecritic (http://www.moviecritic.com/)
*Jester (http://shadow. ieor.berkeley.edu/humor/)
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Figure 4: Correlation of distances between color-

histograms(texture-coefficients) of paintings and rating
differences: For each user and for each painting, that
a user rated, all occurring distances between the paint-
ings were collected together with the according absolute
difference of ratings. The distances are then sorted and
grouped. The mean distance of each group determines
the values for the x-axis. For each group the mean ab-
solute rating difference determines the y-coordinate.



time increasing sales by targeting products, information
and advertisement in a personalized way. Collaborative
filtering systems recommend objects for a target user
based on the opinions of other users by considering how
much the target user and the other users have agreed
on other objects in the past. This allows this technique
to be used on any type of objects and thus build a large
variety of services, since collaborative filtering systems
consider only human judgments on the value of objects.
These judgments are usually expressed as numerical ra-
tings, revealing the user’s preferences for objects.

The importance of collaborative filtering is reflected
in a growing number of research activities. One of the
earliest projects is the GroupLens project [8, 9, 10],
which focuses on filtering news articles from the Usenet,
and recently also movie recommendation. Ringo [12, 11]
was a collaborative filtering prototype for recommend-
ing music, leading to the spin-off company Firefly®.

Most collaborative filtering systems collect the users
opinions as ratings on a numerical scale, leading to a
sparse matrix rating(user,item) (in short ry ;). Col-
laborative 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 pre-
dict ratings [6, 12, 4].

In our Active WebMuseum we apply a commonly
used algorithm, proposed in the GroupLens project and
also applied in Ringo, which is based on vector corre-
lation using the Pearson correlation coefficient. In the
following we will describe the underlying formulas in
more detail to make the general idea of automatically
using other users as expert recommenders more under-
standable.

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

If 7, 1s set of items that a user u has rated then we
can define the mean rating of user u as:

1
] 2

1€l

Ty =

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 target user u and
the other users w':
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SFirefly (www.firefly.com) specializes in personalization and pri-
vacy on the Internet.

It can be noted thatp € [—1,+1].

The value of p measures the similarity between the
two users’ rating vectors. A high value close to 1 signi-
fies high similarity and a low value close to 0 signifies
low correlation (not much can be deduced) and a value
close to —1 signifies that users are often of opposite
opinion.

The prediction formula (shown below) is based on
the assumption that the prediction is a weighted average
of other users’ ratings. The weights refer to the amount
of similarity between the user u and other users.

U; . Users, who rated item 1.
peollab(uyi) = T4k Z plu, W) (ryr i — Tar)
u'elU;
1
with & =

Y wew, plu )

The factor k& normalizes the weights.

5 Combining Collaborative and Content-based Fil-
tering

In earlier work we discovered typical problematic cases
for collaborative filtering systems [6], cases when not
enough ratings are available, due to an insufficient amount
of users or too few ratings per user. In the contrary,
content-based schemes are less sensible to sparsity of
ratings, since the performance for one user relies ex-
clusively on his user-profile and not on the number of
users in the system. However, comparative studies have
shown, that collaborative filtering can outperform content-
based filtering [2, 1]. Collaborative filtering should there-
fore be favored over content-based filtering.

In cases where collaborative filtering is limited by an
insufficient amount of users and ratings, a combination
of content-based and collaborative filtering should lead
to better filtering performance. Besides the improve-
ments of performance for cases of sparsity, a system
which uses a combined approach can also recommend
items which have not yet received any ratings e.g., new
items, which is not possible for a system relying only
on collaborative filtering.

In the following we present briefly recent research,
which pursues the combination of content-based and
collaborative filtering.

5.1 Existing Approaches

Fab[3] is an agent-based document filtering system. An
agent society adapts through genetic algorithms and
machine learning to topics and users. The agents are
grouped into two different groups: The selection agents



adapt to the preferences of a specific user and the col-
lection agents adapt to topics. The collaborative aspect
1s achieved by the use of the same specialized collection
agents for a group of related users and by forwarding
highly rated documents to similar users. Similarity be-
tween users is determined from the keywords of pre-
ferred documents, by the use document retrieval tech-
niques.

Sarwar [10] suggests filter-bots, specialized agents
which detect features (spelling accuracy and message
length) in news articles for the GroupLens Usenet fil-
tering system. According to the feature detection the
agents insert artificial ratings into the system.

The previously described projects combine collabo-
rative and content-based filtering technology. However,
a coherent method for combining collaborative filtering
with content-based filtering has not been described yet.
Further, both approaches were designed to operate on
textual documents. For text documents the IR commu-
nity has produced powerful analysis models, e.g. the
Vector Space Model. For other media, such as images,
it 18 not obvious how collaborative filtering can gain
from existing content-analysis techniques.

In the following we briefly present our first approach
of combining content-based and collaborative filtering.
Our goal is to show that the performance of collabora-
tive filtering 1s improved when combined with content-
based filtering based on color and texture of paintings.

5.2 Linear Combination

For the following considerations we assume an existing

collaborative filtering system, as the Active WebMuseum.

The combination with content-based filtering is there-
fore rather an extension of collaborative filtering. As re-
search leads to additional content-analysis tools, the ex-
tension approach should not limit the number of content-
based extensions. Therefore we combine the content-
based predictors with the collaborative predictor pe!e?,
as described in section 4, linearly using the following

formula:

P (uyq) = peotlab . peotlab(y gy 4
peotor . peotor () 4
pteture . pewture(y )

with Zu =1

The weights plcotlabeolorterture} are egtimated by
the use of linear regression with a set-aside subset of
the ratings.

5.3 Evaluation

After the Active WebMuseum has been online for sev-
eral months, about 4000 ratings by 140 users were col-

lected. Figure 5 depicts a histogram of the collected
user ratings.
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Figure 5: Distribution of the user ratings for the paint-
ings in the Active WebMuseum.

In order to evaluate our approach, we measured the
performance in terms of prediction precision for vari-
ous combination configurations through off-line experi-
ments on the collected data.

For the measurements 10 ratings for each user of a
subset of 15 users were randomly separated in a test-set
of ratings. Then the system was used to predict ratings
in the test-set, using various prediction methods with
the remaining ratings as a training set. The predictions
are then compared to the original test-set to derive pre-
diction errors.
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Figure 6: Histogram of the absolute prediction errors.

Figure 6 shows the histogram of the absolute pre-
diction errors created by using only the collaborative
predictor and using the combined predictor. It can be
noted that while the collaborative predictor shows more
frequent smaller errors, the combined predictor avoids
large errors. However, it is hard to judge which one
should be better. Also since the data-set is rather small



the histograms of absolute errors the result changes de-
pending on the selected test-set. In order to measure
the performance of the prediction more robustly, the
division into test-set and training set was repeated five
times. After each run the prediction is evaluated us-
ing mean absolute error and correlation as distances
between the test-set and the predicted set. These mea-
surements were then averaged.

Table 1 lists the measured precision for the previ-
ously discussed predictors. Here, it is interesting to note
the improvements of the combined approach compared
to the pure collaborative approach. An improvement of
mean absolute prediction error (MAE) in the combined
prediction over the collaborative prediction can be iden-
tified. Further, an improvement of standard deviation
of the absolute error (DEV) can be observed indicating,
that the predictions are more robust using the combi-
nation, i.e. large prediction errors are likely avoided.
The increase of the mean correlation (COR®) indicates
that the overall ordering of the paintings in the test-set
1s more respected by the prediction when the combina-
tion is used instead of collaborative prediction by itself.

Prediction | MAE | DEV | COR
Method

Collab 1.972 | 1.397 | 0.353
Combined 1.824 | 1.159 | 0.383

Table 1: Prediction precision of collaborative and com-
bined predictors: The mean absolute prediction er-
ror(MAE), its standard deviation(DEV), and the cor-
relation (COR) between the prediction and the test-set
were measured. The measurements are averaged over b
different test-sets and over all users.

Table 2 lists measurements of COR for variations
of the combinations of predictors. The measurements
show that the color predictor performs better than the
texture predictor when used without combination. Fur-
ther, the combination of the collab predictor with both
the color and the texture predictor outperforms all the
other combinations suggesting if another content-based
predictor was added the combined predictor could be
even more improved.

The observed improvements through the combina-
tion of collaborative filtering and content-based filtering,
based on color and texture, suggest that the principle is
valid. However, the presented combination model does
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 others.

SFor the correlation the same correlation formula as for the collab-
orative prediction (section 4) is used by replacing r, with the ratings
in the test-set and r,, with the predictions.

Prediction Method COR
Texture 0.128
Color 0.178
Color & Texture 0.218
Collab & Texture 0.364
Collab & Color 0.377
Collab & Color & Texture 0.383

Table 2: Prediction precision with variation of the com-
bination.

The goal of the prediction is to present users only
relevant paintings (paintings, which they would rate
highly), so that the users get the most satisfaction from
visiting the site of the Active WebMuseum. Therefore,
a good measure for the comparison of different predic-
tion strategies should be focused on user satisfaction.
We believe that the previously used measures which
have been commonly used in the literature, are related
to user satisfaction but do not focus on the goals of the
users. More appropriate measures should be designed,
for example another measure would monitor the ratings
given by the users when they visit the site. If the sys-
tem works well, then only positive ratings should be
expected (except for new users). We have not yet in-
vestigated further in this direction.

6 Conclusion and Future Work

In this paper we identify filtering as a key technology
for user-adapting Web sites, sites which allow users to
access information more efficiently by adapting to their
preferences. However, filtering 1s a hard problem, and
cannot be addressed by one filtering 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-adapting Web sites. We validate
the combined use of collaborative and content-based fil-
tering in several steps: First, we established a prototype
user-adapting Web site, the Active WebMuseum, in or-
der to apply our findings and to collect data about users.
We demonstrated how filtering is used to personalize a
Web museum. Second, we show for the example of art
paintings how multi-media indexing technology can be
used to derive content-based filtering. And third, we
describe how various filtering technologies can be com-
bined. This combination uses a weighed mix of available
filtering techniques, so that the filtering result improves,
even if weak techniques are included, as in our case, rec-
ommendation of paintings based on color and texture.
The validity of the combination approach is supported
by performance measurements.

In the future we plan to improve the combination



method, as to adapt the mix of filtering techniques to
the individual user. In [7] we describe how the approach
by Sarwar [10] which we mentioned in section 5.1 can be
extended for color and texture leading to more adaption
to the individual users.

Also, in addition to texture and color, other auto-
matic indexing techniques can be used to integrate more
content-based schemes, e.g. fractal distances between
images. Another important issue is a reliable measure
of the systems performance. Monitoring the users’ ra-
tings during the use of an user-adapting Web site will
lead to a measure, which comes closer to user satisfac-
tion.

We believe that our work is useful for other ap-
plications which fall into the category of multi-media
databases, for example online poster galleries or online
music sales, given that personalization is an issue and
automatic indexing technology is available.
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