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bstract

The increasing use of structured information on the web demands new ways of searching and integrating data from different sources. In this
aper, we focus on the use of unique representations of data objects in terms of public repositories (in this case MusicBrainz) and the use of

ecommendation mechanisms as a basis for supporting information access. We have implemented a prototypical system with the corresponding
unctionality in the area of digital music. We discuss the challenges of providing integrated access to structured web resources and the solutions
dopted in the MusiDB system.
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. Introduction

Finding information on the World Wide Web is more and
ore becoming a problem. Besides the sheer amount of infor-
ation available, the multitude of potential sources and their

nherent distribution is hampering the access to information.
or the case of textual information this problem is addressed

n terms of efficient search engines like Google that are able
o index and retrieve large amounts of information based on
eywords. Although the increasing use of database-generated
nformation on the web comes with new possibilities – the richer
tructures offer the possibility to answer more complex queries
n a more accurate way – when trying to combine structured
ata from different sources, it is necessary to handle differ-
nces in the structures used by the individual sources. Also,
n order to be able to retrieve relevant information, the user
as to know about the way content is organized in the different
ources.

So-called semantic portals [10] have been proposed as a

olution to the problem of accessing structured web data from
ifferent sources in a uniform way. Semantic portals normally
se ontologies as a neutral representation of the structure of
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nformation contents. The information from different sources
s linked to this neutral representation creating a shared view.
unctionality for searching and accessing data can be defined

ndependent of the individual sources using the shared ontology.
ecommendation techniques can be used as a way to provide the
ser with relevant data from the sources available [9]. The idea
f recommendation is to actively recommend relevant content
ased on knowledge about the user and his or her preferences.
any of these techniques can be applied without having to

ccess the actual content and without knowledge of the orga-
ization of information in the sources. Collaborative Filtering
echniques, for example, are solely based on information about
ow users rate the relevance of certain pieces of information
5]. This means that information from a source that the user has
ever seen can be identified to be relevant and recommended to
he user.

Combining a recommendation system with a semantic portal
ay be beneficial for two reasons.

The use of a portal for making multiple information sources
accessible at one-point supports the application of recom-
mendation techniques, because working at the portal level

provides a broader basis for recommendations both in terms
of users and data.
The use of recommendation techniques support the access to
information in a semantic portal because recommendations
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Fig. 1. Architecture of the MusiDB System.

can provide links between content in different sources based
on user preferences that can be used for integration purposes.

In this paper, we describe a partial implementation of a
emantic portal that combines access to multiple sources with the
se of recommendation techniques (see Fig. 1). In particular, all
arts of the architecture shown in grey have been implemented.
e distinguish between parts of the system that are stable (dark

rey) and experimental parts (light grey) that illustrate the under-
ying idea, but do not provide the complete functionality. Parts
f the architecture shown in white are not implemented yet. The
ystem, called MusiDB, is meant as an exploration of the pos-
ibilities that come with the application of these techniques.

We chose digital music as a domain because this area is
apidly gaining importance: A significant number of online
hops and auctions offer music either in the classical form of
ompact discs that can be ordered online or in terms of music
les that can be downloaded individually. In addition, online
usic databases and community web sites have emerged that

rovide information about a wide range of artists, albums and
ndividual songs (e.g. MusicBrainz or mp3.com). Combining
hese sources into a single portal would provide great advan-
ages for the user. The MusiDB application described in this
aper uses the MusicBrainz RDF database [11] as a basis for
ccessing different providers of digital music. MusiDB imple-
ents a simple shared ontology to represent information on

lbums. With its large amount of information (247,963 albums of
45,997 artists) MusicBrainz can be assumed to cover the con-
ent of many providers of digital music. Therefore, the search
nd recommendation functionality of the system uses the infor-
ation from MusicBrainz as the primary representation to find

elations between artists, albums and songs to expand incom-
lete user queries. The system then links content from different
ources to the instances returned by MusicBrainz. In the current
mplementation of the MusiDB system, we show how external
ources, in our case the Amazon web service, can be linked with

usicBrainz information in order to respond to user queries for
particular song with a list of available albums, their content

nd price. We further show that recommender functionality can
asily be added to such a system. In an experimental addition to
he recommender system, we implemented a functionality that

utomatically assigns artists and albums from MusicBrainz to
n ontology of musical genres based on user ratings. This func-
ionality has the potential to be used for topic based search and
ecommendation.
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When building the system, several challenges were encoun-
ered that are characteristic for the development on the semantic
eb and which will be discussed in the remainder of this article:

The first challenge is to deal with incomplete and inaccurate
data. The MusicBrainz repository is maintained by its users.
Since the data is not screened and checked before it is added
to the repository, inconsistencies will occur. This cannot be
prevented and has to be dealt with when trying to match an
album with the Amazon data.
The second challenge is to predict how users would rate cer-
tain items based on the information available. MusiDB bases
its prediction on other users that have similar preferences for
music styles and other albums.
The last challenge, although less interesting from the semantic
point of view, is how to effectively implement the application.

The structure of the paper is as follows. The article starts with
description of data sources and the ontology used as a common
iew. Both the MusicBrainz repository and the Amazon web
ervices will be introduced, followed by a discussion on how
hese two are integrated. The next section will then describe the
rocess of predicting ratings and providing recommendations.
he association of music styles with artists and albums will also
e discussed. After that, the internal structure of the applica-
ion will be revealed. Both the way the web browser is used to
un the application and the underlying business logic are dis-
ussed. The paper concludes with a brief discussion on possible
nhancements.

A screen video of the application can be found in [14]. It
hows how the application is used and demonstrates how the
eatures mentioned in the paper add up to a complete application.
he system can be used online at [17]. The complete source
ode is also available at [15], although at the moment without
ny support.

. Data sources

The two data sources used are the MusicBrainz repository
11], and the Amazon database [13]. In order to effectively com-
ine these, a simple data structure has been designed which is
sed to uniformly represent the data. Fig. 2 shows the structure.

All data is collected and combined real-time based on the user
uery. Therefore, the top-node has been called ‘Result’. Result
s associated with a list of Artists. Each Artist-node contains the
ame of the artist, a unique ID, a rating and a list of relevant
racks by that artist. Track contains the title plus a list of the
lbums on which it can be found. The Album then contains its
wn unique ID, rating, the track number and the duration of this
rack on the specific album as well as optional images, links and
ricing information.

The primary source of data is the MusicBrainz repository.

here possible, the data is augmented with information from

xternal sources (in particular, Amazon). In the next section, the
ata sources are discussed, followed by a discussion on how to
ntegrate these different sources.
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Fig. 2. The internal object model.
.1. MusicBrainz

MusicBrainz is a community music meta-database that
ttempts to create a comprehensive music information site. The

a
n
r
[

Fig. 3. MusicBrainz search r

Fig. 4. Album information linked to the M
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eta-data collected is information such as the name of an artist,
he name of an album, a list of tracks of an album, and audio track
ngerprints. The information is made available to the public by
roviding an RDF interface to the database (see Figs. 3 and 4).
ser applications can then use this interface to retrieve informa-

ion from the database. An example of such an application is the
usicBrainz Tagger [16]. This application uses the fingerprint

nformation to display information about a song that is being
layed.

Since the MusicBrainz database is maintained by many users,
ew albums are likely to be added to the database shortly after
heir release. But user maintenance also has a downside. The
nformation is not verified and thus it is possible that errors
ccur. Furthermore, it is difficult to establish a good standard of
ow to write down everything. Especially with additions to the
itle that indicate the edition or a numbering of volumes (e.g.
isc 2, (2), (Disc 2), Disc II) are often used inconsistently.
Libraries in different programming languages are made avail-
ble for database access. By using these libraries there is no
eed for the developer to build the queries and to parse the RDF
esult. MusiDB utilizes Perl libraries to access the repository
11]. Specifically, the FileInfoLookup function is used, which

esult for a track name.

usicBrainz output in figure Fig. 3.
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Fig. 5. Parts of Amazon sea

akes an artist and track title as input, and gives a list of all match-
ng albums as output. MusicBrainz allows for partially specified
ames. To indicate the reliability of a result, a ‘relevance’ value
s added to each result. To be able to uniquely identify all albums
nd artists in the database, MusicBrainz assigns all items in the
atabase a unique identifier. MusiDB uses the same ID to store
atings in the database.

.2. Amazon.com

Amazon is a web-shop selling – amongst others – music
Ds. To make it possible for partners to provide information
bout items in the Amazon web-shop, an XML based developer
nterface is provided. The application provides a search query
nd Amazon returns an XML document containing information
bout matching items, grouped 10 per page. A development kit
s available with code samples [13]. Amazon uses the Amazon
ystem Identification Number (ASIN) number for unique iden-

ification of CDs.
Fig. 5 shows a piece of the result of a query.

. Integration of data sources

Since we use two different data sources, both with a differ-
nt unique key for records and both with their own structure,
ome other kind of integration mechanism is required. In a per-
ect world, an album could be uniquely identified by its name.
nfortunately, different versions of the same album are released,

ometimes with different tracks. This makes it impossible to use
nly the album title as matching criterion. To make sure that

lbums referred to in MusiDB at least contain the requested
ong, an additional check is performed on the track title.

Even when two sources describe the same album, small dif-
erences in the stored titles also cause problems. Therefore, the

p
i
t
d

sults for the term ‘Jackson’.

itles are simplified before comparison. The following types of
requently occurring mismatches have been identified:

Many false negatives were caused by additions to the title.
These include indications of the disc number (e.g. ‘Disc
2’) and information on the recording (e.g. ‘live’). Many
of these are written between round brackets. To eliminate
this category of false negatives, all portions between round
brackets are removed from both the track and the album
titles.
Differences in the use of commas, colons and other sym-
bols are also big cause of mismatches. All symbols (including
spaces) are removed from the titles.
The use of capital letters is another cause of mismatch, which
is solved by converting the titles to lowercase.
In the album titles ‘a’ and ‘the’ are removed since they are
another source of error.

The search starts with a user entering an artist name and
rack title. MusiDB forwards this information to MusicBrainz
o obtain a complete list of all the matching albums. MusicBrainz
upports an approximate match, and a relevance value is added
see Fig. 3). Tests show that using only the matches with a rele-
ance of more than 60% gives a satisfying result. Of the selected
esults, the artist name, album title, track number, track title and
uration are stored in memory.

For every artist, Amazon is queried to provide a list of all
lbums by that artist. Each Amazon result is tested against all
tored results of that artist. The above-mentioned simplifications
f the titles are applied first. Then the track titles are com-

ared. This is to guarantee in an early stage that the right track
s on the CD. To allow again for additions to the title (other
han the ones between brackets), three different match levels are
iscriminated:
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b. Increase VoteCnt by 1.
4. Calculate the predicted rating rpredicted = R/VoteCnt.

See also Fig. 6.
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100% match, the track titles are identical.
60% match, the first 60% of the characters of the track title
are identical.
No match, none of the above conditions is fulfilled.

If the track title matches for at least 60%, the album title
s compared. Otherwise the Amazon result is considered to be
bout a different album. If the track title match was only 60%, a
00% match of the (simplified) album title is required. In case
f a 100% track name match, one album title may be longer
han the other, but the start should match. Given that a high
evel of similarity for both the album and the track name is
equired, the chance of false positives is extremely low. To ensure
hat the user will receive valid data, even in the unlikely case
f a false positive, Amazon information takes precedence over
usicBrainz information when storing the information.

. Personalisation

Parallel to the search, MusiDB implements personalisation
echanisms that support the user in finding interesting music.
he idea is provide personalized recommendations to users
ased on their preferences. In the literature, a number of rec-
mmendation techniques that try to predict the interest of the
ser into a particular item are mentioned:

Content-based [1]: items with properties similar to the ones
that the user liked in the past are recommended.
Demographic [1]: items that users with properties similar to
the current users liked in the past are recommended.
Collaborative [5]: the choices of people that liked similar
objects as the current users are recommended.

These methods have different advantages and disadvan-
ages [3]. Content-based methods, for example, are limited to

rather static view of the user’s preferences and is not able
o react adequately to new trends, which is important in the
omain of popular music. Demographic recommenders are bet-
er able to deal with changing preferences, but they require
ome information that the user is not always willing to pro-
ide. Collaborative filtering is a good alternative to demo-
raphic filtering as it compares users thereby reacting to trends
ut it does not rely on information about the users and the
tems besides information about how users rated items. For
his reason, collaborative filtering was chosen for the MusiDB
ystem.

Based on the idea of collaborative filtering, two types of per-
onalisation are used in the MusiDB application. Firstly, there
s the prediction whether or not the user will like an album or
rtist. Secondly, MusiDB selects new albums to recommend to
he user. Both of these are based on what is known about the
ser at that moment. The application does not force the user into
nswering a fixed set of questions before it can make a predic-

ion. This does have consequences for the algorithm used, since
here is absolutely no guarantee about the information that will
e available. In order to be able to handle this uncertainty, a new
pproach had to be developed.
Agents on the World Wide Web 4 (2006) 267–275 271

.1. Prediction

A number of approaches for comparing and predicting user
atings have been proposed [2]. The basic idea behind the pre-
iction is the following: if the user has a lot in common with
nother user, their opinions on an album or artist may very well
e the same. K-nearest neighbour exploits this fact by looking
or similar instances for which the requested attribute is known
4]. To determine the distance between two instances, a number
f variables must be taken into account. Using a fixed set has a
umber of drawbacks:

It would require the user to provide values for these variables
(e.g. by answering questions regarding music) before any pre-
diction could be made.
The selected questions (variables) should provide enough
information to be able to separate different classes of users.
Since information on album and artist ratings is collected any-
way (to be able to predict a value, reference attributes from
other users must be available), a lot of information is wasted
by not taking this data into account when selecting the nearest
neighbours.

The solution implemented in MusiDB takes another approach
hich might be called ‘weighted N-nearest neighbour’, where
stands for the entire population of users. So, every other user

n the population has a weighted vote, based on the number of
ommon ratings. The algorithm to determine the predicted rating
f user u for artist a, is as follows:

. Start with R = 0 and VoteCnt = 0.

. Create a list la of users that have a rating for artist a.

. For every user p ∈ la with rating rp for a.
3.1. For every common rating between p and u with the same

rating value:
a. Add rp to R.
Fig. 6. Predicting a rating.
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There are many albums and artists in the database. Since each
ser only rates a very small portion of these items, it may be a
roblem to acquire enough votes for a reliable prediction. The
hance of two independent users having ratings in common is
ust not big enough. MusiDB implements three mechanisms to
void unreliable predictions.

Firstly, MusiDB uses an aggregation mechanism in the form
f a poll to quickly gather common data. The poll consists of
uestions about preferences for music styles. Answering these
ueries helps to compute the recommendations but, as we will
iscuss later when linking artists and albums to genres, the user
s not obliged to answer them.

The second method also related to the poll is to motivate the
ser to provide input. To encourage people to participate in the
oll, the tactic of “sudden onset” is used to attract visual atten-
ion to the poll. Though sudden onsets are used in reaction time
xperiments, the use in the MusiDB aims for the same effect, i.e.
udden onsets can be very powerful attractors of attention [12].
he idea is not to show a poll all the time, but to show a poll at
ertain intervals to the user, each time attracting the user’s atten-
ion. To make it easy to provide album and artist ratings, stars
re added to each artist and album in the search result which can
e clicked on to provide the system with rating information for
hat item (see Fig. 8).

The third way of avoiding unreliable predictions is by defin-
ng a reliability threshold. This threshold defines the minimum
mount of votes that are required for a reliable prediction. If the
umber of votes is lower than the required number, then more
sers will get a vote. This is done by also granting users a vote
hat has common ratings with a difference of 1 star as the next
lgorithm shows:
. Start with R = 0 and VoteCnt = 0.

. Create a list la of users that have a rating for artist a.

. For every user p ∈ la with rating rp for a:

c
S
f

Fig. 7. Example artist classific
Agents on the World Wide Web 4 (2006) 267–275

3.1. For every common rating between p and u, with a dif-
ference of 1 star at most:
a. Add rp to R.
b. Increase VoteCnt by 1.

. Calculate the predicted rating rpredicted = R/VoteCnt.

If the threshold is still not met, there are two options. One
ption is to take the whole population average into account. The
ther is not to show a prediction at all. The second option seems
o be the best from a statistical point of view; the first was used
uring testing.

.2. Recommendation

The recommendation algorithm takes a similar approach as
he rating predictions, but instead of calculating one prediction
or a specific album, it calculates predictions for all albums that
ave been rated by other users that have a common rating.

. For every rated item i of user u, create a list li of users that
have given i the same rating.

. For every user p ∈ li add the rated albums of that user to list
la together with the rating.

. Remove all unique albums that occur less than tn times from
la. (Where tn is a pre-defined reliability threshold.)

. For every remaining unique album a ∈ la calculate the aver-
age rating ra for that album.

. Remove any albums with an average below ta. (Where ta is the
minimum required predicted rating for recommendations.)

. Select the best album that has not been shown recently.
The data gathered in the prediction and recommendation pro-
ess can be used to derive secondary information. As stated in
ection 1, the ratings may provide links between information
rom different sources. In MusiDB, an experimental addition

ation: Michael Jackson.



s and

u
t
s
a
T
s

t
r
u
t
s
e
p
t
J
G

t
p
t
n
b

5

a
t
a
a
t
I
b

5

t
t
n
b
s
T
i
m
1
U
m

a
a
M
S
i
f
r

p
s
T
c
f
c
p

5

w
b
o
l
b
b
y
a
t
o
t
a

o
p
c
A
o
a
a
‘
c
i
p
c
h

t
s
p
o
b
o
s
d

5

t
fi
u

R. Stegers et al. / Web Semantics: Science, Service

ses the correlation between answers given to the poll ques-
ions and ratings given to albums and artists, to link the music
tyles from the poll to the artists and albums. The associations
re calculated real-time and are exposed via an RDF interface.
his way MusiDB is able to combine information from different
ources and provide a whole new source of data on the internet.

At the moment there is not enough empirical data available
o really assess the quality of the associations. This has two
easons. First of all, a statistically significant result needs more
sers that rate albums and artists. The second reason is that in
he current experimental implementation we only use a limited
et of rather broad genre categories like ‘Rock’ and ‘Pop’. Nev-
rtheless, we managed to achieve some interesting results that
rovide evidence that the mechanism is useful. Fig. 7 shows
he RDF output of associations computed for the artist ‘Michael
ackson’. As we see, the strongest correlation exists with the
enre ‘Pop’ which is the expected result.
This way of categorizing artists and music can in turn be used

o support the search and recommendation functionality of the
ortal as it could be used to provide the functionality of retrieving
he most relevant artists for a given genre. This functionality is
ot implemented in the current system, but it can easily be done
ased on the information shown above.

. Implementation

Implementing a system that has to combine potentially huge
mounts of data, even taking into account all inputs present in
he system, is a challenge on its own. Further, to make it easy to
dd other data sources to the system, there should be a structured
nd open architecture. And finally, the last problem to tackle is
o implement a browser interface to provide all the functionality.
n the next sections all these problems, with their solution, will
e addressed.

.1. Handling data

In the MusiDB, there are three different data sources. First
here is the search result that comes from MusicBrainz. Second,
here is the data from Amazon. Third, there is the potentially vast
umber of user ratings. MusiDB utilizes the Perl library provided
y MusicBrainz for access to the repository. The biggest problem
eems not to be the amount of data to transfer, but the number of
CP/IP connections that have to be built. In that respect, RDF

s not the optimal way to retrieve data. The same holds for the
atching with Amazon. Amazon returns the result in blocks of

0. For every page retrieved, a new connection has to be opened.
nfortunately, no good solution has been found, so the search
echanism is slow.
With a growing number of users, the amount of rating data

vailable will also grow rapidly. Since specialized programs
re available to store and retrieve such large amounts of data,
usiDB also leaves this task to such a (SQL) database server.
ince for every prediction, every other user has a potential vote,
t would most certainly clog the system if all this data was trans-
erred every time a prediction is made. Caching all data is not
eally an option, since that would easily introduce consistency

b
b
s
a
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roblems. Therefore, MusiDB performs all required calculations
erver-side at the SQL server, by applying specialised SQL.
he calculations as described earlier require much matching,
ounting and averaging. The SQL language provides for these
unctions and by using these, the data-transfer between the appli-
ation and the server is limited to the queries and the resulting
redictions.

.2. Architecture

To allow for an easy extendible architecture that fits well
ith existing web servers, the business logic of MusiDB has
een implemented in Object Oriented Perl. The structure of the
bjects has been kept very close to the data model (Fig. 2). This
ed to an actual hierarchy of objects, the Results object at the
ase, containing a list of Artist objects. For every result returned
y MusicBrainz, the artist list is checked. If the artist does not
et exist in the list, it is added. The identified artist node is made
ctive and checked for the track title that was found. If required,
he track is added in the form of a Track object. Under this Track
bject, an Album object is created with information on the album
he track was found on. The result of this process is a tree with
rtists, tracks and albums.

The described hierarchy makes it possible to assign each
bject partial responsibility in case new data is added. For exam-
le, if new data from Amazon has to be added, the Results object
alls all its children – the Artist objects – to make them contact
mazon in search for results for the respective artist. These
bjects will in turn, call all their children with the results to
llow track title and album title matching (by the Track object
nd the Album object, respectively). This process is called the
Waterfall of Data’. During this process gaps in the information
an be filled. For adding the rating predictions the same process
s used. Only now both the Artist and the Album object call the
rediction calculation routines for their content and forward the
all to the children. The Track object only forwards the call and
as nothing further to do.

For outputting the consolidated data, the hierarchical struc-
ure helps too. The structure of the tree fits perfectly onto the
tructure of HTML. Every object displays the data it contains,
roviding a placeholder in which the child object can insert its
wn data. Currently, output modes are HTML and plain text,
oth implemented through this mechanism. Since the structure
f the displayed data closely follows the tree structure, this is
omewhat limiting. For example, it is hard to have the track
isplayed first with the different artists performing it.

.3. Web interface

The MusiDB GUI consists of two input text fields for, respec-
ively, a song title and an artist name to initiate a search. A login
eld is available for returning users. Frequently a poll will show
p in a separate area of the window, to ask the user for feed-

ack on genres. Within the search results albums and artists can
e rated by clicking on stars behind the items. The number of
tars that are lit either represent the rating given by the user, or
prediction in case no such rating is available. When enough
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Fig. 8. Screenshot of t

nformation is present about the user, a recommendation will be
isplayed. A Screenshot of the interface is shown in Fig. 8. The
omplete screen video of its use can be accessed at [14].

By using a web interface to access the data, everybody with a
ompatible browser can access all the information regardless of
he operating system and hardware platform. The stateless nature
f the HTTP protocol does however introduce some problems.
n principle, every page is just static after it is displayed. It is
aiting for user interaction to initiate a new page.
In MusiDB, however, a threaded architecture was desired to

llow for simultaneous searching, provision of polls and rec-

mmending albums (Fig. 9). By using frames, every individual
rame can be filled independent. MusiDB adds control frames –
hich are usually invisible – to make timer controlled updates to

Fig. 9. Thread-like control mechanism.
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he visible frames.1 Answering a poll question will load a Perl
cript in the poll control frame that has two functions. One,
t updates the database. Two, it produces a page with timed
avaScript that displays a blank poll window that after some
ime will use the control frame to display a new poll.

Since HTTP is stateless, it is required to incorporate all ses-
ion data in all the communication between the client and the
erver. This means that every newly loaded page should contain
he required references: every link is augmented with parameters
ontaining, for example, the UserId. This is done transparently
y (server side) PHP. As MusiDB now has a Perl script that gen-
rates an HTML page with PHP that generates JavaScript, the
hole thing might easily get very hairy. To prevent this, all page

ontrol code has been written using very readable functions,
ncapsulating the PHP/JavaScript code it produces.

. Conclusion

MusiDB has proven the possibility to use state-of-the-art web
echnologies like RDF models, web services and recommenda-
ion techniques to build applications that combine multiple live
ata sources. At the same time, the system is a proof of concept

or the use of MusicBrainz as a universal repository for music
nformation. It also provides an added value to MusicBrainz
n terms of rating and recommendation mechanism that use

usicBrainz data.

1 This required timer construction is the source of the current compatibility
roblems of the page with browsers other than Internet Explorer. There is no
tandardized way to implement timed-events in JavaScript.
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Some issues need to be addressed, primarily concerning the
fficiency of the search process. By using the MusicBrainz
ibraries, more data is gathered than strictly required. Pars-
ng the returned RDF data and only following the links that
ontain required data may reduce the time spent on search-
ng MusicBrainz. The fact that the Amazon interfaces force the
pplication into fetching the data 10 results at a time also intro-
uces a significant delay. This delay might be solved by using
ultiple threads that simultaneously fetch the Amazon results.
owever, this would require concurrency control to be added

nto the object hierarchy.
The most advanced feature of MusiDB is the functionality

hat determines the correlation between items, artists and albums
nd certain genres based on an active user poll. We believe that
sing user ratings as a basis for assigning information items
o categories is a promising approach. In order to get reliable
esults, a large user base is needed, but in cases where such a
ser base is given (e.g. in user communities interested in digi-
al music) this way of classifying information is the method of
hoice, especially, because any assignment of an artist to a genre
ontains some personal judgement.

At the moment, the system actually does not make much use
f the knowledge representation and reasoning capabilities of
emantic web languages. Most of the data is encoded in XML
nd the recommendation methods work directly on the data.
n interesting line of future research is to explore the possi-
ilities provided by semantic web technologies for enhancing
ntegration and recommendation. A good example of how richer
epresentations can be used to provide an integrated view on data
nd to support semantic-based methods on top of this integrated
iew is the work on the TAP knowledge base [7,8]. As TAP
lso covers the domain of artists and music, it could be used as
n additional source of knowledge in the MusiDB system. In
ecent work Middleton and others also show how categoriza-
ions of data can help to improve recommendation algorithms
6].

There are many directions in which the system itself could be

xtended. Besides the obvious task of adding more information
ources, the provision of more sophisticated search function-
lities which can also include genre information is a useful
xtension. Future enhancements of the system could be to keep

[
[
[
[
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rack of user actions regarding the proposed recommendations
nd listed albums; when a recommendation is clicked on, or
hen a listed album is clicked on (after which a new browser
indow is opened to Amazon), the system could consider this

lbum as an album the user especially likes.
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