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Abstract

There have been many attempts to construct web page
recommender systems using collaborative filtering. But the
domains these systems can cover are very restricted because
it is very difficult to assemble user preference data to web
pages, and the number of web pages on the Internet is too
large. In this paper, we propose the way to construct a new
type of web page recommender system covering all over the
Internet, by using Folksonomy and Social Bookmark which
are getting very popular in these days.

1. Introduction

As the scale of the Internet are getting larger and larger
in recent years, we are forced to spend much time to select
necessary information from large amount of web pages cre-
ated every day. To solve this problem, many web page rec-
ommender systems are constructed which automatically se-
lects and recommends web pages suitable for user’s favor.
Though various kinds of Web Pages have been constructed,
there are many points to be improved in them.

Most of past web page recommender systems uses col-
laborative filtering. [1][2][3] Collaborative filtering is often
used in general product recommender systems, and consists
following two stages. [4]

1. Analyze users ’purchase histories and extract user
groups which have similar purchase patterns

2. Recommend products which are commonly preferred
in the user’s group

In general collaborative filtering, similarity between two
users is considered‘ 0 ’if the two users buy no common
product. So, to calculate properly, system needs enough
amount of purchase histories (N users), compared to the
number of products M.

Most of past web page recommender systems replace
“ purchase histories”by“ access logs”. In this case, ac-

cess logs are distributed to each web server, so such sys-
tems have to limit their web domains to particular web sites.
Even if large amount of user preference data to the entire In-
ternet is obtained, it is yet necessary to cluster web pages by
their contents because the number of web pages is huge.

In this paper, we solve the problem of“ lack of user pref-
erence data to web pages”by using“ Social Bookmarks”
as data source which are getting popular in these days, and
proposes the way to construct a web recommender system
which covers the entire Internet. By mining tag data of Folk-
sonomy, we propose a new way to express users ’prefer-
ence to web pages. We also solve the problem of“ tag re-
dundancy in Folksonomy”.

In what follows, we introduce Folksonomy and Social
Bookmark in Chapter 2. In Chapter 3, we describe the algo-
rithm and architecture of our web recommender system. In
Chapter 4, we describe our experiments, and in Chapter 5,
we examine the result and compare with related works. In
the end, we conclude in Chapter 6.

2. Folksonomy and Social Bookmark

Recently Folksonomy and Social Bookmark are getting
popular and spreading widely. Folksonomy is one of the
components of Web 2.0 which is famous for Semantic Web.
Social Bookmark is a web service using Folksonomy.

2.1. Folksonomy

Folksonomy [5] is a new classification technique which
may take place of past taxonomy. In case of web page classi-
fication using taxonomy, someone constructs the classifica-
tion tree at first, and pages are classified based on the tree.
An example of taxonomy tree is Yahoo Directory. On the
other hand, in Folksonomy, end users put keywords called
“ tags”to each page freely and subjectively, based on their
sense of values. Anyone can choose any word as tag, and
can put two or more tags to one page.

Figure 1 shows an example of tagging by two users.
By analyzing large amount of tags, we can make a vari-

Proceedings of the Third International Conference on Information Technology: New Generations (ITNG'06)  
0-7695-2497-4/06 $20.00 © 2006 IEEE 



Figure 1. Tagging in Folksonomy

ous kinds of classification. Folksonomy is a bottom up ap-
proach where users themselves join the classification, com-
pared to top down taxonomy. By this nature, Folksonomy
classification can reflect users ’actual interest in real time.

On the other hand, one problem exists in Folksonomy.
There is no limit for decision of tags in Folksonomy, so
many similar tags are generated as usual. For example, user
A puts tag“mathematics”to a mathematical page, and user
B puts tag“math”to the same page. This happens very of-
ten in Folksonomy tagging, and called“ tag redundancy in
Folksonomy”. We have to consider this when construct-
ing systems which deals with Folksonomy.

2.2. Social Bookmark (SBM)

Social Bookmark (SBM) is a kind of web services on
which users can share their bookmarks. Anyone can see
anyone’s bookmark on SBM. The most popular one is
del.icio.us [6], and has been spread rapidly since the lat-
ter 2004. Users can put tags to bookmark pages, based on
Folksonomy. Users’bookmarks are related dynamically by
tags.

3. System Architecture

3.1. System outline

As described in Chapter 1, most past web recommender
systems use collaborative filtering. In Basic collaborative
filtering, users ’preference are expressed as sets of prod-
ucts they purchased. But it doesn ’t work well if the num-
ber of products(pages) is too large, because in such case it’s
very hard to find similar users. To solve this problem, we
express users ’web page preference by“ affinity level be-
tween each user and each tag”. By this approach, users ’

Figure 2. Entire System Architecture

preference are abstracted and it becomes easier to find sim-
ilar users. In addition, we try to solve the problem of“ tag
redundancy in Folksonomy”by clustering tags. Clustering
also shortens the time to calculate recommendation pages.
Figure 2 shows the entire architecture of our system. First
we introduce each stage shortly, and then describe in de-
tail in following section.

1. Retrieve public bookmark data on SBM and store it in
DB

2. Calculate affinity level between users and tags by us-
ing data acquired at stage 1

3. Calculate similarity between tags

4. Cluster tags by using the result of stage 3

5. Calculate affinity level between users and tag clusters
by using the result of stage 2 and 4

6. Calculate recommendation pages in each cluster by us-
ing the result of stage 4

7. Calculate recommendation pages to each user by using
the result of stage 5 and 6

3.2. Detail in each stage

3.2.1. Retrieve data on SBM All users’bookmark pages
and tags put to the pages are public on general SBM. Fig-
ure 3 shows the model of public data on SBM. There are
three kinds of objects (users, web pages, tags) connected
with each other. The number put on the edge between tag
T and page P shows the frequency that different user T to
P. Figure 3 also shows information which user bookmarks
which pages.

We express the number between page P and tag T as“
w(P, T)”at the following. We also express the bookmark
page set of user A as“ bookmark(A)”.
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Figure 3. Model of SBM

3.2.2. Calculate affinity level between users and tags In
this stage, the system calculates affinity level between each
user and each tag. Affinity level is a scholar value which
shows the degree of relation. For example, if user Bob book-
marks many pages about car, the affinity level between user
Bob and tag“ car”will be high.

Affinity level tends to be high if tag T is rare. We define
“ rel(A, T)”as affinity level between user A and tag T. To
calculate this value, we first calculate“ rel(P, T)”, which
shows affinity level between page P and tag T.

rel(P, T ) = TF (P, T ) × IDF (T )

TF (P, T ) =
w(P, T )∑

Ti∈TAGS w(P, Ti)

IDF (T ) = log

∑
Pj∈PAGES

∑
Ti∈TAGS w(Pj , Ti)∑

Pj∈PAGES w(Pj , T )

This formula is based on TF-IDF. In this case, TF(P, T)
shows the ratio of tag T in all related tags to page P, and
IDF(T) shows the rareness of tag T.

By using this result, we then calculate rel(A, T) as fol-
lows.

rel(A, T ) =
∑

Pi∈bookmark(A)

rel(Pi, T )

3.2.3. Calculate similarity between tags Using the simi-
lar algorithm as stage 2, the system calculates the similarity
between each tag.“Similarity”also shows the degree of re-
lation. For example, the similarity between tag“mac”and
tag“ apple”will be high.

We define“ rel(T1, T2)” as the similarity of tag T2

from the view point of tag T1, and the system calculates
the value as follows. This value is not necessary the same as
rel(T2, T1).

rel(T1, T2) =
∑

Pi∈PAGES

w(Pi, T1) × rel(Pi, T2)

3.2.4. Cluster tags The system clusters high related tags
based on the tag similarity values acquired at stage 3. By
clustering tags, the system can treat tags with an appropri-
ate size of topic. Clustering can also solve the problem of
“ tag redundancy in Folksonomy”. We cannot describe the
clustering algorithm in detail here, so we briefly show the
outline.

1. System calculates the“parent tag”of each tag, which
is the most important and highest related tag to each
tag

2. System generates tag clusters where each cluster has
only one tag, which is also the“ cluster leader”of
each cluster.

3. Merge two clusters, if one cluster’s leader’s parent is
included in the other cluster and similarity between the
clusters exceeds certain threshold. The leader of the
merged cluster becomes the leader of the latter clus-
ter. This phase is repeated until no clusters meet the
requirement to merge.

We can adjust the average size of clusters by changing
condition parameters used in phase 3.

3.2.5. Calculate affinity level between users and tag
clusters In this stage, the system calculates the affinity
level between each user and each tag cluster, based on the
affinity data of stage 2 and tag clusters of stage 4. By calcu-
lating this value, the user preference can be expressed by the
units of topics. We define rel(A,C) as the affinity level be-
tween user A and tag cluster C, calculated as follows.

rel(A,C) =
∑

Ti∈C

rel(A, Ti)

3.2.6. Calculate recommendation pages in each tag
cluster In this stage, the system calculates recommenda-
tion pages of each tag cluster, which is considered to be cor-
responds with each topic. First, we define point(C,P ) as
”recommendation point” of page P in tag cluster C, and cal-
culate as follows.

point(C,P ) =
∑

Ti∈C

w(P, Ti)

Pages with high points are chosen sequentially as recom-
mendation pages.
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A B C D E
Number of clusters 2175 1430 877 512 412
Average cluster size 1.00 1.52 2.48 4.25 5.28
Average calculation time of
stage 7 in each user (sec)

5.4 2.8 2.2 1.8 1.6

Size of cluster “English” 1 3 5 7 10
Size of cluster “Java” 1 11 15 30 34
Size of cluster “blog” 1 28 51 64 70

Figure 4. Each clustering case

3.2.7. Calculate recommendation pages to each user
By using the affinity level of stage 5 and recommendation
points of stage 6, the system then calculates recommenda-
tion pages to each user. First, we define point(A,P ) as
”recommendation point” of user A in tag cluster C, and cal-
culate as follows.

point(A,P ) =
∑

Ci∈CLASTERS

rel(A, Ci) × point(Ci, P )

Pages with high points are chosen sequentially as recom-
mendation pages.

4. Experiments

We constructed the system with Java 5.0, and did two
types of experiments, (A) and (B). (A) is an experiment to
evaluate recommendation accuracy by using data only on
SBM. The purpose of experiment (A) is to find the opti-
mal cluster size with best accuracy. (B) is an experiment
in which human users evaluate the recommendation accu-
racy. In (B), the optimal cluster size acquired in (A) is used,
and the absolute performance of the system is evaluated.

4.1. Experiments outline (common to (A) and (B))

This time, we choose“ hatena bookmark”[7] as in-
put SBM. It is the most popular SBM in Japan, with over
500,000 members and 1,000,000 bookmark pages.

As mentioned in 3.2.4, we can adjust the average size of
tag clusters by changing parameters. This time, we did ex-
periments with 5 different cluster sizes, shown in figure 4.
In figure 4, A is the case in which no clusters are merged.
The size of all the clusters in case A is 1, and the num-
ber of clusters is same as the number of all tags in case A.
In contrast, the average cluster size of case E is the largest
among 5 cases. We also show the average calculation time
of stage 7 in each case. As you see, the number of clus-
ters and the calculation time are roughly proportional. In
our system, the stage 1 to 6 are previously executable be-
fore the test users input their bookmarks, so stage 7 is the
only stage which needs quick calculation.

Figure 5 shows the members of“ java”cluster in each
case. Tags which are high related to“ java”are seen in case

Figure 5. Members of“ java”cluster in each
case

Figure 6. Experiment (A)

B and C, and tags which are related to“ java”to some de-
gree are seen in case D and E. Though somewhat subjec-
tive, clustering seems to be succeed to some degree.

We also found many“ synonym clusters”in case B and
C. Synonym cluster is a cluster composed of synonym tags.
For example one cluster is composed of tag“mac”,“mack-
intosh”,“mac os”. This means that the problem of“tag re-
dundancy in Folksonomy”is solved to some degree by tag
clustering.

4.2. Experiment (A)

4.2.1. Evaluation in experiment (A) In experiment (A),
we evaluates the performance of the system by using only
the data of SBM, changing the cluster size. Figure 6 shows
the outline of experiment (A).
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Figure 7. Precision rate in experiment (A)

At first, the system divides the SBM users randomly into
“ training users”and“ test users”. Then at stage 1, the
system stores only the data of training users into DB. Stage
2 to 6 are also executed with this data.

Next, for each test user, system processes as follows.
The system divides bookmark pages of each test user into
“ query pages”and“ test pages”. Query pages are used
as the input of stage 7. Then the system outputs the recom-
mendation pages to the test user. By comparing these out-
put pages with test pages, we evaluate the precision rate of
the recommendation pages.

We define“ precision rate”as follows.

PrecisionRate =
TestPages ∩ RecommendationPages

RecommendationPages

4.2.2. Result of experiment (A) We experimented with
five different clustering cases in figure 4. We divided test
users into groups based on the number of bookmark pages
they have. This is because the number of test user’s book-
mark pages influences the performance a lot. We used the
half of each test user’s bookmark pages as query pages, and
the remainder as test pages. We fixed the number of out-
put recommendation pages to 30.

Figure 7 shows the average precision rate in each clus-
tering case. The horizontal axis corresponds to the number
of each user’s bookmark pages.

We can say from figure 7 that the number of test user’s
bookmark pages and the system precision rate is propor-
tional. If the number of input pages is larger, the system can
analyze user’s preference more precisely, so this is a natu-
ral result.

Among five clustering cases, the precision rate of case
B is totally the best. The precision rate of case B is al-
ways higher than case A (in which no clustering has been
done). This is probably because a little amount of clustering
in case B solved the problem of“ tag redundancy in Folk-
sonomy”. By clustering synonym tags, the analysis perfor-
mance of users’preferences was improved to some degree.

On the other hand, the precision rate of case D and E are
not necessary higher than case A. This is probably because
the degree of clustering is too big, and the users ’prefer-
ences are abstracted too much.

We can say from this experiment that the level of tag
clustering should not be either too big or too small. In fol-
lowing experiment, we use case B as default.

4.3. Experiment (B)

4.3.1. Evaluation in experiment (B) In experiment (A),
we evaluated the performance of the system with large
amount of test data on SBM. But the precision rate in ex-
periment (A) only means“ ratio of pages which are already
bookmarked among recommendation pages”.

In experiment (B), we evaluate the actual precision rate,
that is,“ratio of pages which are acceptable by actual user”.
Ten users joined the experiment. The process of the experi-
ment is as follows.

First, each user inputs the bookmark data of his usual
web browser to the system. Then the system analyzes the
bookmark and outputs 30 recommendation pages to the
user. The user evaluates each recommendation page subjec-
tively by the following three choices.

(a) I ’m very interested in the page, and it is high related
to me.

(b) I have a little interest in the page, but it is not espe-
cially related to me.

(c) I have no interest in the page, and it is not related to
me.

We total these choices and calculate the actual precision
rate of the system.

4.3.2. Result of experiment (B) As well as experiment
(A), we divided the users into two groups by the number of
bookmark pages. User group (1) contains users of less than
50 bookmark pages, and user group (2) contains users of 50
or more bookmark pages.

Figure 8 shows the precision rate of each user group. The
horizontal axis describes how many recommendation pages
are used in calculation of precision rate. For example, if this
value is 10, only ten high rank pages are used in calcula-
tion.“ (a)ratio”in figure 8 means the ratio of choice (a),
and“ (a)(b)ratio”means the sum ratio of (a) and (b).
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Figure 8. Precision rate in experiment (B)

According to the expectation, the precision rate of user
group (2) is higher than (1). The precision rate is also higher
when calculating with only high rank pages.

From this experiment it can be said that the precision rate
of our system is about 40% to 60%.

5. Related work

The precision rate of our recommender system is about
40% to 60%. This is not especially a high value, but this
is not lower than other web recommenders systems, either.
Our system doesn’t need any extra user operation other than
inputting usual bookmark data, while most of other web rec-
ommender systems need some operation.

As mentioned before, most past web recommender sys-
tems use collaborate filtering with access logs. J Li et al.[1]
constructed a web recommender system by analyzing site
navigation patterns of users. They did content mining and
structure mining of web pages in addition to mining access
logs. But their system is limited to particular web sites like
many other systems.

T Zhu et al. [8] constructed“Web ICLite”, a famous web
recommender system which is not limited to particular web
sites. Web ICLite analyzes web navigation patterns by log-
ging actions from user side. Each user’s favorite pages and
favorite keywords are analyzed in each user machine. The
system gathers and merges the data, and calculates recom-
mendation pages to each user. Web ICLite and our system
are common in the point that both calculate recommenda-
tion pages in each unit of topic.

User tests which are very similar to ours were done with
Web ICLite. The result is as follows. (a)ratio of Web ICLite
is about 30 to 50%, and (a)(b)ratio is about 60 to 70%.

Though comparison is not easy because the result of user
tests depends greatly on each user’s subjectivity, this value
is almost as high as our system. But to use Web ICLite, users
have to do web navigation with Web ICLite operating back-
ground for a certain period, while our system needs no extra
operation other than preparing usual bookmark data.

C Nicolas et al. [9] proposed“ Taxonomy - Driven sim-
ilarity Metrics”, the way to abstract users ’preference
by mining taxonomy tree. Our approach is based on this
method, so it can be said“ Folksonomy - Driven similar-
ity Metrics”.

6. Conclusion

We constructed a new web recommender system which
is not limited to particular web sites, based on large amount
of public bookmark data on SBM. We also utilize Folkson-
omy tags to classify web pages and to express users’prefer-
ences. By clustering Folksonomy tags, we can adjust the ab-
straction level of users’preferences to the appropriate level.
We also solved the problem of“ tag redundancy in Folkson-
omy”by clustering tags.
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