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Abstract With the recent information explosion, social websites have become popular in many applications where

abundant social data is available. Many social annotation services allow users to annotate various resources with

tags, which can facilitate users finding preferred resources. However, in social annotation based recommendation

researches, obtaining the proper relationship between user, resource and tag is still a challenge. In this paper,

we judiciously extract affinity relationship from between tags and resources and between tags and users. The key

idea is to obtain the implicit relationship groups among users, resources and tags and then fuse them to generate

recommendation.
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1. Introduction

With the development of Web 2.0 application services,
tag-based services, e.g., Delicious, Flickr have undergone
tremendous growth in the past several years. A social rec-
ommender system uses social information with the tradi-
tional recommender systems to make the recommendation
results more accurate and serve the users’ demand. Differ-
ent from the traditional recommender system, A tag-based
social recommender system has three entities that are con-
sidered by the recommender: user, resource, and tag. The
user prefers some resources and annotates some words on
them. In some cases, the degree in which a user prefers a re-
source can hardly measured. Therefore, we only obtain the
information on the interaction among user, resource, and tag
forming a three-dimensional (3D) matrix. However, there is
a limitation when few users annotate some resources. An
experiment on detecting the pairwise relationship between
tags and resources and between tags and users is shown in
Fig 1 on MedWorm dataset which will be introduced in ex-
perimental evaluation section. As illustrated in the figure,
several resources are annotated frequently with many tags,
whereas a large number of resources are not. The same pow-
erlaw distribution can also be found from between tags and
users. Therefore, determining the relationship among users,
resources, and tags is difficult because of the sparse data.

On the other hand, since tags are the personalized key-
words annotated on resources by users, they are unsuper-

vised. i.e., a variety of tags that can be redundant, am-

relationship groups, bipartite graph, tag clustering, tag-based recommendation

The Relationship between Resources and Tags The relationship between Users and Tags

Resrouces
Users

AN

N

AN

Tags Tags

(b)Tags and Users

(a)Tags and Resources

Fig. 1 Power-Law Distribution betweenTags and Resources and

between Tags and Users (Dataset: Medworm).
biguous or entirely idiosyncratic. Tag redundancy, in which

several tags have the same meaning, can obfuscate the sim-
ilarity among resources. Redundant tags can hinder algo-
rithms that depend on identifying similarities between re-
sources. In addition, tag ambiguity, in which a single tag
has many meanings, can falsely give the impression that re-
sources are similar when they are in fact unrelated. Because
of this complicated information space by redundancy and
ambiguity, a good recommender system is needed to aid the
user when they interact with the system. Take, for exam-
ple, consider the user Tom, who annotated several Chicago
Bulls with the ambiguous tag “bulls”. The recommender
system cannot recommend “Milwaukee Bucks” or “Houston
Rockets” to him. In addition, other Chicago Bulls fans may
have annotated alternative tags: “Chicago” or “Jordan”, etc.
These resources may not have been annotated with “bulls”,
but they should still be make available to Tom. Typically, a
social annotation recommender system should have the abil-
ity to deal with the three aspects: users, resources, and tags.

Consider again on the basketball fan, Tom, the recommender



system should have the ability to recommend “Milwaukee
Bucks” or “Houston Rockets” to him. So a primary concern
of recommendation mechanism in social annotation system
is to present users with avenues for navigation that are most
relevant to their information needs. So far, we can see that
we have to face several problems:

(1) The annotation data may not properly capture the inter-
ests of the user because it only has the binary relationship.
(2) Due to the ambiguity of the annotation [18], we cannot
easily distinct the topics which the tags present.

(3) In the annotation services, tags and resources follow the
power law distribution, which indicates that the data is very
sparse. All of these problems hinder the applicability of the
traditional collaborate filtering algorithms.

In this paper, we judiciously extract information from be-
tween tags and resources and between tags and users then
form several communities where we call Groups. Through
groups, users can obtain their desire information more ac-
curately. We extract two kinds of groups based on different
affinity relationships, Topic-Groups based on the bipartite
relationship between tags and resources; and Interest-Groups
based on the bipartite relationship between tags and users.
To obtain these latent relationships, it is better to organize
the different social relational groups. We regard that, by
fusing these two kinds of groups, we can obtain the more
accurate recommendation.

Some researchers have worked on integrating the social re-
lationship into the recommender system [4], [10], yet they just
considered the single relationship, such as friendship data [5].
Prior approaches are lack of exploration of other possible
ways of illustrating the latent relationship among users, tags
and resources more effectively. As the social relationship
is inherently in the bipartite graph [12],[17] of tags and re-
sources and tags and users, we extract such relationships
through this graph.

The contributions of our paper are as follows:

e We address the problem of extracting the group informa-
tion from the tags based on the bipartite graph between tags
and resources or between tags and users to obtain the latent
social relationship. We call these groups as Topic Groups
and Interest Groups.

e We propose the group formulation approach of clustering
tags based on such group information. Through this, we can
deal with the redundancy of the tags.

The remainder of this paper is organized as follows. We in-
troduce the preliminaries in Section 2. The group extraction
and organization solutions are presented in Sections 3. Sec-
tion 4 introduces the related work and Section 5 concludes

the paper.

2. Preliminaries

2.1 Social Tagging System Model

In this paper, our work is to deal with tagging data. A typ-
ical social tagging system has three types of objects, users,
tags and resources which are interrelated with one another.
Social tagging data can be viewed as a set of triples[6], [7].
Each triple (u,t,r) represents user u annotate a tag ¢ on a
resource . A social tagging system can be described as a
four-tuple, there exists a set of users, U; a set of tags, T; a
set of resources, R; and a set of annotations, A. We denote
the data in the social tagging system as D and define it as:
D =< U,T,R,A >. The annotations, A, are represented as
a set of triples containing a user, tag and resource defined
as: AC {<u,t,r > ue€UteT,r €R}. Therefore a social
tagging system can be viewed as a tripartite hypergraph [13]
with users, tags and resources which are represented as nodes
and the annotations are represented as hyper-edges connect-
ing one user, tag and resource.

2.2 Standard Recommendation Model in Social

Tagging System

Standard social tagging system may vary in the ways of
their ability of handling recommendation. In previous re-
searches, the possible approaches include recency, author-
ity, linkage, popularity or vector space models. In this pa-
per, we conduct our work on the vector space model, which
is derived from the information retrieval principle. Under
such scheme, each user, u, is modeled as a vector over the
set of tags, where w(t;) denotes the weight, in each dimen-
sion corresponds to the relationship of a tag t; with this
user, u, 4 =< w(t1), w(t2),...,w(t|r|) >. Likewise each re-
source, r, can be modeled as a vector over the set of tags,
7 =< v(t1),v(t2),...,v(t|r|) >. Some work[9],[15] use the
tag frequency, Fy =| a =< u,r,t >€ A:u € U |, to calculate
the weight of the vector. After that, similarity calculation
techniques such as the Jaccard similarity coefficient or Co-
sine similarity are applied to obtain the similarity scores be-
tween users or resources via various recommendation strate-
gies, such as user-based or resource-based recommender sys-
tem. In this paper, we mainly adopt the binary expression
of tags, i.e. the user annotation activities. We take the oc-
currence into consideration only. That means if a user, u,
annotate a tag, t, on a resource, r, w will be “1” in this 3D

matrix, “0” otherwise.

3. Group Extraction and Fusion Strategy
on Social Recommender System

The framework of our Group Extraction and Group
Fusion Social Recommender System is illustrated in

Fig 2. It mainly includes three steps to obtain the final
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Fig. 2 The framework of Group Extraction and Group Fusion
Social Recommender System.(Three Steps:(1) Tag Clus-
tering for tackle tag redundancy; (2) Group Extraction to
organize two different groups; (3) Group Fusion for the

generate the Users’ Preference List on resources.)
recommendation-user’s preference list. The following, we will

introduce our approach step by step.

3.1 Affinity Graph-based Tag Clustering based on

Bipartite Graph

The first step is tag clustering which can tackle tag redun-
dancy. After clustering, community relevant partitions are
created and tags are categorized into clusters which can re-
lieve the redundancy. In addition, ambiguous tags can also
be abstracted into their desired meaning. In this step, the
tag-resource or tag-user relationships can be represented by
a bipartite graph as modeled in Fig 3. We illustrate such
procedure by using a tag-user model. Based on the bipartite
graph between users and tags, we can build a user-tag ma-
trix. Each tag vector over users denotes that whether this
tag has been annotated by a user. After that, we apply co-
sine similarity computation on this matrix. So far, we get
the tag similarity matrix which is also illustrated in Fig 3.
Upon such similarity matrix, we obtain an affinity graph of
tags where the edge indicates the similarities of pair tags.
After affinity graph of tags has been built, we employ the
Hierarchical Agglomerative Clustering algorithm [15] for tag
clustering. The input to the clustering module is a set of tags,
an adjustive factor step and a division coefficient. Tags are
represented as a vector of weights over a set of resources or a
set of users. With the length limitation of this paper, we do
not introduce how the Hierarchical Agglomerative Cluster-
ing works. After this step, we obtained a set of tag clusters
based on users pairs. Likewise, we can also obtain cluster
sets based on resources pairs.

3.2 Group Extraction

By clustering the tags, each user or resource can be
re-presented by a vector over tag clusters. For in-

stance, after performing this procedure by clustering
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Fig. 3 The illustration on affinity graph generation. (An example

on tag-user model.)
the tags based on tag-resource matrix, we obtain two

vectors 4 =< w(Rter),w(Rtca),...,w(Rtejre) > and
7 =< v(Rte1),v(Rtcz), ..., v(Rteyre|) >, where w(Rte;) and
v(Rte;) denote the different weight over two different types of
clusters. Furthermore, we compute the similarity between u,
r to form a matrix URgr whose element represents the rela-
tionship between users and resources at the granularity level
of tag aggregations. We can also call Topic-Group matrix,
that is:

ti(r1) t1(r2) t1(rir))
URj — to (T‘1 to (7"2) to (T\R|) (1)
tiro|(r1)  tiro)(ra) tire|(rir)

Likewise, we can also obtain the matrix URy, which
means the matrix is extracted from the information of tags
and users. The procedure is Step (2) in Fig 2.

3.3 Group Fusion

By far, we obtain two matrixes, URr and URy. We term
URRr which is focused on topic group and URy on interest
group. Now we fuse these two group information by a tun-
able factor A € [0,1] , that is:

UR = (1 - \)URg 4+ A\URy

If A = 0, which means such fusion is weighted on topic
group only while A = 1 indicates interest group only. In
this paper, we empirically investigate the impact of choosing
different A on recommendation.

3.4 The Recommender Generation

The final step is to generate the recommendation. The ma-
trix UR denotes the user-resource preference information.
For each user vector over resources that means the affinity
relationship between this user and those resources. For ex-
ample, € =< Wry, Wryg, ..., Wr g > denotes the weight what a
user prefer a resource. For a giving user, we sort the value in

each vector and push top-N values as the recommendation.
4. Related Work

We review the related literature of group extraction and
fusion to improve the standard recommender system from

three perspectives:



e Tag Clustering

The efficiency of tag clustering is the ability of aggregate
tags into topic domains. [3], [14]demonstrated how tag clus-
ters serving as coherent topics can aid in the social recom-
mendation of search and navigation. In [8] topic relevant par-
titions are created by clustering resources rather than tags.
By clustering resources, it improves recommendation by dis-
tinguishing between alternative meanings of a query. While
in [1], clusters of resources are shown to improve recommen-
dation by categorizing the resources into topic domains. Our
work is orthogonal to such works but different that our ap-
proach is to cluster tags. We believe that tags can hold richer

social information rather than resources can.

e Information Extraction from Bipartite Graph

We studied several works which are related to our pro-
posal. [17] using bipartite graph to do neighborhood forma-
tion and anomaly detection. [12] also conduct the personal-
ized query recommendation based on the Query-URL bipar-
tite graph. In social tagging system, because of the triple
relationships, it is difficult to extract the social information
directly. i.e., We cannot apply their strategies to our rec-
ommender systems. Therefore, in this paper, we extract our
group information based on the bipartite graph which are

tags-resources and tags-users respectively.

e Fusion of Social Relationship

Recently, with the increasing development of social web-
sites and appearance of social data, researchers have begun
to pay attention to the social data and explored its usage
in recommender systems. [4] used social network data for
neighborhood generation. [11] adopted Random Walk with
Restart to model the social tagging in a music track recom-
mendation system. In addition, [10]proposed an online social
recommender system attempting to use more social informa-
tion for recommendation generation. All the work show that,
their fusion social information can benefit the recommender
system. However, their work mainly focus on friendship, i.e.
the similarity between users’. Compared to friendship, other
community relationships, group in this paper, contains more
information about users’ activities [2], [16]. Our proposal is
orthogonal but fuse the two different groups to obtain better

recommendation.
5. Conclusion and Future Work

In this paper, we presented an approach on Group ex-
traction and Group fusion in the social tagging system. In
traditional tagging system, the recommendation generated
only based the similarities between the pairs of every two

objects. But in this paper, we find that, by clustering the

tags based on the bipartite graph of tags and resources, tags
and users, groups can be detected. After the groups were
extracted from the tag information, we conducted the pref-
erences which user preferred on resources by going through
such groups. Our adjustable factor A control the effect of two
kinds of groups. However, our tag clustering was yet based
on the bipartite graph only. The weight is only based the
occurrence between the tags and resources, or users pairs.
An efficient tag clustering strategy can also promote the ac-
curacy of the group extraction for the better precision of our
approach.

For the next step, we are interested in future exploring the
effect of latent social relationship on recommender system,
for example, the time series. We can see that the triple of
users, tags and resources and their annotation relationships
combining by users’ activities form a big graph. Regard-
ing such consideration, we believe that the graph will eval-
uate [19] as time goes by. So, time information fusion can
be promoted for better precision of the social recommender

system.
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