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Abstract

In a blogspace, citation behaviors reflect interests of
bloggers. To fully get insight into the latent information
in a blogspace, in this paper, we intend to mine popular
co-cited communities consisting of core sets and follower
sets. In such a co-cited community, bloggers in the core
set are frequently cited by bloggers in the follower set and
the co-citation behaviors among bloggers are very inten-
sive. Through co-citations, not only the popular core-set
nodes but also the followers can be discovered. As such,
one could effectively obtain the trends of discussion among
bloggers. Explicitly, two kinds of co-cited communities are
exploited: perfect co-cited community and approximate co-
cited community. Given a blogspace, we first transform this
blogspace into a transaction database. Then, by exploring
[frequent closed itemset mining, we are able to discover per-
fect co-cited communities. Then, a greedy algorithm is pro-
posed to derive approximate co-cited communities. To eval-
uate our community structures mined, we conduct extensive
experiments on deli.icio.us dataset. The experimental re-
sults demonstrate the effectiveness of our proposed frame-
work.

Keywords: Community extraction, co-cited community,
Web 2.0.

1. Introduction

With the fast growth in Web 2.0 services, such
as blogspaces and bookmark sharing services (e.g.,
del.icio.us), mining community structures from these Web
2.0 services becomes flourishing. Community discovering
in such Web services can be treated as a problem of social
network analysis. A social network is usually modeled as a
graph, where each vertex represents an individual and each
edge between two related vertices indicates certain relation-
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ships. The context of relationships varies according to the
features of Web 2.0 services. For example, in a blogspace,
the relationship among individuals is the citation behavior.
Given a set of individuals and their corresponding relation-
ships, the goal of community discovery is to derive a set
of communities in which community members share com-
mon interests. Intuitively, the common interests are rep-
resented as a set of keywords. However, discovering key-
words for common interests are not easy and is hard to jus-
tify whether these keywords could fully reflect common in-
terests of communities.

In this paper, we intend to extract co-cited communities
that consist of a set of initiators (i.e., the core set) and a set
of affiliated followers (i.e., the follower set). Figure 1 shows
an example of co-cited community structure, where the core
set contains blogger 3 and blogger 4 and the members in the
follower set are blogger 1, 2, 5 and 6. Thus, a common in-
terest is viewed as a set of nodes (i.e., the core set) instead of
keywords. Moreover, in Web 2.0 services, an individual is
not only a content-producer (i.e., author of some blogs) but
also a content-consumer (i.e., reader of other blogger’s con-
tent). Thus, in our proposed community model, an individ-
ual may belong to multiple communities as roles of either an
initiator or a follower. Mining such popular co-cited com-
munities is very important in that one could easily get in-
sight to the hot news and trends discussed among bloggers.
An example of existing Web 2.0 services only provides the
exploration of the top-k most popular blogs. However, this
only provides a view formed by an individual, not a latent
view behind a group of related individuals. On the contrary,
through investigating co-citations, we can reveal the latent
view shared by a group of individuals. In this way, not only
the popular content-providers(core-set nodes) but also the
content-consumers(follower-set nodes) can be discovered.
Consequently, one can easily capture the latent trends in a
blogspace.

Given a blogspace, according to the co-citation behav-
iors of individuals, we first derive the ”link-to” transaction
database, in which each transaction represents a link-to re-
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Figure 1. An example of co-cited community

lationship. Specifically, a transaction with its identification
as b; has a set of bloggers (e.g., b;), which demonstrates
a relationship that b; is cited by b;. Given a link-to trans-
action database, we utilize frequent closed itemset mining
algorithm to derive the perfect co-citation communities (re-
ferred to as PCCs). In a PCC, the members in the core set
are completely co-cited by the members in the follower set.
Generally speaking, the co-citation behaviors in a perfect
co-cited community is intensive and complete. It is possi-
ble that one may derive many perfect co-cited communities
of smaller size in numbers of nodes, which cannot be effi-
ciently utilized. This calls for mining approximate co-cited
communities (referred to as ACCs). To discover approxi-
mate co-cited communities, we propose a greedy algorithm
to iteratively merge co-cited communities. Specifically, a
measurement (referred to as incoherence) is formulated to
evaluate wether two communities are suitable for merging
or not. The incoherence between co-cited communities cap-
ture the similarity of their members in each co-cited com-
munities, the co-citation behaviors among two communi-
ties, and the popularity of a new core set merged from the
core sets of two given co-cited communities. To evaluate
our community structures mined, we conduct extensive ex-
periments on deli.icio.us dataset. The experimental results
demonstrate the effectiveness of our proposed framework.

A significant amount of research efforts have elaborated
on mining communities in blogspaces [4][6][8][1][7]1[2][3].
The authors in [2] quantized a community in the con-
text of sense of community. The authors in [4] viewed
a community structure as a dense subgraph in blogspace
and proposed a two-phases approach to identify dense sub-
graphs. By exploring the mutual awareness among blog-
gers, the authors in [6] model communities in terms of
mutual-awareness and based on which a ranking-based al-
gorithm is developed. The authors in [1] considered each
community as a linear combination of subgraphs over time.
In addition, the authors in [5] proposed a framework to gen-
erate overlapped communities, in which each blogger may
belong to multiple communities. In this paper, through co-
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Figure 2. Examples of co-cited communities.

cited communities mined, the common interests are easily
presented. By exploring frequent closed itemset mining and
the formulation of incoherence, two kinds of popular co-
cited communities are discovered. These features distin-
guish our study from others.

The rest of the paper is organized as follows. The pre-
liminaries are given in Section 2. A framework of mining
co-cited communities is described in Section 3. Section 4
devotes to experimental results. This paper concludes with
Section 5.

2. Preliminary

Without loss of generality, a blogspace is modeled as a
graph G = (V| E), where each node in V' corresponds to
a blogger and each directed edge (u,v) in E corresponds
to a relation that blogger u cites blogger v. Note that rela-
tionships among individuals are application dependent and
some research efforts are able to identify various relation-
ships (e.g., mutual awareness). In this study, assume that
a blogspace (i.e., G=(V, E)) is given. The objective of this
paper is to discover co-cited communities with their corre-
sponding interests represented as the set of nodes (referred
to as a core set). Clearly, in a co-cited community, nodes in
the core set are frequently co-cited by other nodes (referred
to as a follower set). Thus, a community is formulated on
the basis of co-citation behaviors between the core set and
the follower set. In light of core sets and follower sets, the
community mined is a bi-partite graph in which the nodes
in the core set are referred by the nodes in the follower set.
The community is thus defined as follows:

Definition 1: Co-cited Community: A co-cited com-
munity is denoted as C=(V, E), where V is the set of nodes
in the community and E represents the citation behavior
(edges) among nodes. Nodes in a co-cited community is
partitioned into a core set and a follower set. A set of nodes
is referred to as a core set (respectively, follower set), de-
noted as V. (respectively, V), if V. N Vy = ¢ and each
node v € V is cited by nodes in V.

According to the definition of co-cited community, two
kinds of community structures will be discovered in our pa-
per. For example, Figure 2(a) shows a perfect co-cited com-



munity, where nodes in the core set: {by,b2} are cited by all
nodes in its follower set :{bs,by,b5 }. Such a tightly-coupled
co-cited community is called a perfect co-cited community
(PCC), which is a complete bi-partite graph with its vertex
set represented by a union of V. and V; and the number of
edges equals to |V, | x |[V¢|. A perfect co-cited community is
viewed as a community in which the nodes in the follower
set share the interests presented by a core set. However, the
tightly-coupled community, PCC, requires nodes in the fol-
lower set to refer to all nodes in the core set. Consider an ex-
ample in Figure 2(b), where not all nodes in the follower set
cite all nodes in the core set. Such a loosely-coupled com-
munity structure is called approximated co-cited commu-
nity. An approximate co-cited community (ACC) is equiv-
alent to an incomplete bi-partite graph, where nodes in the
follower set do not refer to all nodes in the core set.

The proposed framework of mining co-cited communi-
ties point two insights: the members in a communities and
the common interests associated with communities. For ex-
ample, bloggers by, by and bg in Figure 3 are viewed as sim-
ilar because they both link to blogger b3 and by. In this sce-
nario, bloggers by, bo and bg share the interests of {bo,bg}.
We borrow the concept of co-citation in the publication
database and hence define the common interest of a commu-
nity as a core set. In Figure 3, bloggers {by,bs,bg} sharing
the interests of {bs,bs} jointly form a co-cited community.
In Figure 3, a co-cited community {by,bs,bs,bs,bg} is rep-
resented as a complete bi-partite graph in which {bs,bs},
a core set, is co-cited by each node in the follower set,
{b1,b2,bs}.

By exploiting citation behaviors among bloggers, we
can avoid the abuse of keywords or semantic ontology for
identifying the common interests associated with a commu-
nity. On the other hand, since a blogspace contains a huge
amount of bloggers, discovering all communities from a
blogspace results in a considerable amount of co-cited com-
munities. Thus, in this paper, we propose a greedy algo-
rithm to derive popular co-cited communities whose mem-
bers in the core set are approximately referred by the fol-
lowers. Mining such popular co-citation communities are
important and enables the investigation of the hot stories
discussed in these communities.

3. Mining Popular Co-Cited Communities

Given a blogspace, we first transform the blogspace into
a transaction database. After that, by exploring frequent
closed itemset mining algorithms, we are able to discover
perfect co-cited communities. Finally, we propose a greedy
algorithm to derive approximate co-cited communities.

Figure 3. An example of blogspace topology.

3.1. Mining Perfect Co-cited Community

In order to identify core sets of perfect co-cited commu-
nities, we first transform a blogsapce into a link-to” trans-
action databases. Explicitly, each blogger in a blogspace
corresponds to a transaction, denoted as a tuple < b;, X >,
where b; denotes blogger b; and X refers to bloggers that
are linked by b;. X is also called an itemset which con-
sists of items (i.e., bloggers). As prior works [9], k-itemset
is referred to the itemset with k distinct items. Figure 3 il-
lustrates an example of blogspace where each node in the
graph represents a blogger and each arrow from b; to b; in-
dicates an aggregated citation from b; to b;. Table 1 demon-
strates the corresponding “link to” transaction database of
the blogspace in Figure 3. For instance, the first transac-
tion in Table 1 reflects the citation behavior of by, where
{ba,bs,bs} are the bloggers cited by b;. As pointed out
early, in this paper, we intend to discover popular co-cited
communities with their corresponding core sets and fol-
lower sets. Intuitively, the popularity of core-sets is de-
termined by the number of transactions that contain the
core set. To ignore redundant information, we use fre-
quent closed itemsets to represent frequent itemsets in the
database. Thus, given a transaction database transformed
from a blogsapce, by exploring frequent closed itemset min-
ing algorithms, core sets are exactly those frequent closed
itemsets with supports no less than a minimum support (de-
noted as min_sup). On the other hand, the follower set of a
frequent closed itemset is composed by the bloggers whose
corresponding transactions contain the itemset. For exam-
ple, in Table 1 itemset {b3, by } with support of 3 appears in
transactions by, b3, and bs. If min_sup is set to 2, {b2, b4}
is a frequent itemset. Since there is no supper set of {by, by}
with identical support with {bo, by }, the itemset {bo, by} is
a frequent closed itemset and serves as a core set, whereas
the follower set is {by, b3, b5 }.

By exploring frequent closed itemset, we are able to de-
rive perfect co-cited communities in which the core-set is
popular and the members in the core set are all cited to-
gether by the members in the follower set. Generally speak-
ing, the co-citation behaviors in a perfect co-cited com-
munity is intensive and complete. Given a blogspace, one



may derive many perfect co-cited communities with smaller
sizes in numbers of nodes, which is not practical of use.
This calls for the design of discovering loosely co-cited
communities (i.e., approximate co-cited communities).

3.2. Mining Approximate Co-cited Commu-
nity

In order to discover approximate co-cited communities,
we propose a greedy algorithm to merge co-cited commu-
nities. Specifically, we first derive the measurement (re-
ferred to as incoherence) of merging co-cited communi-
ties. The incoherence between co-cited communities (e.g.,
C;,andC}) should capture the similarity of their members
in each co-cited community (denoted as c;;), the co-citation
behaviors among two communities (denoted as 3;;), and the
popularity of the new core set merged from two core sets of
co-cited communities given (denoted as ;;). The core-set
and the follower set in a community C; is expressed by V!
and V]?, respectively. Thus, we have the following formula:

Incoherence;; = 1 — (wra;; + weBij + wsyij)

, where w; is the weight for each factor considered and
Ziw,- =1.

To measure the similarity of two co-cited communities
(e.g., C; and C) in terms of community memberships, o;;
should consider the overlaps in their core-sets and follower
sets. As such, o5 is formulated as follows:

iqyd
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The overlap of their core-sets is measured by the ratio
between their common members in their core-sets over the
union set of their core-sets. On the other hand, the overlap
of their follower sets is measured by the ratio of the intersec-
tion set of the follower sets over the union of follower sets
in the two co-cited communities. Given two identical co-
cited communities, «;; equals to 1. On the contrary, if two
co-cited communities do not have any common nodes in the
core sets and the follower sets, a;; equals to 0. The higher

Table 1. An example of "link to” transaction
database transformed from Figure 3

Tid Items

by ba,b3,by
by by,b3,by
b3 ba,by,bg
by b3,bs

bs  ba,by,bg
bg  b3,by,bs

a2=1/2
| < pr2=3/4

yi2=1/3

i C1 S

C2

Figure 4. An example of incoherence calcula-
tion.

overlaps between two co-cited communities, the larger sim-
ilarity in terms of their community membership.

Figure 4 illustrates an example of deriving incoherence
value between two co-cited communities (i.e., C'; and C5).
In Figure 4, the similarity in membership between C; and
(5 is as follows:

%( [{bs}|

[{b4, be }| )= 1
[{bs.b5}

[{b1,ba.bs b6}/ — 2°

Bi; is used to reflect the co-citation behaviors among
the core sets and the follower sets of two co-cited com-
munities. Given a blogspace graph, the number of edges
between two vertex sets (i.e., Vi, and Vj) is denoted as
E(V;,andV;). Thus, one could derive the number of co-
citation behaviors among two co-cited communities (i.e.,
E(VIUVJ,ViuV})). Without loss of generality, the max-
imal number of co-citation behaviors between two co-cited
communities is [V U V/[ [V} U V/|, which is in fact the
complete bi-partite graph. Thus, we can formulate 3;; as
follows:

E(ViuVJ,Vjuvi)

Biyj= — S L
ViUVE| ViUV

It can be verified that in Figure 4, the ratio of co-citations
and the maximal number of co-citations in complete bi-
graph between |VUV/| and [V;UV] | is derived as follows:

3 _ [{(b1.b3),(b2.b3),(ba.b3),(b6.bs),(ba.bs),(bs.bs) }|
4 2x4 :

7vi; captures the support of a union set of two core-sets
(i-e., |V UVZ]|). The support of a union set of two core-sets
is denoted as SUPy iy - Then, we have ~;; as follows:

SU; ; i
Plvivvd

T = T
Based on the above formulas, we are able to derive inco-
herence values among co-cited communities. We propose a
greedy algorithm to generate approximate co-cited commu-
nities. Specifically, in the beginning, the incoherence matrix
is derived by calculating a set of perfect co-cited commu-
nities mined. Then, by selecting the minimal incoherence
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the del.icio.us.

value, two co-cited communities are merged as one new
community. Then, following the same operation, co-cited
communities are iteratively merged until no pair of co-cited
communities remain with their incoherence values smaller
than the threshold given.

Algorithm 1 A greedy algorithm for mining approximate
co-cited communities
Input: Set of PCC's, an incoherence threshold .
Output: Set of ACC's.

1: Compute the incoherence matrix;

2: while minimum incoherence < § and unstable do

3:  Merge the two co-cited communities with the mini-
mum incoherence value;
Update the incoherence matrix
5: end while
6: return Set of ACC's;

»

4. Experimental Results

To evaluate our proposed algorithm for community ex-
tractions, we conduct extensive experiments on the real
dataset, del.icio.us, the most popular bookmark sharing site.

4.1. del.icio.us dataset

The social network of del.icio.us is constructed based on
the citations (i.e., fan links and network links) among users.
We built the social network along with users’ citations by
searching popular tags in del.icio.us and retrieving active
users for each popular tag. We refer to these active users as
the seeds. Then, the entries related to these seeds via either
network or fan links are continuously crawled until more
than 100,000 users are collected. For each user, we retrieved
recent 1,000 bookmarks in which user names, tags, URLs
and bookmark time can be referred. The graph we used for
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Figure 7. Number of co-cited communities
with incoherence varied.

experiments contains about 165,002 users and 431,721 ci-
tations. Each node represents a user and each edge from
node u to v represents a citation that the user w is inter-
ested in user v’s bookmarks. Given a social network from
del.icio.us, we transform the social network as a “’link to”
transaction database. Figure 5 illustrates the distribution of
number of citations(out-degree) for all users in our dataset.
Most users have lower than 100 citations. To make the ex-
periment results more realistic and convincing, we conduct
experiments on a real data set. The default parameters are
set as follows: min_sup=0.1% - 0.7%, w1=0.8, w=0.1,
ws3=0.1, and §=0.9 - 1.

4.2 The impact of minimum support and
the incoherence threshold

In this section, we investigate the impact of min_sup
and the incoherence threshold. In Figure 6, the num-
ber of communities for both PCC and ACC decreases as
min_sup increases. With larger min_sup, the number of
frequent closed itemsets decreases. Hence, the number
of co-cited communities is reduced. Note that the num-
ber of approximate co-cited communities drastically de-



Table 2. Examples of co-cited communities
discovered from del.icio.us.

support count | top-15 tags

134 video, autobookmarked, youtube
webdev, awesome, photography, flickr
funny, via:reddit, music, osx, commerce
humor, videogames, via:mefi

46 music, interviews, politics, reviews
pop, opinion, uk, us, fashion, culture
humor, london, photos, celebs, media
videos.

60 make, 43folers, quick_post, press
mbwideas, mac, apple, osx, howto
secondlife, music, art, diy, eletronics
wordpress

creases, showing the compactness of approximate co-cited
communities. Figure 7 shows the impact of incoherence
threshold to the number of communities. Note that with
a larger incoherence, more co-cited communities are
merged. Therefore, the number of communities signifi-
cantly decreases when the incoherence threshold is larger.

4.3 Community Extraction

Under the parameter settings with incohernce threshold
0.9, w1=0.8, ws=0.1, w3=0.1, and min_sup=0.1%, three ex-
amples of approximate co-cited communities mined from
del.icio.us dataset are demonstrated in Table 2. Instead of
showing bloggers in a community, the common interests are
represented as the top-15 tags used by the members in the
core set of each corresponding community. Some commu-
nities demonstrate cohesive topics while some are more di-
verge which shows the advantage of our community model.
Explicitly, mining communities via co-citation is more ef-
fective compared to keyword-based models. When the la-
tent story behind a group of individuals diverges into few
topics, mining communities according to co-citation be-
haviors is required. For example, the three tags “video”,
“music” and “humor” are frequently used in the first two
co-cited communities. Our work is able to find co-cited
communities with tags frequently discussed but differ in
semantic context. Moreover, discovered co-cited commu-
nities with some diverse interests is allowable. For exam-
ple, both the first two co-cited communities are interested
in ”video”, "music” and “humor. However, the concept as a
whole demonstrates different semantic context.

5. Conclusion

In this paper, given a blogspace, we proposed a frame-
work of mining popular co-cited communities consisting of
core sets and follower sets. In a popular co-cited commu-
nity, bloggers in the core set are very frequently cited by
bloggers in the follower set and the co-citation behaviors
among bloggers are very intensive. Two kinds of co-cited
communities are exploited: perfect co-cited community
and approximate co-cited community. Given a blogspace,
we first transformed a given blogspace into a transaction
database. Then, by exploring frequent closed itemset min-
ing, we are able to discover perfect co-cited community.
Finally, we proposed a greedy algorithm to derive approx-
imate co-cited communities. To evaluate our community
structures mined, we conducted extensive experiments on
deli.icio.us dataset. The experimental results demonstrate
the effectiveness of our proposed framework.
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