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Most of the existing personal knowledge management systems have been employing blogging services
which is capable of providing various services (e.g., knowledge distribution and knowledge creation) to
people. However, automated knowledge delivering service among the systems is difficult to take into
account the corresponding context (or semantics) of the knowledge, so that the service can spread irrel-
evant information into knowledge management systems. In order to solve this problem, this study pro-
poses a novel architecture, called blog context overlay network, to fulfill context matching between blog-
based knowledge management systems. It is referred to as detecting ‘shared’ context between knowledge
management systems. Thus, with respect to the contexts, we want to identify a community of practice
(CoP) on a knowledge blogosphere where a set of blog-based knowledge management systems are incor-
porating with each other. As a result, newly generated knowledge can be proactively diffused to the blog-
based knowledge management systems of which context is relevant to the knowledge, even before the
bloggers’ queries are explicitly asked.

� 2009 Elsevier Ltd. All rights reserved.
1. Introduction

Personal knowledge management (PKM) can be broadly defined
as an evolving set of knowledge, skills and abilities that allows an
individual to survive, and prosper, through turbulent, complex and
changing organisational and social environments. PKM is a concept
that has grown out of a combination of fields as diverse as
knowledge management (KM), personal information management,
cognitive psychology, philosophy, management science, communi-
cations as well as others.

So far, very little research or significant conceptual develop-
ment has been done with PKM. Main issues of the previous PKM
studies have focused on helping individuals be more effective.
The existing literature points to increasing individual effectiveness
in work environments such as teams and organisations. While the
traditional view of KM is primarily concerned with managing orga-
nizational knowledge, including the knowledge that individuals
possess in their heads, through combinations of technology
and management processes, the core focus of PKM is personal
inquiry – the quest to find, connect, learn and explore relevant
knowledge in distributed systems. It means that the people have
to be able to automatically interact with each other for resolving
the personal inquiry.
ll rights reserved.
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However, most of the KM systems have serious problems to
support efficient interactions between people. To deal with the
problems, these KM systems have been recently trying to employ
the emerging Web 2.0 applications, e.g., blogs and wikis. Most
importantly, the Web 2.0 application is a platform that maximize
the usability of people. It means that people do not need to know
how to write HTML code and edit multimedia contents on blogs.
We need to note that such platforms are providing two important
services in common; (i) publication, and (ii) sharing. In the context
of blog-based KMS, particularly, we can address them, as follows:

Knowledge publication. Each person can publish their own experi-
ences and know-hows obtained during
conducting their jobs and tasks. Not only
free texts but also relevant multimedia
data can be added to describe the knowl-
edge. More importantly, the published
knowledge can be tagged with some key-
words, the so-called tags. These tags can
be regarded as a user-specified categoriza-
tion system representing their situation
and context (e.g., semantics and prefer-
ences). Sometimes, all of the tags are visu-
alized as the so-called tag cloud, for better
understanding.

Social communications. People can declare their social relations
(e.g., friends, family, colleagues, and so
on), which are referred to as blogrolls.

mailto:j2jung@intelligent.pe.kr
http://www.sciencedirect.com/science/journal/09574174
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Fig. 1. Basic functionalities of blogs. It shows three main components of blogs,
which are resources, blogrolls, and tags (tag clouds).The solid arrows are indicating
blogrolls among blogs. More interestingly, the dotted ones are resulted from string
matching between tags in different blogs.
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These are playing an important role of
linkage for information flowing on multi-
ple KM systems. Not only this social net-
work establishment but also social
interactions can be made among people.
Originally, the interactions are happened
by comments. (In fact, more advanced
comments are trackback.)

In addition, the blogs can be providing a variety of syndication
services, e.g., RSS (RDF Site Summary1) along to the social linkages
between them. It is represented as a family of web feed formats used
to publish frequently updated content such as blog entries and news
headlines. This is similar to the subscription of mailing lists. Hence,
bloggers do not have to access to every blogs by periods, in order to
find out new updates.

However, this automatic synchronization is simply based on the
explicit social links. When communities are really different or
when people do not want to describe explicitly their relationships,
hidden social networks have to be inferred from secondary
sources. These secondary sources are often the published contents
(e.g., documents). The synchronization has to employ a certain
estimation process to find out thematic relatedness between blog-
gers (or knowledge published on the blogs) for better performance.

To do so, in this paper, we want to utilize not only blogrolls but
also tags and contents published in the blog-based KMSs. They are
depicted solid arrows (blogrolls A! B;A! C;C ! B;B! C) and
dotted arrows (tags and contents h A:Korea, B:Korea, C:Korea,
Equivalence i) in Fig. 1, respectively. Here, Equivalence is a
way to represent a semantic relations.

We assume that the shortcomings caused by the traditional
RSS-based services (i.e., spreading information to people without
considering contexts) can be divided two sub-problems, as follows:

� Contextually irrelevant information may be reached to people. It
is very similar to the spam mails. It means that in Fig. 1,
resources in blog A are not guaranteed to be relevant to the blog
B or C, even if there have equivalent tags Korea in common.

� It is difficult for people to receive contextually relevant informa-
tion by finding out the contextually equivalent tags among
blogs. In Fig. 1, two tags Actions in blog B and Sports in blog C
may be matched with Equivalence relation.

In order to solve these problems, we propose a novel architec-
ture, called blog context overlay network (BCON), to control infor-
mation propagation through RSS channels on blog-based KMSs.
Thereby, we want to focus on a set of tags representing the corre-
sponding blogs’ contexts, and present context matching algorithm
for analyzing contextual relatedness (Jung & Euzenat, 2007; Jung &
Koo, 2007) between both blogs. The most important aim of this
algorithm is to uncover the hidden relationships between people
whose contexts are most similar, even though they have been di-
rectly known with each other yet. Moreover, we want to organize
a set of cohesive blog group (i.e., the contextually similar people),
and refer to this blog group as a blog community of practice (BCoP).
Thus, this paper hypothesizes that knowledge newly published in a
blog can be propagated to any blogs of the same BCoP, and tests
this hypothesis by conducting experimentations.

In the following Section 2, we will show mathematical formal-
ization of a blog-based KMS, and describe how to fulfill context
matching between two blogs. Section 4 explains query-free knowl-
edge distribution on the proposed BCON platform. In Section 5, we
will show the experimental results obtained from evaluation
1 http://web.resource.org/rss/1.0/.
process, and then some issues related to blog context representa-
tion and matching will be discussed. Finally, in Section 6, we will
draw a conclusion of this study and future work.

2. Blog context overlay network

Most of these sources from knowledge blogosphere are based
on explicit links that still need from knowledge creators (i.e., the
blogger such as document authors and web page designers) to
know each others. In this paper, we investigate the dual principles
of:

� using the knowledge structure posed in individuals’ blogs in
order to infer some of their social relationships, and

� taking advantage of this inferred social structure in order to help
people sharing their knowledge.

For these purposes, we introduce a structure made of three
superposed networks that are assumed to be strongly linked with
each other. In this paper, the proposed BCON for these blog-based
knowledge management systems can be modeled as a three-lay-
ered architecture, which is composed of three layers; (i) blog layer,
(ii) tag layer, and (iii) context layer. We call this stack of interlinked
Fig. 2. A three-layered architecture for context matching on knowledge
blogosphere.

http://web.resource.org/rss/1.0/
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2 WordNet. http://wordnet.princeton.edu/.
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networks a blog context overlay network (BCON). Fig. 2 is simply
depicting the proposed BCON architecture for context matching
between blog-based KMSs on the blogosphere.

Blog layer relating people on the basis of common interests;
Tag layer relating tags on the basis of explicit import relation-
ships or implicit similarity;
Context layer relating contexts on the basis of explicit organi-
zational relationships or implicit similarity.

In this architecture, context matching process for social relation
discovery is conducted by the following two phases;

1. bottom–up phase from blog layer to context layer, and
2. top–down phase from context layer to blog layer.

Even though we can build various social networks by using
blogrolls as well as co-occurrence patterns (e.g., resources and
tags) (Staab et al., 2005), we want to find out contextual relation-
ships among blog-based KMSs. In order to compare the contexts of
two blogs, it is too difficult to directly analyze contents (e.g., posts)
themselves stored from the blog-based KMSs. Thereby, in this pa-
per, we assume that the context of a blog is implicitly represented
as a set of corresponding tags while being transferred from the
blogger (i.e., knowledge creator). It means that context matching
between two blogs Bi and Bj can be replaced to context matching
between two sets of corresponding tag.

However, main problem of this context comparison between
the tags is that each tag expressing specific knowledge is ambigu-
ous and heterogeneous with each other. As a simple example, some
posts about ‘Scientific Fiction’ in blogs are tagged with ‘sf’ in com-
mon. A tag sf in blog Bi, meaning ‘Scientific Fiction’, is contextually
different from a tag sf in blog Bj, which is meaning ‘San Francisco’.
Hence, given a pair of the blog-based KMSs, we have to discover
the best alignment condition between two tag sets, as finding
out which two tag elements from both blogs are either contextu-
ally equivalent, opposite, or similar.

2.1. Contextualization of blogs

Above all, we have to assume that the knowledge blogosphere
indicates a finite information space composed of a set of blogs
which people can freely access to and make a link (e.g., blogroll)
in their own blogs. The proposed BCON architecture can be em-
ployed in this blogosphere with a set of authorized blog-based
KMSs.

Here, we want to explain how the context in the proposed BCON
architecture can be managed and manipulated to enable better
knowledge distribution services. A blog-based KMS is enhanced
from a simple blog by contextualizing the tags. Consequently, the
third layer can be built for representing the contexts. While a gen-
eric blog is simply composed of three elements (posts, tags, and
blogrolls), a blog-based KMS Bk is formulated as

Bk ¼ fPBk
; TBk

;RTag
Bk
;RBlogroll

Bk
;RCmt

Bk
g ð1Þ

where

� PBk
¼ fr1; r2; . . . ; rNP

g is a set of posted knowledge (including
simple textual documents as well as multimedia data, e.g.,
images, movies, and so on),

� TBk
¼ ft1; t2; . . . ; tNT

g is a set of tags represented as user-gener-
ated keywords,

� RBlogroll
Bk

# Bk � Bk0 means a directed and unweighted social net-
work which is explicitly represented as blogrolls among blogs
within the knowledge blogosphere,
� RT
Bk

#PBk
�TBk

is a set of linkages between knowledge PBk
and

tags TBk
within a blog Bk, which is represented as a bipartite

network, and
� RCmt

Bk
# Bk � Bk0 indicates social interactions of which types can

be comment and trackback between the blogs.

Here, the variables NP and NT are the numbers of posted knowl-
edge and tags in the corresponding blog, respectively. The struc-
ture of tagging relationship RT is similar to a bipartite network,
because the knowledge can be tagged by more than one tag, and
the tags can also have relationships with more than single knowl-
edge, as shown in Fig. 3.

In practice, within a blogosphere, RBlogroll and RCmt are repre-
sented as asymmetric square matrices including the information
about social awareness. Particularly, in case of the social inter-
actions RCmt

Bk
, we want to record shortest path distance spdðk; k0Þ

between two blogs, by computing matrix multiplication (Wasser-
man & Faust, 1994). If there are no path between Bk and Bk0 ,
spdðk; k0Þ ¼ M þ 1 where M is the diameter of RBlogroll in the blogo-
sphere. Of course, this formalization is rather simplified in this pa-
per. But, important point is that these five components can cover
main characteristics and features of other supplementary blog ser-
vices. Within the blogosphere, mainly, the following three types of
features are applied to contextualize the tags used in the blog-
based KMS.

2.1.1. Background knowledge O

It can indicate ontologies for lexical semantics and directories
for topics. Meaning of each tag can be retrieved from the back-
ground knowledge (Moldovan & Novischi, 2004). A variety of
senses defined in ontologies and thesauri (e.g., WordNet2) can be
applied to compare the tag contexts (Chan & Ng, 2005;Curtis, Cabral,
& Baxter, 2006). Certainly, if we have more background knowledge
available, it can be applied to contextualize the tags. In this paper,
we have emphasized to use WordNet and derive only three simple
semantics for dealing with synonyms, antonym and hypernyms.
Thus, we can make a tag ti in blog Bk more contextually relaxed with
semantics given from the ontologies,

OðtiÞ ¼ fSynonymðtiÞ;AntonymðtiÞ;HypernymðtiÞjti 2TBk
g ð2Þ

For example, as shown in Eq. (3), we can find out that a tag ‘Car’
is semantically related to several terms (e.g., ‘Vehicle’ and ‘Auto-
mobile’) in difference senses, by looking up WordNet library as
the background knowledge,

OðCarÞ ¼ fVehicle;Automobile;Machine;Motorcar;Railcarg ð3Þ

In practice, semantics of the background knowledge are easily
accessible by using many APIs (Moldovan & Novischi, 2004). For in-
stance, WordNet has already developed several functionalities for
Java, PHP, JSP, Perl, and so on.

Once the tag has been contextualized to OðtiÞ, context matching
between two tags ti and tj can be approximated to matching be-
tween OðtiÞ and OðtjÞ. However, we are considering that this con-
textualization process is playing a simple role of preprocessing of

http://wordnet.princeton.edu/
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the tags, because it is impossible to recognize neither (i) personal
contexts nor (ii) consensual contexts.

Thereby, in this paper, we want to decompose a given certain
BCON into two-mode networks, i.e., (i) between tag layer and con-
text layer (LTC), and (ii) between tag layer and blog layer (LTB).
They are investigated to extract personal contexts and consensual
contexts, respectively.

2.2. Tag cohesiveness COHT

To be aware of the personal context, we have to focus on the
LTC. A resource pi 2 PBk

is annotated with a set of tags TBk
, which

can be easily acquired from ith column of RTag
Bk

. We assume that this
tag set TBk

in a blog-based KMS have shown contextual cohesive-
ness among them. Thus, the hypothesis of tag cohesiveness can
be established that the tags in a same blog (i.e., generated by a cor-
responding blogger) tend to be semantically consistent, and to be
in a similar context. In other words, when the tags are generated
to represent the knowledge by a certain human user, they might
be represented in a contextually similar way. We refer to this cohe-
siveness as a personal context. As a simple example, if a person is
interested in topic ‘Movie’, then his context of tag sf is probably re-
lated to ‘Scientific Fiction’.

Similar to corresponding analysis (Borgatti & Everett, 1997;
Roberts, 2000) and association rule mining, we have to statistically
find out which tags are contextually more cohesive than others by
the following equation

COHTðBkÞ ¼ ht1; . . . ; tXijmin
XX

x¼1

Detx2OðtxÞ;ety2OðtyÞ
ðetx ; etyÞ;

(

tx 2TBk
; ty 2TBk

)
ð4Þ

where D indicates a string matching measurements, e.g., Edit,
Levenshtein, and Substring distances. Here, variable X should be de-
fined by users, and it means the number of principal tag compo-
nents of the corresponding personal contexts. Each of the
principal tag components can be understood as a center of the con-
texts in context layer shown in Fig. 2.

2.3. Social affinity SAT

Given two blog-based KMSs Bm and Bn, several sets of tags lo-
cated within a certain social (geodesic) distance dmn along to the
social relations (e.g., blogrolls) might be represented in a similar
way. Instead of measuring the social affinity as ½0;1�, We refer to
this social affinity pattern as consensual contexts of communities.

To be aware of the consensual context, we have to focus on the
LTB. A tag ti 2TBm employed by blogs Bm can be easily acquired
from ith column of RTag

Bm
. Also, the social relation of the blogs can

be retrieved from RBlogroll
Bm

. For searching for the neighbors within
a certain social distance d, we can compute the distance by itera-
tive matrix multiplication at d times RBlogroll

ðdÞ , which is represented
as an asymmetric square matrix. Thus, the neighbors of Bm within
distance d, NGBðdÞðBmÞ are given by

NGBðdÞðBmÞ ¼ BnjRBlogroll
ðdÞ ðm;nÞP d� 1

n o
ð5Þ

where the distance d can be adjusted by users.
Regarding the consensual context, we want to establish two

hypotheses, and apply them to the neighbors selected by the social
affinity (shown in Eq. (5)). First hypothesis of this social affinity is
that as the distance between two blog-based KMSs is closer (i.e.,
their social affinity is stronger), the tag co-occurrence between
two corresponding tag sets is higher. This co-occurrence pattern
CTðBm;BnÞ is computed by
CTðBm;BnÞ ¼
jfhtx; tyijDetx2OðtxÞ;ety2OðtyÞ

ðetx ; etyÞ6 kCT
; tx 2TBm ; ty 2TBngj

maxðTBm ;TBn Þ
ð6Þ

where kCT
means a user-specific threshold value to control the

number of co-occurrence patters. We want to find out the usage
patterns of the number of semantically matched tags, as changing
the social affinities between two blog-based KMSs.

Second hypothesis is to discover the relationship between con-
sensual context and the social affinities. We regard a community as
a group of neighbors extracted by function NGBðdÞðBmÞ. It is simply
an ego-centric approach (Jung, Juszczyszyn, & Nguyen, 2007).

Then, the consensual context is defined as the most common
contexts integrating personal contexts (Eq. (4)) of which blogs are
in a same community. Jung (2008) mentions that the context can
be merged by intersecting the context components in common.
Especially, in pervasive computing, a variety of context fusion meth-
odologies (Sekkas, Anagnostopoulos, & Hadjiefthymiades, 2007)
have been investigated, and they will be compared in next section.

The consensual context is given by three different set intersec-
tion operations

SATðBmÞ ¼ \1 ht1; . . . ; tXiBn
jminðCOHTðBnÞÞ;Bn 2 NGBðdÞðBmÞ

� �
ð7Þ

¼ \2 Oðht1; . . . ; tXiBn
ÞjminðCOHTðBnÞÞ;Bn 2 NGBðdÞðBmÞ

� �
ð8Þ

¼ \3
1

dmn
� Oðht1; . . . ; tXiBn

ÞjminðCOHTðBnÞÞ;
�

Bn 2 NGBðdÞðBmÞ
�

ð9Þ

where 1
dmn

is expressing the inverse proportion to make an influence
to consensual context.

Different from intersection \1, the operation \2 wants to em-
ploy WordNet ontology to conduct word sense disambiguation,
and the operation \3 wants to employ WordNet ontology and so-
cial distance together.

3. Matching between contextualized tags

Beside the numerous relationships that can be found by con-
struction of the context layer, new relationships can be inferred be-
tween the entities. One particular relationship that will be
interesting here is similarity. In order, to find relationship between
contexts from different tags, identifying the entities denoting the
same context is a very important feature. As a matter of fact, most
of the matching algorithms use some similarity measure or dis-
tance in order to match entities.

Some distances, more in the spirit of network analysis, can be
defined from the structure of the network. For instance, Euzenat
and Valtchev (2004) defines all possible similarities of collection
components. In case of tags in blog-based KMSs, such components
are not only simple tags, but also personal context (i.e., COH) and
consensual context component (i.e., SA). Given a pair of tags from
two different blogs, the similarity measure SimC is assigned in
½0;1�. The similarity (SimC) between t and t0 is defined as

SimCðt; t0Þ ¼
X

E2NðTÞ
pT

E MSimYðEðtÞ; Eðt0ÞÞ ð10Þ

where NðTÞ# fE1; . . . ; Eng is the set of all relationships in
which tags participate. The weights pC

E are normalized (i.e.,P
E2NðTÞpT

E ¼ 1).
To find out meaningful relationships between blog-based KMSs

as top–down approach (from context layer to blog layer), we want
to match between the contexts of the blogs. Most importantly, in
this paper, the context of a blog is regarded as a collection of con-
textualized tags obtained by two major contextualization pro-
cesses, i.e., COH and SA, which are described in previous section.



3 WordPress. http://wordpress.org/.
4 Blojsom. http://wiki.blojsom.com/wiki/display/blojsom3/About+blojsom.

Table 1
Manual evaluation of tag contextualization.

O Oþ COH Oþ COH þ SA

U1 0.54 0.75 0.58
U2 0.72 0.68 0.76
U3 0.74 0.86 0.64
U4 0.52 0.85 0.82
U5 0.62 0.92 0.9
U6 0.6 0.84 0.63
U7 0.38 0.67 0.58
U8 0.63 0.86 0.53
U9 0.54 0.78 0.48
U10 0.58 0.95 0.52
U11 0.63 0.74 0.78
U12 0.45 0.81 0.57
U13 0.48 0.93 0.5
U14 0.58 0.82 0.84
U15 0.63 0.75 0.65
U16 0.65 0.83 0.63
U17 0.43 0.95 0.57
U18 0.66 0.87 0.78
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Let two blogs Bi and Bj matched with each other. We have to
find out the best matching between three different cases, i.e., (i)
a pair of simple tag sets, (ii) a pair of COH-contextualized tag sets,
and (iii) a pair of SA-contextualized tag sets, as maximizing sum-
mation of contextual similarities between the given tag collections
at each case. Thus, the proposed matching mechanism between
two blog-based KMS is given by

SimCðBi; BjÞ ¼ max
ht;t0 i2nðTBi

;TBj
Þ

X
t2TBi

;t02TBj

SimCðt; t0Þ ð11Þ

¼ max
ht;t0 i2nðCOHTðBiÞ;COHTðBjÞÞ

X
t2COHTðBiÞ;t02COHTðBjÞ

SimCðt; t0Þ

ð12Þ
¼ max
ht;t0 i2nðSATðBiÞ;SATðBjÞÞ

X
t2TBi

;t02TBj

SimCðt; t0Þ ð13Þ

where SimC 2 ½0;1�, and n provides a matching of the two set of tags.
Methods like the Hungarian method allow to find directly the pair-
ing which maximizes similarity. This algorithm is an iterative algo-
rithm that compute this similarity (Euzenat & Valtchev, 2004).

Here, these similarity measurements Eqs. (12) and (13) are able
to verify the hypotheses established in Sections 2.2 and 2.3,
respectively.

As a result of context matching between blogs, we can obtain a
set of tag correspondencesfMðBi;BjÞ ¼ fht; t0; oijt 2 RTag

Bi
; t0 2 RTag

Bj
; o 2 Og ð14Þ

where a correspondence is attached with a semantic relation o
which is derived from a WordNet ontology O. (For simplicity,
O ¼ f�;v;wg, meaning semantic equivalence and subsumption.)
Eventually, we can enhance fM with social affinity (e.g., blogrolls) as

MðBi;BjÞ  fMðBi;BjÞ �
1

log dij
ð15Þ

where dij is the social geodesic distance.

4. Knowledge distribution over BCON

As next step of the BCON framework, we want to identify a
community in which members are more cohesive than others by
using contextual similarities among blog-based KMSs, i.e., the links
between blogs are weighed by the contextual similarities. Particu-
larly, we are considering dynamic identification (Tantipathana-
nandh, Berger-Wolf, & Kempe, 2007), because the context might
be able to change over time. Knowledge which is newly published
on knowledge blogosphere is automatically distributed to the
members in a same community.

4.1. Dynamic ‘community of practice’ identification

Subsequently, we can build an weighted social network of
which links and weights are contextual relations and similarity be-
tween blogs, respectively. Formation of CoPs can be built by apply-
ing Q-modular function to the contextual social network. The
modularity function Q� is formulated by

Q�ðSÞ ¼
Xk

i¼1

P
Ba2gi ;Bb2gi ;ADJðabÞ¼1SimCðBa; BbÞ

jgij
ð16Þ

where all possible pairs of bloggers should be considered.

4.2. Knowledge distribution on tag correspondences

In this work, two ways of knowledge distribution schemes have
been proposed, as follows:
� systematic broadcasting of new resource to all members in a
same community, and

� selective propagation along to tag correspondences.

Once a resource has newly published and tagged with t in Ba, the
resource can be automatically pushed into ht; t0; oit2Ba ;t02Bb

in Bb.
More importantly, the resource can be translated by tag replace-
ment strategy.

5. Experimental results and discussion

In order to evaluate performance of the proposed blogosphere
architecture, we have implemented collaborative tagging blogging
system to share user-generated tags. More importantly, this sys-
tem has applied context matching process to measure the contex-
tual similarities between blogs. We have focused on two main
evaluation issues to test the hypotheses.

� Evaluation of tag contextualization.
� Evaluation of knowledge distribution.

We have been exploiting WordPress blog open platform3 and
Blojsom platform.4 For collecting the dataset, we have invited 18
graduated students (U1 to U18). They were asked them to define their
offline social relations and to manage their contents on their own
blogs. Their activities were monitored during ten days.

5.1. Evaluation of tag contextualization

Firstly, we have evaluated three different contextualization
methods for matching tags in blog-based KMSs, as follows:

� using background knowledge (e.g., WordNet) (O);
� using background knowledge and tag cohesiveness (Oþ COH);
� using background knowledge, tag cohesiveness and social affin-

ity (Oþ COH þ SA).

Table 1 shows the precision of contextual tags extracted by each
method. This results were justified all students. Fifteen student of
them (i.e., 83.3%) chose Oþ COH methods as best one for tag
contextualization.

http://wordpress.org/
http://wiki.blojsom.com/wiki/display/blojsom3/About+blojsom


Table 2
Contextual similarity between users.

U1 U2 U3 U4 U5 U6 U7 U8 U9 U10 U11 U12 U13 U14 U15 U16 U17 U18

U1 –
U2 0.24 –
U3 0.32 0.68 –
U4 0.29 0.3 0.45 –
U5 0.42 0.25 0.24 0.83 –
U6 0.26 0.74 0.78 0.48 0.37 –
U7 0.18 0.76 0.92 0.26 0.45 0.83 –
U8 0.86 0.52 0.33 0.34 0.28 0.22 0.2 –
U9 0.41 0.42 0.21 0.74 0.82 0.35 0.52 0.44 –
U10 0.82 0.18 0.51 0.51 0.3 0.29 0.42 0.85 0.57 –
U11 0.29 0.23 0.52 0.64 0.75 0.49 0.18 0.56 0.86 0.1 –
U12 0.91 0.46 0.43 0.3 0.14 0.58 0.45 0.72 0.22 0.72 0.26 –
U13 0.27 0.37 0.18 0.75 0.93 0.37 0.37 0.3 0.78 0.05 0.82 0.4 –
U14 0.68 0.34 0.35 0.15 0.43 0.3 0.52 0.68 0.25 0.85 0.3 0.83 0.53 –
U15 0.35 0.67 0.83 0.39 0.5 0.95 0.98 0.28 0.36 0.52 0.25 0.43 0.3 0.44 –
U16 0.27 0.84 0.73 0.42 0.18 0.84 0.88 0.33 0.28 0.42 0.38 0.13 0.45 0.28 0.82 –
U17 0.53 0.74 0.85 0.27 0.42 0.68 0.76 0.43 0.23 0.18 0.38 0.45 0.37 0.21 0.67 0.93 –
U18 0.35 0.49 0.22 0.95 0.74 0.13 0.53 0.44 0.69 0.21 0.83 0.05 0.74 0.42 0.43 0.49 0.28 –
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It proves that the proposed approaches (i.e., COHT and SAT)
outperform the simple word sense disambiguation based on
background ontologies. Especially, COHT has shown better perfor-
mance than SAT. We found out that the explicit social relationships
(e.g., blogrolls) can not indicate the contextual association between
blog-based KMSs.

5.2. Evaluation of knowledge distribution

Table 2 shows contextual similarity of all possible pairs of blogs,
in case of the best result of tag contextualization (i.e., Oþ COH).
Thus, we have chosen Oþ COH to compare a pair of contextualized
tag collections.

As shown in Table 2, we measured the contextual similarity
(SimC) between all possible pairs of bloggers. Hence, by using com-
munity identification equation Eq. (16) (k ¼ 3), we have organized
three communities with highly cohesive blogs, as follows:

� Community1: U1, U8, U10, U12, U14 (i.e., Q�ð Community1Þ ¼
0:792).

� Community2: U2, U3, U6, U7, U15, U16, U17 (i.e., Q�

ðCommunity2Þ ¼ 0:817).
� Community3: U4, U5, U9, U11, U13, U18 (i.e., Q�ðCommunity3Þ ¼

0:792).

We found out that the proposed community identification method
is working very well, because the modularity value is relatively
Fig. 4. Measuring user satisfaction with RSS feeds via BCON.
high. In particularly, although Community2 have more members,
the cohesiveness is higher than other communities.

As second experimentation, we have conducted human evalua-
tion for RSS-based information recommendation. During 10 days,
we kept tracking of bloggers’ rating patterns, as shown in Fig. 4.
The precision (i.e., user satisfaction) of context-based RSS feeds
in three communities has been increased over time in common.
This is caused by the dynamic community identification process.
The bloggers were able to be automatically involved into more rel-
evant communities.

6. Concluding remarks and future work

As a conclusion, we have claimed a new measurement for con-
textual similarity between blogs.

Jung (2008) mentions that the context can be merged to foster
semantically heterogeneous users who are not socially acquaint
with each other.

When communities are really different or when people do not
want to describe explicitly their relationships, additional social
networks have to be inferred from secondary sources. These sec-
ondary sources are often the published contents (e.g., documents).
For example, bibliometrics has for long made a speciality of infer-
ring social networks and many other clues from databases of co-
authoring and citations. The web is a rich source of documents that
can be used as secondary sources for inferring social networks
from analyzing the hyperlinked structure on the web (Kleinberg,
1999) (along the way used by google for inferring most authorita-
tive web pages) to exploiting the more intimate personal info-
spheres made of web pages, weblogs, and so on.

Similar to Mika (2005), we may consider only the concepts ap-
plied to the specific knowledge. As mentioned in Tantipathana-
nandh et al. (2007), dynamic CoP identification is NP-hard and
APX-hard problem. We might have to evaluate our heuristics com-
puting the similarity. Furthermore, this similarity can be extended
to contextual centrality, which means the potential power of bridg-
ing among blogs on social network.

As future work of semantic centrality, we have three main plans
to investigate the followings issues (i) semantic subgroup discovery,
to organize the sophisticated user groups with enhancing Eq. (16),
(ii) query propagation, to determine the ordering (or route) of po-
tential peers to which the queries will be sent, and (iii) semantic
synchronization, to maximize the efficiency interoperability by
information diffusion. Furthermore, we have to consider to
enhance the semantic centrality measurement C� by combining
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with (i) authoritative and hub centrality measurement, proposed in
Kleinberg (1999), and (ii) the modified shortest paths
spdðn; tÞ ¼ 1

C�ðnÞþC�ðtÞ. Finally, based on Jung (2005), we have plan
to visualize the semantic dynamics on the social network.
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