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ABSTRACT
The blog world is a representative online society. To understand the nature of the blog world, there have been many
research eﬀorts on analyzing information diﬀusion and blogger activities. The independent cascade model is appropriate
to explain information diﬀusion in the blog world. For the
model to be employed, the blog world should be represented
as a form of a network. For accurate analysis, it is crucial
to assign a diﬀusion probability to each edge between a pair
of bloggers in the blog network. In this paper, we propose a
novel method to assign a diﬀusion probability to an edge for
a pair of bloggers that reﬂects well the phenomenon of actual
information diﬀusion between them. We verify the superiority of our approach by performing extensive experiments
with real-world blog data.

Categories and Subject Descriptors
J.4 [Computer Applications]: SOCIAL AND BEHAVIORAL SCIENCES—Sociology; H.2.8 [Database Management]: Database Applications—Data mining

General Terms
Algorithms, Human Factors, Experimentation

Keywords
Data Mining, Social Network Analysis, Blogs, Information
Diﬀusion
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A social network is a kind of a network that consists of
members and relationships in a society. Analyzing various
characteristics of a social network is called a social network
analysis (SNA) [22]. For a long time, most of social network
data contained only the information regarding the presence
of relationships between pairs of members. This causes researches on social network analysis to focus on the topological characteristics of social networks [8][10][16][19][20][23].
With the development of the Internet and Web technology, however, social networks emerged online. Online social
networks provide information much richer than traditional
ones because every change in them is easily maintained in
a database. In online social networks, the strength of a relationship, which could be diﬀerent with diﬀerent pairs of
members, can be easily captured. So, recent studies are
focusing on deriving more detailed and accurate results by
analyzing the relationship information [1][12].
A blog service is one of the most widely-used services
based on online social networks. A blog is a type of a personal website in which bloggers can write their own thoughts
and opinions in a post [3][4][7][17][18][21]. Bloggers inﬂuence
one another through their postings and perform various activities in the blog world. A variety of relationships are also
established between a pair of bloggers there. The network
consisting of bloggers and their relationships is called blog
network.
Blog service companies provide convenient functions to
bloggers such as copying someone else’s post to their blogs or
writing a new post related to someone else’s post in their own
blogs in case they are interested in the post. These functions
are called scrap and trackback, respectively, which cause information diﬀusion over the blog world. It is an interesting research issue to analyze such information diﬀusion for
understanding how to detect abused information diﬀusion,
how to build successful marketing strategies for bloggers,
and how to revitalize blog networks [5][6][13][14][15][24].
In order to analyze information diﬀusion phenomena in
the blog world, the independent cascade model [6] can be
accepted. To apply this model, the blog world needs to be
represented as a blog network. A blog network, which is
built based on information diﬀusion history, is composed of

nodes and edges, each of which expresses a blogger and a
relationship between a pair of bloggers, respectively. For
analysis, the independent cascade model requires a diﬀusion
probability for every edge. Information diﬀusion in the blog
world is captured correctly only when the diﬀusion probability is assigned reﬂecting well the strength of a relationship
between the corresponding pair of bloggers. However, most
of previous works assumed these probabilities are given in
advance, and did not deal with how to obtain the probabilities. Many of them simply assigned an identical value to all
the edges within a network for analysis.
In this paper, a novel method to construct a blog network is proposed for analyzing information diﬀusion in the
blog world. Once the network is constructed, the independent cascade model can be applied to understand how the
information is diﬀused over the blog world. An algorithm to
compute a diﬀusion probability to each edge between a pair
of bloggers is proposed by carefully analyzing the history of
information diﬀusion. We demonstrate the eﬀectiveness of
the proposed method by performing extensive experiments
using real-world blog data.
The paper is organized as follows. Section 2 introduces the
characteristics of the blog world. Section 3 brieﬂy reviews
previous studies on information diﬀusion in social networks.
Section 4 proposes our method and discusses its characteristics. Section 5 presents and analyzes experimental results.
Section 6 summarizes and concludes the paper.

2. BLOG NETWORK
The environment of blog services can be summarized as
follows. Blog service companies provide bloggers with a
function called bookmarks or neighbors, which helps to add
some blogs to her/his favorites-list that makes it possible
for her/him to visit those blogs easily with a single click
[3][7][17][18][21]. A blogger can also perform actions such as
read, comment, trackback, and scrap on a post in someone
else’s blog [3][18][21].
Trackback and scrap can be viewed as a way of reproducing the original post. The reproduced post may in turn
trigger someone else to perform actions such as read, comment, trackback, and scrap. As a result, these two actions
cause information created by bloggers to be diﬀused over the
blog world.
Relationships among bloggers can be expressed as edges
while bloggers are represented by nodes. So, the blog world
is characterized as a form of a network. When blogger B
adds another blogger A to one’s own bookmark or takes actions such as read, comment, trackback, and scrap on the
post of blogger A, these actions can be considered as a consequence of blogger B being inﬂuenced by blogger A. Thus,
we can establish edges for constructing a blog network in
the following two diﬀerent ways.
First, an edge can be formed between bloggers who are
connected by bookmarks. This is based on the assumption
that a bookmark is formed only when a blogger is inﬂuenced by another blogger. Due to the static nature of a
bookmark, however, this may not reﬂect current inﬂuential relationships between bloggers. Second, an edge can be
formed between a blogger who has reproduced a post and its
original owner of the post. This is based on the assumption
that a blogger does reproducing actions such as trackback
and scrap on a post when she/he is inﬂuenced greatly by
the blogger who is the owner of the post. This way of edge

formulation diﬀers from the ﬁrst one because it reﬂects recent inﬂuence between bloggers when we consider actions
performed within the recent time window.
Figure 1 depicts an example of a blog network. Figure
1(a) shows an example of the blog world. Figure 1(b) shows
a blog network formed by bookmarks in Figure 1(a). Figure 1(c) shows another blog network formed by reproductive
actions in Figure 1(a).
In Figure 1(a), large rectangles labeled A∼E represent
bloggers while small round rectangles within a large rectangle represent posts created by a blogger. The dotted arrows
indicate bookmarks among bloggers while the lined arrows
indicate actions performed by bloggers. The posts with the
same color represent those related through reproductive actions.
In Figures 1(b) and 1(c), a circle represents a blog, and an
arrow does the inﬂuence relationship between bloggers. In
Figure 1(b), B→A indicates that blogger A added blogger
B in her/his bookmark, which implies that blogger A was
inﬂuenced by blogger B. In Figure 1(c), C→A indicates that
blogger C performed a trackback to post 3 of blogger A,
which exhibits the inﬂuence of blogger A over blogger C.

3.

RELATED WORK

Models for information diﬀusion in social networks include the linear threshold model [9], the independent cascade model [6], and the generalized cascade model [11]. The
common idea of these models is the following. Nodes may
inﬂuence one another and therefore a node which was inﬂuenced by another node may have characteristics similar
to those of the inﬂuencing node. In this case, we say the
inﬂuenced node is assimilated by the inﬂuencing node.
In [9], the linear threshold model was proposed. The linear
threshold model designates a threshold value to each node
and a weight to the relationship between nodes. When a speciﬁc node’s accumulated inﬂuence received from surrounding nodes is greater than its threshold value, it is regarded
as assimilated by those surrounding nodes. However, the
linear threshold model is inappropriate to be applied to a
blog network. It is because, while information diﬀusion occurs through the independent relationships among bloggers
in the blog world, the linear threshold model calculates the
total inﬂuence to a node by adding up the weighted inﬂuences from its neighboring nodes.
[6] proposed the independent cascade model. The independent cascade model designates a probability to the relationship between nodes, and assimilation decision is made based
upon this. We will call this probability assimilation probability between nodes. The reasoning behind the model is that
a blogger diﬀusing a certain post in the blog world is not because of the inﬂuence from her/his neighbors but because of
the inﬂuence from a single blogger who possesses the post.
Therefore, the independent cascade model is appropriate to
analyze information diﬀusion in the blog world.
In [11], a general cascade model is proposed. The general
cascade model eliminates the condition in the independent
cascade model that, in order to assimilate a speciﬁc user, the
neighboring users inﬂuence him independently, thus generalizing the characteristics of the linear threshold model and
the independent cascade model.
Due to the reasons mentioned above, we decided to employ
the independent cascade model to explain information diﬀusion in the blog world. For analysis by using the independent
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Figure 1: An example of a blog network.

cascade model, transforming a given blog world into its corresponding blog network needs to be preceded. In addition,
every edge between a pair of bloggers requires a diﬀusion
probability to construct a blog network. To correctly understand information diﬀusion in the blog world, this probability should be accurately computed reﬂecting actual information diﬀusion phenomenon well. Previous studies, however, mostly focused on proposing the models that explain
information diﬀusion phenomenon in social networks. They
assumed that the diﬀusion probabilities are given from applications or simply assigned an identical value to all the
edges for analysis. In this case, the information diﬀusion
cannot be analyzed correctly because it is determined only
by the topology of the network.

4. PROPOSED METHOD
4.1 Terms and symbols
Table 1 lists the terminologies and symbols used for further discussions. UA represents blogger A. DA represents
a collection of posts that UA creates and possesses while
DA,i represents post i of UA . DA→B is a collection of posts
that are diﬀused by UB from DA . PA→B is the probability
that a post in DA is diﬀused by UB . score(DA,i ) indicates
the score of blogger UA ’s intention of diﬀusing post DA,i ,
which is used to calculate diﬀusion probabilities in the following section. To compute score(DA,i ), other bloggers’ actions such as write, read, comment, trackback, and scrap,
denoted as W , R, C, T , and S, respectively, are used. In
order to assign diﬀerent importance to diﬀerent types of actions, weights, denoted as WW , WR , WC , WT and WS , are
assigned.

4.2 Basic idea
Our method is motivated by the observation that PA→B ,
the probability of a post of UA being diﬀused to UB , is proportional to the number of posts that are diﬀused by UB

from DA and also inversely proportional to the number of
posts in DA created by UA . So, probability PA→B is basically computed as in Equation (1).
PA→B =

|DA→B |
|DA |

(1)

In Equation (1), |DA | and |DA→B | indicate the numbers
of posts in DA and DA→B , respectively. PA→B refers to
the ratio of the number of posts in DA→B to the number of
posts in DA .

4.3 Improvement
Normally, bloggers create posts with two diﬀerent intentions. The ﬁrst one is to provide useful information for other
bloggers. In this case, the owner expects that her/his post
will be diﬀused over the blog world and thus will inﬂuence
other bloggers. The second one is to keep her/his private
thoughts and emotions for archival purposes. In this case,
she/he does not want the post open to other bloggers. So, it
would not be reasonable if we include those posts belonging
to the second category in |DA | of Equation (1).
To solve this problem, we should understand the owner’s
intention when she/he is writing a post. Direct inquiries to
owners on the intention for their posts could be accurate
but infeasible in real situations. Thus, we propose to estimate the author’s intention on a post by quantifying other
bloggers’ actions on the post. This is based on the fact that
a post created by the intention of diﬀusion tends to incur
more actions of other bloggers than a post created by the
other intention.
We deﬁne the score of a blogger’s intention of a post being
diﬀused as a degree of how much the blogger intends to
diﬀuse the post in question. This is derived from the amount
of actions induced by other bloggers on the post. Equation
(2) shows a formula to compute this score. The score(DA,i )
indicates the score of UA ’s intention of post i being diﬀused
when she/he created the post. This score is computed by

Table 1: Terminologies and symbols
Symbols
Deﬁnitions
UA
Blogger A
DA = {DA,1 , DA,2 , · · · } A collection of posts that UA possesses
DA,i
Post i of UA
DA→B
A colloction of posts that were diﬀused by UB from DA
PA→B
Probability that a post in DA is diﬀused by UB
score(DA,i )
Score of blogger UA ’s intention of diﬀusing post DA,i
W , R, C, T , S
Types of bloggers’ actions
WW , WR , WC , WT , WS Weights of bloggers’ actions

the weighted sum of all the actions, i.e., read, comment,
trackback, and scrap.
score(DA,i ) = WR × R Count(DA,i )

mining a post to be created by the intension of diﬀusion,
from 1 and increased it in step of 1. Figure 2 shows the
results of the experiment. The x-axis represents the threshold value, and the y-axis represents recall and precision in
Figures 2(a) and 2(b), respectively.
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Equation (3).
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For experimental analysis, we used anonymized data collected from blog.naver.com, one of the largest blog services
in Korea. In building a blog network, we established an edge
between two bloggers by using the information diﬀusion history between them rather than using their bookmarks.
For performance comparisons, we ran the following three
diﬀerent methods for analysis: (1) M1(in Section 4.3): our
method of computing a diﬀusion probability with the number of posts created by diﬀusion intention, (2) CST1: a
method of assigning constantly 1% to every edge, and (3)
CST5: a method of assigning constantly 5% to every edge.
The last two are those employed in [11].
To evaluate the performance of a method, we compared
the following two information diﬀusion histories: the actual
diﬀusion information history found in the blog world and
the generated diﬀusion history obtained by applying the independent cascade model to a blog network built by the
method. We employed recall and precision, widely used for
measuring accuracy in the information retrieval ﬁeld [2]. We
obtained recall (and precision) averaged over all the actual
diﬀusion histories in our blog data.
In the experiment, we analyzed the performance by changing the ratio of the action weights of comment and trackback/scrap as 1:1, 1:2, 1:3, 1:4, and 1:5, respectively. We set
trackback and scrap to have the same weight because these
two actions have similar characteristics of reproduction. We
started the threshold of M1, which is the criteria for deter-
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Precision
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Figure 2: Performance of M1 with diﬀerent action
weights and thresholds.
Figure 2(a) demonstrates that recall increases as the action weight ratio of comment and trackback/scrap decreases
and also as the threshold increases. This can be explained as
follows. As the action weight ratio decreases and the threshold value increases, the number of posts considered as being
created by the diﬀusion intention decreases. This makes a
high diﬀusion probability to be assigned to edges, and consequently causes information to be diﬀused more widely over a
blog network. As a result, more bloggers are included in the
information diﬀusion history made by M1, which increases
the possibility of including those bloggers in the actual information diﬀusion history. With the action weight ratio of
1:1, we observe that M1 improves the recall of CST1 and
CST5 by 18∼62 times and 4∼12 times, respectively.

In Figure 2(b) we can see that the precision of M1 also increases with the increase of the action weight ratio. Also, as
threshold increases, the precision of M1 increases to a point,
but decreases after the point. With the higher action weight
ratio, the inclination of the increase and decrease becomes
small, which, in turn, implies the threshold inﬂuences precision less with a larger action weight ratio. A lesson from the
experiment is that, when an analyst sets the action weight
ratio and the threshold to analyze information diﬀusion accurately, she/he should adjust the action weight ratio and
the threshold simultaneously rather than one by one. In case
the action weight ratio is set to 1:1, we see that M1 shows
precision higher than CST1 and CST5 by 14∼17 times and
5∼6 times, respectively.

6. CONCLUSIONS
In this paper, we have discussed a method of constructing
a blog network in order to analyze information diﬀusion in
the blog world. For successful analysis of the information
diﬀusion using this model, accurate assignment of diﬀusion
probability to each edge in the blog network is crucial. In
this paper, we have proposed a method of computing a diﬀusion probability for each edge. Our method is based on the
observation that the diﬀusion probability between two bloggers is proportional to the number of posts diﬀused by the
inﬂuenced blogger, and is also inversely proportional to the
number of posts created by the inﬂuencing blogger. So, the
proposed method basically computes the probability based
on their ratio. For more accuracy, we have used a notion
of a blogger’s intention for a post being diﬀused and have
proposed a way of its quantiﬁcation. We have shown the superiority of the proposed method by performing experiments
with various experimental settings.
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