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ABSTRACT
In the blog network, the posts in a blog can be diffused
to other blogs through trackbacks and scraps. Analyzing
information diffusion in the blog network is an important
research issue that can be used for predicting information
diffusion, detecting abnormality, marketing, and revitalizing
the blog world. Existing studies on information diffusion in
a blog network define explicit relationships between blogs
and analyze the word-of-mouth effect through such explicit
relationships only. However, it has been observed that more
than 85% of all information diffusion in a blog network oc-
curs through non-explicit relationships. In this paper, we
propose a new model that considers both the explicit and
non-explicit relationships between blogs in order to explain
the information diffusion phenomena in a blog network. We
add a super node and the relationships between the super
node and blogs as broadcast edges and register edges to the
existing information diffusion model and assign the assimila-
tion probability to every relationship. The expanded infor-
mation diffusion model improves the accuracy of the basic
model by taking into account the degrees of diffusion powers
of posts. We verify the superiority of the proposed model
through extensive experiments of information diffusion at a
real blog network. The experimental results show that our
expanded information diffusion model generates 77% less er-
rors than the existing model.
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1. INTRODUCTION
A social network is a way of expressing a group of people

within some society and the relationships among those group
members as a network. Most existing studies on social net-
work have carried out analysis on topological characteristics
of social networks [6, 17, 25, 28, 29, 31, 32]. Analyzing the
social network and deriving various characteristics of that
society is called social network analysis (SNA) [30]. With
the development of the Internet, social networks have ap-
peared online. Online social network data is different from
existing social network data in that they include richer infor-
mation, such as the degrees of relationships between group
members. Accordingly, compared to previous studies that
use information on whether or not relationship exist between
members, studies on online social networks are developing
and exploring many different approaches to utilize these ad-
ditional information [2, 3, 23].

Blog worlds are a representative example of online social
networks. A blog is a personal website on which a blog-
ger, the owner of the blog, can write his or her thoughts
online [10, 14, 19, 27]. In a blog network, a blogger is pro-
vided with a function called blogroll that enables him or
her to maintain a relationship with other bloggers either to
obtain needed information or to maintain a friendly rela-
tionship. This function is similar to the shortcut function
of web browsers (such as favorites list or hyperlinks), and
it performs the function of helping one to easily visit the
blogs that one wants anytime. In this paper, a relationship
formed between blogs through function blogroll is defined as
an explicit relationship.

The trackback is a function that allows bloggers to make
their posts linked to other blogger’s posts [7, 26]. The scrap
function, supported by most Korea’s blog service companies
[10, 14, 19, 27] is a function that allows bloggers to copy



another bloggers’ posts to their blogs. We define informa-
tion diffusion as a phenomenon that a post is disseminated
in a blog world through trackback or scrap. Analyzing such
information diffusion is a useful research issue, which can
be used for predicting information diffusion, detecting ab-
normality, marketing, and revitalizing the blog world [13,
16].

Existing studies on information diffusion in a blog world
have mainly focused on explaining information diffusion through
the word-of-mouth effect of between the social network mem-
bers with explicit relationship [8]. As bloggers visit the blogs
in their blogrolls and diffuse post (by trackbacking or scrap-
ping the post of their interest), such approach can be seen
as appropriate. However, our analysis has revealed that in-
formation diffusion within a blog world does not necessarily
occur through explicit relationships. For example, a post
that is introduced on the main page of the blog service com-
pany can be explosively diffused to the blogs with no prior
relationship.

Therefore, this paper proposes an information diffusion
model that can explain both the information diffusion aris-
ing from the word-of-mouth effect between bloggers with
explicit relationship and those which cannot be explained
with it. Using the existing independent cascade model [16]
as a basis, we propose a new model with additional elements.
The new elements here refer to the virtual space (i.e., the
main page of the blog service provider) that exposes posts
to a lot of bloggers with no prior relationship, and the re-
lationship between this space and each of the bloggers. In
addition, we propose an extended model to increase the ac-
curacy of the new model. Finally, we verify the accuracy of
the proposed approach through experiments with real-world
blog data.

This paper is structured as follows. Section 2 introduces
a blog world in detail and discusses the importance of in-
formation diffusion in the blog world. Section 3 describes
related work. Section 4 explains the information diffusion
model being proposed in this paper. In Section 5, the pro-
posed technique and the existing techniques are used to ana-
lyze an actual blog network, and their results are compared.
Section 6 concludes the paper and suggests a direction for
future research.

2. MOTIVATION
The blog world is an online social network composed of

blogs [10, 14, 19, 27]. A blog is a type of a personal web-
site where personal thoughts or opinions can be recorded
as online documents. Online documents that record these
personal thoughts and opinions on blogs are called posts.

Similar to the hyperlink of the web, blogroll establishes
an explicit relationship with another blog that the blogger
is interested in. Through these established relationships, a
blogger easily moves to any of the relevant blogs at any time.

Bloggers’ activities regarding posts can be largely divided
into two types. One type of activities is what can be done on
one’s own blog, such as reading one’s own posts or compos-
ing posts. The other type of activities is what can be done
on someone else’s blogs, such as reading the posts of others,
leaving one’s own opinions as comments, scraping (copying)
the posts to one’s own blog, or trackbacking by putting a
link to other posts, which leads to one’s own blog where
one’s opinions about the same topic have been written and
recorded.
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Figure 1: Blog world example.

When a blogger trackbacks or scraps a post, it can be
seen as the result of the blogger judging that that post is
useful to his or her blog. Moreover, because the post has
been trackbacked or copied to one’s blog, it also becomes
available for other bloggers who visit the blog. Accordingly,
the act of trackbacking or scrapping a post is an important
and distinctive action that explains information diffusion in
the blog world.

Figure 1 shows an example of the blog world. The rect-
angles A-E represent blogs, and the small rectangles within
blogs a-f represent posts. The solid lines between blogs show
explicit (blogroll) relationships between blogs. The arrows
between posts show the posts which have been trackbacked
or scrapped to other blogs. In case of post a, it was com-
posed on blog A, and was scrapped by bloggers B and C
and copied to their blogs.

Information in the blog world is recorded as posts. Ac-
cordingly, information diffusion in the blog world occurs
through dissemination of posts. For example, in Figure 1,
the information recorded in post a is diffused from blog A
to blogs B and C, and then from blog B to blog E.

The records of information diffusion that occur within the
blog world are stored in the form of diffusion history. The
diffusion history stores the time when a trackback or a scrap
occurred, two bloggers who participated in the trackback
or the scrap, and content on the post. By analyzing this
information diffusion history, the phenomena of information
diffusion occurring in the blog world can largely be divided
into two types.

The first type is the information diffusion that occurs
through explicit relationships in the blog world. In a gen-
eral social network, information diffusion occurs through the
word-of-mouth effect between members with a priori rela-
tionship and information spreads gradually among them. In
the blog world, this corresponds to the phenomenon that a
blogger trackbacks or scraps a post from one of the bloggers
in her blogroll and posts are gradually disseminated among
bloggers with such explicit relationships.

The second type is the information diffusion between blogs
without explicit relationships. A blog service provider often
selects some posts of quality contents and puts them on the
main page of the blog world, which enables those who do not
have any prior relationship with the owner of the post to be
able to access it. In our preliminary experiments, it has
been shown that about 85% of information diffusion within



the blog world occurs through this way. In this paper, when
the information is diffused between blogs that do not have
explicit relationships, we call it the information diffusion
through non-explicit relationship.

With the information diffusion that occurs through ex-
plicit relationships, the number of blogs participating in the
diffusion generally shows a tendency to increase linearly.
However, with the information diffusion that occurs through
non-explicit relationships, the number of blogs participating
in the diffusion tends to increase exponentially. Figure 2
shows an example of this diffusion tendency with two sam-
pled posts, where the horizontal-axis represents time and
the vertical-axis represents the accumulated information dif-
fusion power. Here, information diffusion power of a post
is defined as the total number of blogs who directly or in-
directly trackback or scrap the post in question. As time
passes, the power of information diffusion occurring from
non-explicit relationships tend to increase explosively, over
300 times the power of information diffusion arising from
explicit relationships.
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Figure 2: An example of explosive information dif-
fusion.

When information spreads well in the blog world, it can
be seen as bloggers actively using the blogs [31, 32]. In ad-
dition, if the patterns through which information is dissem-
inated are discovered, a path that can spread information
can be provided to bloggers. Therefore, it is important to
model the phenomenon of information diffusion correctly in
the blog world. In this paper, we address an information
diffusion model that can explain well the phenomenon that
information is diffused over the blog world through not only
explicit relationships but also no-explicit relationships.

3. RELATED WORK
Existing studies on information diffusion in a social net-

work have focused on modeling the word-of-mouth effect
among social network members [12, 16, 18, 21]. The main
idea shared by such studies is the following. Social network

members (i.e., nodes in a social network) may have influ-
ence on one another through their relationships (i.e., links
in a network) and such influence may result in an influenced
node who can influence other nodes in turn.

In [16], an independent cascade model was proposed to
model information diffusion. The independent cascade model
designates a probability to the relationship between nodes,
and whether or not influence actually occurred is determined
based on this probability. The independent cascade model
simulates information diffusion phenomena and can be used
to measure the number of nodes who are directly or indi-
rectly influenced by the node in question. We call this value
the diffusion power of the node in question.

In [18], a linear threshold model was proposed. The lin-
ear threshold model designates a threshold value to each
node and a weight to the relationship between nodes. When
a specific node’s accumulated value of the weighted influ-
ences received from her neighboring nodes is bigger than
her threshold value, that node is regarded as having been
influenced by the node who influenced her. Similar to the
independent cascade model, the linear threshold model can
be used to measure the diffusion power of a node.

In [21], a general cascade model was proposed. The gen-
eral cascade model eliminates the condition in the indepen-
dent cascade model that, in influencing a specific node, the
neighboring nodes influence him independently, thus gen-
eralizing the characteristics of the linear threshold model
and the independent cascade model. The general cascade
model therefore is appropriate for explaining the diffusion
phenomenon that shows the characteristics of both the lin-
ear threshold model and the independent cascade model.

In a blog world, a blogger trackbacks or scraps a post be-
cause she is influenced by the blogger who own that partic-
ular post. This can be modeled by the independent cascade
model. Since trackback or scrap of a post is not a result
of influences from many of her neighboring bloggers, the
linear threshold model that calculates the diffusion power
by adding up the weighted influences from one’s neighbor
nodes does not model well information diffusion in a blog
world. Therefore, to explain information diffusion in a blog
network, the independent cascade model is more appropri-
ate than the linear threshold model or the general cascade
model.

Various studies were carried out to analyze the phenomenon
of information diffusion within a blog network [4, 11, 15,
24]. These existing studies established explicit relationships
between blogs only when diffusion records between blogs
existed during the analysis period, and explained informa-
tion diffusion by analyzing the word-of-mouth effect through
these relationships. In [11], the blog network information
was classified according to themes and their diffusion tenden-
cies were analyzed. In [4], weights were assigned to explicit
relationships and, through them, a way to predict diffusion
power and diffusion paths was proposed.

By establishing the relationship only when diffusion oc-
curred, they carried out their analysis while essentially ex-
cluding the possibility of information diffusion between two
blogs with no prior relationship in the future. Bloggers,
however, can disseminate information from blogs with which
they had no diffusion history during the analysis period, and
such phenomenon frequently occurs in real world. This pa-
per proposes a model that can explain the phenomenon of
information diffusion through both explicit relationships and



paths other than explicit relationships.

4. PROPOSED MODEL
In this section, we propose a new model that considers

both explicit and non-explicit relationships between blogs
in order to explain all information diffusion phenomena in a
blog world. We add new elements to an existing model that
considers only explicit relationships between blogs so that
the new model can explain information diffusion through
non-explicit relationships as well. We also discuss ways to
improve the accuracy of the proposed model and propose an
expanded model.

4.1 Basic Information Diffusion Model
To explain information diffusion through explicit relation-

ships, our basic information diffusion model uses an existing
model. Here, an existing model refers to a technique of es-
tablishing explicit relationships between blogs, composing
a blog network using those explicit relationships between
blogs, and then analyzing information diffusion using the
independent cascade model.

In order to explain information diffusion through non-
explicit relationships, on the other hand, we add new ele-
ments of a super node, broadcast edges, and register edges
to the existing model. Here, the super node represents the
main webpage of a blog service provider and has bidirec-
tional relationships with all blogs within the blog network.
In this relationship, the link that goes from the super node
to the blogs is called a broadcast edge, and the link that
goes from the blogs to the super node is called a register
edge. The super node can influence blogs through broadcast
edges (when bloggers trackback or scrap some posts on the
main page), and can get influenced by blogs through regis-
ter edges (when some post from that blog has been selected
and posted on the main page). Figure 3 shows the proposed
basic information diffusion model.
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Figure 3: Basic information diffusion model.

Table 1 is a summary of terms and symbols needed to pro-
ceed with the discussion below. SN means the super node,
Ui refers to user i. Pi→j is the probability that information
on Ui will be disseminated to Uj , DSN refers to the collec-
tion of posts posted on SN , and DSN can possess m posts
where m is the maximum number of posts that can be ex-

posed on SN . Di refers to the collection of posts that Ui

possesses, and Di,j refers to the jth post of Ui. BE refers to
the collection of broadcast edges. BEi refers to broadcast
edges directed from SN to Ui, and the assimilation proba-
bility of BEi is shown as PSN→i. RE refers to the collection
of register edges. REi refers to a register edge directed from
Ui to SN , and the diffusion probability of REi is shown as
Pi→SN . If the total number of blogs within a blog network
is n, BE and RE possess n edges each.

SN : super node

Ui: user i

Pi→j : the probability that Ui information will be
diffused to Uj

Di = {Di,1, Di,2, ...}
: the collection of posts that Ui possesses

Di,j : Document j of user i

DSN = {DSN,1, DSN,2, , DSN,m}
: the collection of posts registered on SN

BEi: broadcast edge directed from SN to Ui

BE = {BE1, BE2, , BEn}
: the collection of broadcast edges

REi: register edge directed from Ui to SN

RE = {RE1, RE2, , REn}
: the collection of register edges

Table 1: Summary of terms and symbols.

The diffusion probability of relationships existing within
a blog network is calculated with the following method.

Equation (1) shows the computation of diffusion probabil-
ity through explicit relationships between blogs. Bloggers
write posts that may interest other users, but also those
that may not interest others, such as posts about their pri-
vate lives. Therefore, as the probability of Ui’s posts being
diffused to Uj , the ratio of posts of Di that other bloggers
are interested in and those among them that are actually
diffused to Uj is used. Here, in order to identify the posts
among Di, other bloggers are interested in, we identify only
the posts which produced more than the threshold number
θ of diffusions.

Pi→j =
Among Dj , # of posts diffused from Di

Among Di, # of posts having over θ of diffusions
(1)

Equation (2) shows the method of calculating the diffusion
probability of broadcast edges. The probability of the super
node diffusing Ui is PSN→i, and it is calculated as the ratio
of posts actually diffused to Ui from DSN .

PSN→i =
Among Di, # of posts diffused from DSN

|DSN | (2)

Equation (3) shows the method of calculating the diffusion
probability of register edges. The probability of a post by Ui

diffusing the super node is Pi→SN , and it is calculated as the
ratio of posts among Di that other bloggers are interested in
and, among those, the posts that are actually posted on the



super node. As in equation (1), in order to identify posts
among Di that other bloggers are interested in, its diffusion
history is analyzed, and only those posts that produced more
than the threshold number θ of diffusions are used.

Pi→SN =
Among DSN , # of posts diffused from Di

Among Di, # of posts having over θ of diffusions
(3)

Using the basic information diffusion model, we model in-
formation diffusion as follows: 1) Establish a blog network
composed of explicit relationships between blogs; 2) Add
to the blog network the super node, broadcast edges, and
register edges; 3) Assign a diffusion probability to every re-
lationship in the blog network using equations (1), (2), and
(3); and 4) Analyze information diffusion by applying the
independent cascade model to the blog network.

4.2 Expanded Information Diffusion Model
In this section, we propose an expanded information dif-

fusion model that improves modeling accuracy of our basic
model.

Bloggers may show various degrees of interest regarding
the posts posted on the super node. Some posts may draw
a lot of attention and be disseminated profusely while some
other posts can be ignored by most bloggers. Figure 4 shows
the distribution of diffusion power of posts actually posted
on the super node. The horizontal-axis shows the ranking
of posts based on their diffusion power, and the vertical-
axis shows the diffusion power of posts in the number of
trackbacks or scraps. Through Figure 4, it can be seen that
the diffusion power of the posts on DSN follows a power
function.

In the basic information diffusion model, the differences in
the diffusion power of posts are not considered in calculat-
ing the diffusion probability from the super node to a blog-
ger; only a single diffusion probability PSN→i is assigned
to broadcast edge BEi. Since posts with strong diffusion
power and those with weak diffusion power are given the
same diffusion probability, the accuracy in modeling infor-
mation diffusion may have suffered.
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Figure 4: Distribution of diffusion powers of posts
in the super node.

The new expanded diffusion model overcomes such a prob-

lem. Among the posts on DSN , ones that have been com-
posed by the same blogger are assumed to have the same
diffusion power. Equation (4) shows the method of calcu-
lating probability Pi→SN→j of the posts included in DSN

which were composed by Ui being diffused to Uj . Pi→SN→j

is calculated by multiplying αi to PSN→j . Here, αi is the
correction coefficient of diffusion probability of the posts on
DSN that Ui composed.

Pi→SN→j = αi × PSN→j (4)

Equation (5) shows the method of calculating the correc-
tion coefficient of diffusion probability αi regarding Ui. To
calculate αi, the average diffusion power of posts included
in DSN that were composed by Ui is divided by the average
diffusion power of all the posts in DSN .

αi =
Average diffusion power of (Di ∩DSN )

Average diffusion power of DSN
(5)

The expanded information diffusion model is used as fol-
lows: 1) Establish a blog network using the basic informa-
tion diffusion model; 2) Calculate the correction coefficient
of diffusion probability for the composers of the posts in the
super node, and compute the diffusion probability of those
posts that reflect the correction coefficient; and 3) Analyze
information diffusion by applying the independent cascade
model to the blog network.

5. PERFORMANCE ANALYSIS

5.1 Experimental Setup
For experimental analysis, this paper used anonymized

data which was collected from blog.naver.com, one of the
largest blogospheres in Korea, for several months starting
from July 2006. The number of posts created during the
analysis period was about 100 million. For explicit relation-
ships between blogs, neighbor relationships via the blogroll
function were used. The main webpage of the blog service
provider exposed 15 posts selected and changed them every
24 hours. During the analysis period, a total of about 1,200
posts were selected and exposed to bloggers.

For performance evaluation, we compared three methods:
the original independent cascade model (ORIG) [16], the
basic information diffusion model (BID) proposed in this
paper, and the expanded information diffusion model (EID)
which improved the basic information diffusion model.

As a performance metric, we used error ratio. First, we
computed an error, the difference between the actual infor-
mation diffusion history and the simulated based on each
of three different models. Then, as a metric, we used the
error ratio that compared the error values of two different
diffusion models.

Equation (6) shows the computation of error ratio. M
represents the diffusion model used, DHi represents the ac-
tual history of information diffusion that is originated from
blogger Ui. Simulation(M ; Ui) represents the information
diffusion history from Ui, simulated by model M . Both the
simulated and actual information diffusion histories are all
represented as time series data. An element value of time
series data indicates the number of blogs, accumulated ev-
eryday from the beginning of the whole analysis period, who



directly or indirectly trackback or scrap the posts of Ui. In
our analysis, we need to compare the overall trends of infor-
mation diffusion rather than its everyday difference. There-
fore, we employed dynamic time warping (DTW) [9, 20, 22]
to measure the difference (distance) between two time series
data.

Error(M ; Ui) = DTW (DHi;Simulation(M ; Ui)) (6)

Equation (7) shows the method for computing the error
ratio. M1 and M2 represent two different information diffu-
sion models. The error ratio measures the ratio of the errors
caused by two models while simulating information diffusion
originated from Ui. The values between 0 and 1 mean that
M1 produces less error than M2, while the values over 1
represent that M1 produces more error than M2.

ErrorRatio(M1; M2; Ui) =
Error(M1; Ui)

Error(M2; Ui)
(7)

5.2 Experimental Result
In this section, three sets of experiments were analyzed.

The first set of experiments compared the performance of
the proposed basic information diffusion model (BID) and
the original information diffusion model (ORIG). The sec-
ond set of experiments compared the performance of the
expanded information diffusion model (EID) and the orig-
inal model (ORIG). The third set of experiments analyzed
the performance of all three models together.

In the first set of experiments, we analyzed the error ratio
of the basic information diffusion model over the original in-
formation diffusion model. Figure 5 shows the experimental
results. Each point in Figure 5 depicts a post in the super
node. The horizontal axis shows the diffusion power of each
post, and the vertical axis does the error ratio of BID over
ORIG when information diffusion of each post was simu-
lated. The results show that the average error ratio of BID
over ORIG is 1.65, which means that the error actually in-
creased (65% more) when using BID than using ORIG. The
reason for this is that BID does not reflect the varying de-
grees of diffusion powers of the posts in the super node.
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Figure 5: Error ratio (BID vs. ORIG).

We performed an additional experiment to test the per-
formance of BID when the diffusion powers of posts in the

super node are similar. We selected a set of posts with dif-
fusion powers similar to the average diffusion power of the
posts in the super node, and measured the error ratio of BID
over ORIG. The average diffusion power of the posts in the
super node was 402 (that is, the number of bloggers who
directly or indirectly trackback or scrap the post in question
is 402 on average), and we sampled 44 posts whose diffusion
power is within the range of [350, 450].
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Figure 6: Error ratio of posts with average diffusion
power (BID vs. ORIG).

Figure 6 shows the results. Each point in Figure 6 signifies
a post with the diffusion power between [350, 450]. As in
the first experiment, the horizontal axis shows the diffusion
power of posts, and the vertical axis does the error ratio of
BID over ORIG. The error ratio is 0.15, which means the
error occur 85% less in BID than ORIG. This confirms our
observation that BID successfully models information diffu-
sion of the posts in the super node as long as the diffusion
power of posts are similar to each other, which results in the
improvement model of BID, the EID.
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Figure 7: Error ratio (EID vs. ORIG).

In the second set of experiments, we analyzed the error
ratio of EID and ORIG. Figure 7 shows the experimental
results. Each point in Figure 7 signifies a post in the su-
per node. The horizontal axis shows the diffusion power of
each post, and the vertical axis shows the error ratio of EID
over ORIG. The results show that the average error ratio of
EID over ORIG is 0.23, which means that errors occur 77%
less when using EID than using ORIG. Different from the
previous result with BID (in Figure 5), EID explains the in-
formation diffusion phenomenon very well even when there
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Figure 9: Performance comparison between EID and ORIG based on T-test.

exist the posts with varying degrees of diffusion powers in
the super node.

In the third set of experiments, we compared the perfor-
mance of ORIG, BID, and EID with the real diffusion his-
tory, DH. Figure 8 shows examples of diffusion history of 4
sampled documents. Each graph shows the diffusion history
of a post, either simulated or actual. Note that each graph
corresponds to a single point in Figures 5 to 7. The hori-
zontal axis represents time, and the vertical axis represents
the diffusion power of a particular post. The experimental
results show that EID is the most similar to DH, followed
by BID and then ORIG. Since ORIG takes into account in-
formation diffusion through explicit relationships only, the
diffusion power of a post increases linearly, while BID and
EID models the explosive information diffusion, which is also
observed in DH.

Finally, Figure 9 also verifies the superior performance of
EID over BID based on T-test.

6. CONCLUSIONS
Modeling information diffusion in a blog world is a useful

research venue, which can be used for predicting informa-
tion diffusion, detecting abnormality, marketing, and revi-
talizing the blog world. Existing studies established explicit
relationships between blogs, and analyzed only the word-of-
mouth-effect through such explicit relationships. However,
more than 85% of all information diffusion in a blog world
happens through non-explicit relationships, such as infor-
mation diffusion through a main webpage of a blog service
company.

This paper has proposed a basic model that explains both
the phenomena of information diffusion through explicit re-
lationships and those through non-explicit relationships. The
new model adds a super node, broadcast edges, and register
edges to the existing information diffusion model. This pa-
per has also proposed a method to assign the assimilation
probability to each relationship.

Since the basic model does not take into account that the

posts in the super node may have varying degrees of diffusion
powers, the performance may not be as good. In this paper,
we have proposed an expanded information diffusion model
that improves the performance of the basic model by taking
into account the degrees of diffusion powers of posts in the
super node.

Through experiments, we have verified the new models are
better than the existing information diffusion model. The
experimental results reveal that, when the diffusion pow-
ers of posts are similar to each other, the basic information
diffusion model generates 85% less errors than the existing
model. Even when the diffusion powers of posts vary signif-
icantly, the expanded information diffusion model generates
77% less errors than the existing model.

In this paper, we have considered only the main webpage
of a blog service company as the source of information diffu-
sion through non-explicit relationships. However, most blog
service companies provide search engine services for find-
ing information in the blog world, which is another cause
of information diffusion through non-explicit relationships.
At present, we are investigating the ways to incorporate
the search engines into the expanded information diffusion
model.
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