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Determining the Strength of the Propensities of a Blog Network 

 

Abstract 

A blog network may exhibit two different propensities characterized by the purpose of use: an 

information-oriented propensity and a friendship-oriented propensity. Both propensities coexist 

in a blog network, and the degree of these propensities plays an important role in business and 

policy decisions of blog-related business. In this paper, we propose an automated method for 

measuring the propensities of a blog network. First, we use classification to judge the propensity 

values of a relation between two blogs. Then, by adding up the propensity values of all the 

relations in the network, we determine the propensity values of the whole network. Two 

normalization methods are proposed to solve the potential problem that the propensity value 

tends to increase with the increasing size of a network. Our approach is validated through 

extensive experiments using a large volume of real-world blog data. The experimental results 

show that our method achieves a high level of accuracy in determining the propensity values of a 

relation. The results also suggest the applicability of our approach to determining the propensity 

values of an entire network. 
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1. Introduction 

 

A blog is a personal website where its owner (blogger) stores diaries, commentaries, and news 

of his/her interests [18][19][20][23]. The blogger publishes posts in his/her blog and establishes 

relations with other blogs through links, comments, trackbacks, blogrolls, etc. While used for 

expressing one’s thoughts and opinions in early days, blogs have evolved for connection, 

interaction, and other social activities [19]. In this respect, a blogosphere can be viewed as an 

online social network composed of nodes that represent blogs and links that represent relations 

between blogs [4][7]. We call such an online social network a ‘blog network.’ Typical examples 

of blog networks include myspace.com, blogger.com, facebook.com, etc.  

As ‘blogging’ became popular to a large population, companies have become interested in 

providing products and services that utilize blogs. To run a successful blog-related business, 

companies have started to analyze the blog network, investigating various properties of the blog 

network, such as the scale of a blog network, the age distribution of bloggers, etc. 

[18][19][20][23].  

Among many properties of the blog network, one of the most important is the purpose of use, 

that is, why the blogger uses blogs [8][9]. The Web survey of 1,000 bloggers in Korea shows that 

the purposes of using blogs are documenting and sharing daily life, sharing experience, sharing 

fun, storing and sharing information, and sharing opinions [19]. The purpose of use can be 

largely divided into two categories: for managing information and for maintaining acquaintance.  

 In this paper, the different behavior pattern exhibited in a blog network according to the 

different purpose of use is defined as ‘propensity.’ We identify two propensities: Information-
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oriented Propensity (IoP) and Friendship-oriented Propensity (FoP). The IoP is defined as the 

propensity of using the blog network to search, disseminate and share information, while the FoP 

is defined as the propensity of using the network to establish and encourage interpersonal 

interactions.  

Blog-service providers and marketing companies should provide products and services 

appropriate for the purpose of use [2][16][17]. In a blog network where bloggers are mostly 

interested in information, for example, viral marketing which utilizes the phenomenon of 

information dissemination can be effective. By providing the bloggers with the services and 

functionalities for easy collection and dissemination of information, blog companies aid the 

spread of information through blogs. Marketing companies may also utilize blogs by creating 

informative contents about their products for promotion [20][22][23].  

In a blog network where bloggers are mostly interested in interpersonal interactions, on the 

other hand, blog companies may entice bloggers to participate in a variety of group events and 

promotions. Also, blog-service companies may sell cyber-items such as skin or music that can be 

used as gifts among friends. Social applications, that have shown explosive growth in recent 

years, are the primary example of utilizing the FoP. 

That is, different business strategies should be applied based on the degree of the propensities 

of a blog network. The propensity values of a network might be measured through direct 

investigation and analysis by domain experts. Using domain experts, however, is implausible for 

two reasons. First, the size of a network may be too large for a human expert to determine the 

propensity values. Second, even if the propensities can be measured, it can be very time-
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consuming. A blog network tends to be very dynamic, and its propensities may change over time, 

which makes it hard to use human experts every time the propensity judgment is needed.  

In this paper, we propose an automated method that can be used to determine the strength of 

the propensities of a blog network. The main idea is to compute the IoP and FoP values of a 

relation between two blogs, the basic unit of a network, and using them to determine the 

propensity values of the whole network.  

The accuracy of the proposed method and its applicability are demonstrated through extensive 

experiments. The results show that our classification-based method achieves a high level of 

accuracy in evaluating the propensity values of a relation. To demonstrate the validity of our 

approach in determining the propensity values of a whole network, we compute and compare the 

propensity values of a blog network that seems to exhibit a particular propensity more strongly 

and those of a randomly-extracted blog network. The results show that our approach correctly 

identifies the network with strong propensity as such.  

The rest of the paper is organized as follows. Section 2 defines the problem. Section 3 briefly 

describes related work. Section 4 explains in detail how to compute the propensity values of a 

relation and those of a network. Section 5 demonstrates the accuracy of the proposed method 

through experiments. Section 6 concludes the paper. 

 

2. Problem Definition 

 

In a blogosphere, there exists a wide variety of connections between its members, and through 

these connections, members form relations. Figure 1 depicts an example of a blogosphere. Each 
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rounded rectangle, labeled 1 through 11, represents a blog, whereas each small rectangle 

represents a post in a blog. The arrow represents a connection between two bloggers. A 

connection can be either from a blog to a blog (e.g., keeping a blogroll), from a blog to a post 

(e.g., putting comments on someone's post), from a post to a post (e.g., keeping a link or 

trackback), or from a post to a blog (e.g., keeping a link to another blog). 

<Insert Figure 1 here.>  

 A social network is a social structure made of nodes that represent its members and relations 

that represent the connections between its members [3][21]. A blogosphere can be viewed as a 

social network, which we call a blog network. Depending on how nodes and relations are defined, 

a blogosphere can display different network topology. A node may represent a blog or a post. A 

relation may be defined as a connection from a post to another post and/or a connection from a 

blog to another blog. Figure 2 depicts a network diagram of the blogosphere in Figure 1, where 

blogs are represented as nodes, and all connections are represented as edges. The numbers in 

Figure 2 denote the blog numbers in Figure 1. 

<Insert Figure 2 here.>  

Having the bloggers who actively participate in blog activities and interact with others, the 

blog network shows a great potential for advertisement and communication. Active interaction 

and fast dissemination in the blog network also makes the blog world an efficient medium for 

word-of-mouth marketing [5][8][11]. Prior research suggests that word-of-mouth marketing 

plays an important role in customer's purchasing decisions. As the choice of products and 

services increases, customers become more reliant to the advice of the people around at the first 

phase of their purchasing process [20][23]. 
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For advertisement and marketing in a blog network to be effective, one needs to take into 

account why bloggers are using blogs and how they interact with other bloggers, that is, the 

purpose of use. In this paper, we divide the behavior of bloggers into two propensities: 

Information-oriented Propensity (IoP) and Friendship-oriented Propensity (FoP). Bloggers may 

publish information-oriented articles in such topics as stocks, travels and news, and read and 

collect similar types of articles from other blogs. We define the propensity of the blog activities 

for information collection and dissemination as Information-oriented Propensity (IoP). Bloggers 

may post articles of more personal nature, such as personal news and diaries, to build, maintain, 

and develop personal relationship with others. We define the propensity of the blog activities for 

interpersonal interactions as Friendship-oriented Propensity (FoP).  

Of course, both IoP and Fop coexist in a single network. The blogger displays different 

propensities depending on the blog he/she visits. That is, the blogger may exhibit either the IoP 

or the FoP, depending on his/her counterpart. Most bloggers display both propensities to a 

certain degree, and therefore most blog networks show both propensities.  

In order to run a successful blog-related business, companies need to apply the business 

practice best suited for the target network. In particular, it is important to know the degree of the 

IoP and the FoP of the network. In this paper, we address the problem of determining the 

strength of the two propensities of a blog network. 

 

3. Related Work 
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Little research exists that addresses the problem of determining the propensities of a blog 

network. In this section, we review previous research from the field of classification and data 

mining and discuss their applicability to our problem. 

Agrawal et al. proposed a method to categorize the writers on a given topic in a newsgroup 

into two opposite classes: one is "for" and the other is "against" the topic [1]. Their idea is based 

on the observation that writers usually make quotations when they disagree than when they agree. 

Let's suppose post A is posted in a newsgroup. The writer of post B which quotes the original 

post A is regarded as to have an opinion opposite to the writer of post A. In a similar fashion, the 

writer of post C which quotes post B is regarded as to have an opinion opposite to the writer of 

post B. Since the writer of post A and the writer of post C both have an opinion opposite to the 

writer of post B, they are considered to have the same opinion. Quotations in newsgroup posts 

are used to infer an implicit social network among writers who participate in the newsgroup. 

Their graph-theoretic algorithm achieves high accuracy in classifying writers into two groups.  

Their research and ours have it in common that both focus on classification. In our problem, 

however, the target to be classified is a blog network rather than individual blogs. Furthermore, 

our problem is not to classify a blog network into one type or the other but to determine the 

degree of each type. Since a blog network tends to exhibit both propensities to a certain degree, it 

would be more valuable for business to know the degree of propensities of a network. 

Girvan and Newman addressed the problem of detecting clusters from a social network [10]. 

Clusters are sub-networks within which node connections are dense, but between which such 

connections are much less dense. They proposed a method that detects clusters by exploiting the 

fact that there are weak connections between clusters [12]. A cluster obtained by this method is a 
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blog sub-network that is likely to have strong propensity of a particular type. Their method uses 

only the topology of a network. The strength of the propensity of a blog network is determined 

by the behavioral pattern (i.e., activities) rather than the structural one, and thus, this method 

does not provide a good solution to our problem. 

Cai et al. addressed the problem of mining hidden communities in a social network with 

multiple heterogeneous relations [6]. They proposed a method that evaluates the importance of 

different relations contributing to forming a given community. They assumed that the members 

in the social network have various types of relations and that each relation shows a degree. Their 

concept may correspond to the two different propensities and the propensity values in our 

research. Thus, our method for measuring the propensity values can provide their research with 

various types of relations and their degree it requires.  

 Lim et al. proposed a method for finding bloggers who exhibits high influence in a 

blogosphere [18]. They measured the influence of a blogger through the number of trackback 

and scrap actions. The influence of a blogger is similar to IoP, since IoP is computed using the 

activity patterns of bloggers for diffusing the information. The authors, however, did not 

distinguish the purpose of use of actions. Furthermore, we measure the degree of the propensities 

of a network (and not bloggers).   

The research problems mentioned above are relevant to but different from the problem we 

address in this paper. In the following section, we propose a new solution to the problem of 

determining the degree of the propensities in a blog network. 
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4. Our Approach 

 

4.1. Overview 

Bloggers have both the IoP and the Fop and exhibit either the IoP or the FoP, depending on 

their counterpart. Thus, we should compute the two propensity values of a relation between two 

blogs, and using them to determine the propensity values of the whole network.  

The propensity values of a relation can be best judged by the blogger who is involved in that 

relation. We cannot (and should not), however, ask everyone in the network to rate his/her 

relations every time when the propensities of the blog network need to be analyzed. In order to 

automate the propensity judgment, we have used a classification technique based on decision 

trees [14]. For training and testing, we collect a data set through survey and use it to construct 

two classification models, one for IoP and the other for FoP, respectively. The resulting 

classification models are used to automatic the process of computing determine the propensity 

values. 

 

4.2. Determining the Propensity Values of a Relation 

 

4.2.1. Survey. To determine the propensity values of a relation, we conducted a survey. The 

survey is designed to ask the blogger to rate the propensities of his/her relation. Since the 

blogger’s evaluation can be subjective, the survey includes two sets of sample posts that are 

carefully chosen to exhibit strong FoP and IoP, respectively. Each survey question asks the 

blogger how frequently he/she has seen the post similar to the sample post from the blog 

connected through the relation under question. Our survey contains six questions, three for FoP 
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and three for IoP. The survey results are quantified and used for computing the propensity values 

of the relation. The questionnaire used in the survey (translated from Korean) is shown in 

Appendix. 

 

4.2.2. Class Labels. The answer to each survey question is assigned to a score to capture the 

degree of a particular propensity. Usually, scores are assigned by domain experts and may be 

different based on applications. For example, the scores used in our experiments are given in 

Table 1. As shown in Table 2, the IoP and FoP scores of a relation are computed by adding up 

the scores of the answers to all the IoP and FoP related questions, respectively.  

<Insert Table 1 here.>  

<Insert Table 2 here.>  

The scores are then transformed into class labels. In our classification model, class labels 

represent the degrees of the propensity of a relation. We use different numbers of class labels (3, 

5, 7, and 9) in our experiments. Depending on applications, more fine-grained class labels can 

also be used. 

 

4.2.3. Attributes. Among many classification methods, we use classification by decision trees 

since it is easy to interpret the meaning of classification results.  

When building a decision tree, careful selection of attributes is a must [14]. This means, to 

classify the propensity values of a relation, we need a set of attributes that best represent the 

characteristics and properties of a relation. Unfortunately, the blog network keeps data about 

blogs (e.g., total number of posts in a blog, blogger information) and about posts (e.g., total 
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number of comments on a post, creation time of a post) but not about relations. The attributes of 

a relation, therefore, needed to be generated out of the data about two blogs connected through 

the relation under question.   

We used one of the most popular blog networks in Korea for building the classification model 

and running experiments. In this particular blog network, we have identified a set of 30 attributes 

that seemed to best represent the propensity of a relation, such as the total number of comments 

made by the parties involved in the relation under question, the number of ‘gifts’ exchanged 

between the two, and the number of comments left on the guestbook, etc. 

 

4.2.4. Classification Models. Using class labels and attributes identified in the previous sections, 

we build two decision trees: one for IoP and the other for FoP. Figure 3 depicts a part of the 

decision tree for determining the class label for the FoP of a relation. On top is the total number 

of visits to the other blog, the most important attribute when determining the class label for FoP. 

The second important attribute is the total number of neighbors. (The list of neighbors is similar 

to ‘blogroll.’) We have found that a friendship-oriented blogger tends to keep a small number of 

acquaintances, whereas an information-oriented blogger tends to have a larger number of 

neighbors to make it easy to keep track of good information sources. Given that the blog network 

does not keep explicit data about the relation, the number of neighbors of bloggers involved in 

the relation under question serves as an important attribute for FoP. 

<Insert Figure 3 here.>  

Figure 4 depicts a part of the decision tree for determining the IoP of a relation. As in the case 

with Figure 3, on top is the total number of visits. The second important one, on the other hand, 
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is the total number of comments the blogger writes. When the blogger is interested in collecting 

information-oriented contents and sharing them, he/she tends to make a link to the post of his/her 

interest and put comments on it. Therefore, the number of comments is an important attribute in 

determining the class label for the IoP. 

<Insert Figure 4 here.>  

 

4.3. Determining the Propensity Values of a Network 

To compute the degree of the propensities of a blog network, we assign representative values 

to class labels of the relation, and by adding up the values of all the relations in a network, we 

compute the propensity values of the whole network.  

Simple summation, however, results in the propensity value of the network that depends on its 

size. Figure 5 exemplifies the potential problem. In Figure 5, nodes represent blogs and edges 

represent relations. Suppose the propensity value of each relation is 10. Simple summation 

would result in the propensity value of network B higher than that of network A, since B has 

more edges than A. To solve the problem that the propensity value of a network tends to increase 

with the increase in network size, we propose two normalization methods: one normalized over 

the number of blogs in the network and the other normalized over the number of edges in the 

network. 

<Insert Figure 5 here.>  

In the first normalization method, the sum of the propensity values of relations is divided by 

the total number of blogs in the network. This computes the propensity value per blog on average. 

Of course, the normalized propensity value tends to be higher when the number of nodes (blogs) 
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is lower and the number of edges (relations) is higher. In Figure 5, since blog network A has 4 

nodes and the sum of the propensity values of relations is 60, the propensity value of the network 

normalized over the number of nodes is 15. On the other hand, blog network B has 10 nodes and 

the sum of the propensity values is 100, which results in the normalized propensity strength of 10. 

In the second normalization method, the sum of propensity values is divided by the total 

number of relations in the network. This computes the propensity value per relation on average. 

The propensity value normalized over the number of relations tends to be higher when there are 

edges (relations) with high propensity values. In Figure 5, network A has 6 edges and the sum of 

propensity values is 60, so the propensity value normalized over the number of relations is 10. 

On the other hand, network B has 10 edges and the sum of propensity values is 100, which 

results in the normalized propensity value of 10. 

Table 3 summarizes two normalization methods for determining the propensity values of a 

blog network. Which normalization methods to use depends on the characteristics of business 

applications. 

<Insert Table 3 here.> 

 

5. Performance Evaluation 

 

In this section, we demonstrate the validity of our approach through extensive experiments 

using real-world blog data. Section 5.1 describes the experimental setup, and Section 5.2 

analyzes the performance of our method. 
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5.1. Experimental Setup 

 

For experiments, we used anonymized data collected from one of the largest blogospheres in 

Korea for seven months starting from April 2006. The total number of blogs was about 

1,000,000 and the total number of relations (defined as the connection from a blog to a blog 

since the blog-service provider was mainly interested in the relationships among blogs) was 

about 2,000,000. Among them, we randomly selected 35,000 relations that showed some level of 

activities during the experimental period and conducted an online survey on the bloggers 

involved in those 35,000 relations. To remove invalid data, we compared the answers to the 

survey and the blog activities recorded. If the survey did not corroborate the recorded activities, 

we discarded the invalid survey result. If the survey reported frequent visits while the records 

showed few visits, for example, the relation was discarded from the pool of a data set. This 

resulted in 1,466 valid relations among 2,801 blogs for analysis.  

The proposed method was verified in two ways: the accuracy of the propensity values of a 

relation and the validity of the propensity values of a blog network.  

To measure the accuracy of classification for the propensities of a relation, we used two metric. 

First, we measured the hit ratio, the percent of samples in the test data set that are correctly 

classified by the model. Second, we measured the difference, the spread between the class label 

predicted by the model and the actual class label. Measuring the difference between the correct 

answer and the predicted one is useful since classifying "High" relation as "Medium" is not as 

bad as classifying it as "Low."  
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To measure the hit ratio and the difference, we divided the data set into ten disjoint sets. Nine 

of them were used as a training data set and the remaining set was used as a testing data set. The 

selection of nine sets was done in turn, so we were able to perform total of 10 sets of experiments, 

and the average of the results were used. 

Since the actual propensity values of a whole blog network are unknown, showing the 

performance of our method in determining the propensity values of a network was more 

challenging. We compared the propensity values of two sub-networks: one that seemed to 

display a particular propensity more strongly and a randomly-selected network. By showing the 

network with a strong propensity showed a higher propensity value than that of the randomly-

selected one, we were able to suggest the validity of our approach.  

To extract a sub-network, we did the following. The network with strong IoP tends to display 

star topology since bloggers who value information tend to form direct connections to the blogs 

which maintain comprehensive or up-to-date information. Also, information-seeking bloggers 

tend not to have connections with blogs that have the same posts as theirs, which results in fewer 

relations [13]. Therefore, to extract a network that seems to have strong IoP, we start by selecting 

a hub, the blog with the highest number of trackback links to its posts, and continue to select the 

blogs that are connected to the hub through trackback. When expanding the network, the blog 

with a higher number of visits to the hub is included first.  

The network with strong FoP tends to have mutual connections. Bloggers who value 

friendship are likely to have mutual relations with their friends, and a friend of my friend is 

likely to be a friend of mine, both of which result in a network dense with many relations [22]. 

To extract a network that is likely to have strong FoP, therefore, we start from the blog with the 
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highest number of mutual relations with other blogs as a hub. Then, we expand the network by 

selecting, among the blogs who have mutual relations with the hub, the one with frequent 

interactions. When extracting a random network, we start from a randomly-selected blog as a 

hub and include a blog to the network as long as it has a relation with the hub. Using the above 

method, we extracted 30 networks with strong IoP, 30 networks with strong FoP, and 30 random 

networks, each of which had 100 blogs in it. 

 

5.2. Analysis 

 

The quality of classification is evaluated by examining whether a known class label of a 

sample in the testing data set is identical to that predicted from the classification model. In our 

case, we evaluate whether the class label of the propensity of a relation determined by our 

decision trees is the same as that obtained by the survey.  

 

5.2.1. Accuracy of the Propensity Values of a Relation. 

 

5.2.1.1 Hit Ratio. The hit ratio measures the percent of samples in the test data set that are 

correctly classified by the model. Table 4 summarizes the experimental results. The number of 

labels represents the number of class labels where the propensity scores are grouped into. For 

example, the 3 labels indicate the propensity scores are grouped into {High, Medium, Low}. As 

shown in the table, the classification for both IoP and FoP shows the highest hit ratio of 93% 

when the number of labels is 3, but the hit ratio decreases with the increase in the number of 
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class labels. Since the score distributions were the same, it is expected that the hit ratio decreases 

as the number of labels increases. 

<Insert Table 4 here.> 

 

5.2.1.2 Difference between Predicted and Actual Propensity Values. Table 5 shows the 

difference between the predicted class and the actual one. Depending on the number of labels, 

the difference between the predicted class and the actual class for FoP is between 0.06 and 0.51, 

and the difference for IoP is between 0.07 and 0.61, respectively. The difference of 0.61, for 

example indicates the classification is off of 0.61 label on average. Although the difference 

increases with the increase in the number of labels, the increase is rather small. This result with 

the hit ratio reported in Table 4, combined verifies the validity of our method, since the 

difference is rather small even when the hit ratio decreases with the increasing number of labels. 

<Insert Table 5 here.> 

 

5.2.2. Validity of the Propensity Values of a Blog Network. Table 6 compares the FoP value 

of a network with strong FoP and that of a randomly-extracted network. Regardless of the 

normalization methods used, the network with a strong FoP is determined to have a higher FoP 

value than the random network.  

<Insert Table 6 here.> 

Although the FoP value of the network with strong FoP seems higher in both normalization 

methods, we were not able to determine whether the difference is statistically significant. We 
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performed T-test for further analysis [15]. The results of the T-test revealed that the difference 

based on the normalization method over the number of blogs was statistically significant at the 

0.05 level of significance. On the other hand, the difference based on the normalization method 

over the number of relations was not statistically significant. This can be explained by the fact 

that the bloggers in the network with strong FoP tend to have small number relations and the FoP 

value of an individual relation is not that high. To determine the FoP value of a network, 

therefore, we recommend using the normalization method over the number of blogs. 

Table 7 compares the IoP values of a network with a strong IoP and of a randomly-extracted 

network. Regardless of the normalization methods used, the network with a strong IoP is 

determined to have a higher IoP value than the random network.  

<Insert Table 7 here.> 

Again, we performed T-test to check whether the difference is statistically significant. The 

difference based on the normalization method over the number of blogs was not statistically 

significant at the 0.05 level of significance. The difference based on the normalization method 

over the number of relations was statistically significant. The blogger whose primary interest is 

in information collection and dissemination does not keep relations with blogs that have the same 

information. He/She probably wants to connect to a few blogs which keep the most up-to-date or 

most comprehensive information. Therefore, the network with strong IoP is likely to be 

organized into a collection of star topology, and the network itself is likely to have fewer 

relations than the random network. The IoP value of such a network, if computed with the 

normalization over the number of blogs, tends to be lower. When determining the IoP value of a 

blog network, therefore, we recommend the normalization method over the number of relations. 
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6. Conclusion 

 

A blog network exhibits two propensities based on the purpose of use: Information-oriented 

Propensity and Friendship-oriented Propensity. Knowing the relative and absolute values of 

these propensities of a blog network serves as an important basis for business and policy 

decisions of how to utilize the network. This paper proposes a new approach to judge the 

propensity values of a blog network.  

We divide the problem into two pieces: determination of the propensity values of a relation 

and those of a network. We collected a data set through survey for training and testing in 

classification, and using them, we have developed an automated method to determine the 

propensity values of a relation. The propensity values of a network are determined by adding up 

the representative values of all relations in the network. We have also proposed two 

normalization methods to prevent the problem that the propensity value tends to depend on the 

size of the network. 

The hit ratio of the proposed method decreases from 93% to 60% and the difference increases 

from 0.06 to 0.61 with the increase in the number of class labels. The increase in difference is 

relatively small compared to the decrease in the hit ratio, which validates the effectiveness of the 

proposed method of determining the propensity values of a relation.  

Since no direct measurement of the propensity values of a network is available, we devise a 

heuristic for extracting sub-networks seemingly having strong propensities, and compare their 

propensity values with those of randomly-selected networks. The analysis strongly suggests that 
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our approach is well suited for measuring the propensity values of a network. The statistical 

analysis done through T-test also reveals that the normalization method over the number of blogs 

is appropriate for measuring FoP, and the normalization method over the number of relations is 

appropriate for measuring IoP. 

The contribution of this paper is that it provides an automated and quantitative method that 

can be used to judge the propensity values of a blog network, which would be useful in business 

and policy decisions for blog-related applications. Although the paper focuses on two 

propensities, IoP and FoP, our method can be extended and applied to judging other types of 

properties of a blog network.  
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Appendix: The Survey Questionnaire 

 

 
 

(A sample post that exhibits strong FoP is shown.) 
 

1 How often have you seen posts related to daily life (e.g. diary, essays, personal stories, 
etc.) from blog A? 

2 How often have you seen ‘personal’ photographs (e.g. his/hers, his/her friends’, his/her 
family’s, etc.) from blog A? 

3 How often have you left comments, replies and posts of greetings (e.g. posts in 
guestbook, comments to say hello, etc.) on blog A? 

 (A sample post that exhibits strong IoP is shown.) 

1 How often have you seen posts providing useful information (e.g. book reviews, movie 
reviews, stock information, restaurant guide, product information, etc.) from blog A? 

2 How often have you seen photographs related to specific topics (e.g. movie posters, 
sports, arts, animations, etc.) from blog A? 

3 How often have you seen funny, useful or interesting posts (e.g. personality test, articles 
about special topics, etc.) from blog A? 
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Figures 

Figure 1. “An example of a blogosphere” 

 

 

 

Figure 2. “The network representation of the blogosphere in Figure 1” 
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Figure 3. “Decision tree for the FoP of a relation” 
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Figure 4. “Decision tree for the IoP of a relation” 
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Figure 5. “The propensity value of the network based on simple summation” 

  

Blog network A 
(Propensity value is 60) 

Blog network B 
(Propensity value is 100) 
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Tables 

 

Table 1. “The scores assigned to the answers to the question of the frequency of reading a 

post similar to the sample post” 

 

“ More than once a day ” 

“ More than once a week ” 

“ More than once a month ”  

“ More than once or twice total ”  

“ Never ”  

 

: 30 

: 15 

: 5 

: 1 

: 0 

 

Table 2. “Computation of propensity scores from survey answers” 

IoP ∑=
)( IQN

i
iI SPE  

FoP ∑=
)( FQN

i
iF SPE  

Notations 

i : Question number 

iS : Score of question i 

IPE : Score of IoP 

FPE : Score of FoP 

)( IQN : Number of questions related to IoP 

)( FQN : Number of questions related to FoP 
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Table 3. “Two normalization methods” 

  

Propensity Type 

Normalization  Basis 

 IoP FoP 

Number of Blogs 
v

I
I N

PE
PN ∑=  

v

F
F N

PE
PN ∑=  

Number of Relations 
e

I
I N

PE
PN ∑=  

e

F
F N

PE
PN ∑=  

Notations 

vN : Number of Nodes(Blogs) 

eN : Number of Edges(Relations) 

FPN : FoP of a Network 

IPN :  IoP of a Network 

FPE : FoP of a Relation 

IPE :  IoP of a Relation 

 

Tabel 4. “Hit ratio” 

Types 

Number of Labels FoP IoP 

3 94% 93% 

5 74% 70% 

7 63% 61% 

9 60% 66% 
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Table 5. “Difference between the predicted class label and the actual class label” 

Types 

Number of Labels 
FoP IoP 

3 0.06 0.07 

5 0.27 0.35 

7 0.43 0.55 

9 0.51 0.61 

 

Table 6. “Comparisons of FoP values of a network” 

Network types 

 Normalization  basis 

Network with Strong FoP Random Network 

Number of Blogs 3.26 2.18 

Number of Relations 1.17 1.15 

 

Tabel 7. “Comparisons of IoP values of a network” 

Network types 

 Normalization  basis 

Network with Strong IoP Random Network 

Number of Blogs 2.51 2.18 

Number of Relations 2.27 1.15 
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