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ABSTRACT 
As a typical social media in Web 2.0, blogs have attracted a surge 
of researches. Unlike the traditional studies, the social networks 
mined from Internet are very large, which makes a lot of social 
network analyzing algorithms to be intractable. According to this 
phenomenon, this paper addresses the novel problem of efficient 
social networks analyzing on blogs. This paper turns to account 
the structural characteristics of real large-scale complex networks, 
and proposes a novel shortest path approximate algorithm to 
calculate the distance and shortest path between nodes efficiently. 
The approximate algorithm then is incorporated with social 
network analysis algorithms and measurements for large-scale 
social networks analysis. We illustrate the advantages of the 
approximate analysis through the centrality measurements and 
community mining algorithms. The experiments demonstrate the 
effectiveness of the proposed algorithms on blogs, which indicates 
the necessity of taking account of the structural characteristics of 
complex networks when optimizing the analysis algorithms on 
large-scale social networks.   

Categories and Subject Descriptors 
H.2.8 [Database Management]: Database Applications - Data 
Mining; J.4 [Computer Applications]: Social and Behavioral 
Sciences- Sociology; G.2.2 [Discrete Mathematics]: Graph 
Theory- Graph algorithms 

General Terms 
Algorithms, Performance, Design, Experimentation 

Keywords 
Social network analysis, approximate algorithm, blogosphere, 
structural characteristics, complex network 

1. INTRODUCTION  
With the rapid development of the Internet in the last decade, 
peopleÕs life has been largely changed. One of the most amazing 
technologies of Internet today is Web2.0. In the Web2.0 era, 
Internet contains more and more social features. Many web sites 
can be attached with the label Òsocial mediaÓ [1], such as Blog, 
Flickr, Digg, Wikipedia and etc. The users on these social media 
can find friends with the same interests, contact each other online, 
post and comment articles and share information and photos. 
These actions generate social networks hidden in billions of web 
pages, so the mining and analyzing of social networks on social 
media websites are the focus of the research today. 

Blog is one of the most popular online personal publications. As a 
typical social media in Web2.0, blogs have attracted wide 

attention of both social scientists and computer scientists. Unlike 
the traditional study, the social networks mining from blogs are 
large scale, which makes many network analyzing algorithms to 
be intractable. A performance bottleneck of such algorithms is the 
expensive computation on finding shortest paths. As a classic 
problem in network theory, there are already rich researches on 
shortest path finding problem. However, the best-known serial 
algorithm for all-pairs shortest paths problem (APSP) requires 
O(n2.376)  time [2] due to the high complexity of the problem 
itself. So there are growing attempts on designing effi cient 
shortest path approximate algorithms today. 

In the empirical studies of real large-scale networks, some 
topological features that do not occur in simple networks have 
been observed, such as Òsix degreesÓ [3], Óscale-freeÓ [4] and so 
on. All these real networks have such features are named as 
complex networks, such as social networks and so on [5]. This 
paper proposes a novel approximation algorithm which utilizes 
the topological features of the complex networks to approximate 
the shortest paths efficiently. The proposed algorithm gives 
existent short paths to estimate the real shortest paths between 
nodes, which can be easily incorporated with many social network 
analysis algorithms that need the distances or shortest paths 
information. This paper illustrates the advantage of the 
approximate analysis through two major social network analysis 
steps: discovering the important users through the centrality 
measures and mining the communities through the graph-
clustering algorithms. The experiment results demonstrate the 
effectiveness of the approximate analysis on blogs, which indicate 
the necessity of taking account of the network structural 
characteristics when optimizing the network��analysis algorithms. 

The rest of the paper is organized as follows. Section 2 reviews 
the related works. Section 3 introduces the shortest paths 
approximate algorithm which takes the structure characteristics of 
complex networks into account. Section 4 proposes the mining 
methods incorporated with the approximate algorithms for social 
network efficient analysis on blogs. The experimental results are 
discussed in Section 5. Finally, Section 6 concludes the paper. 

2. RELATED WORKS  
Recently, the techniques of social network analysis [6] are widely 
used in the research of Web2.0 social media mining, such as the 
works on Flickr [7], dig [8] and etc. Researchers also have made 
great effort to mine the hidden social networks on the blogs. 
Geurvos et al [9] used SOM algorithm to mine communities on 
blogs. Kumar et al [10] used the links between blog entries to 
discover the hidden communities. Ishida [11] discovered hidden 
communities based on the similarity of the content of blog entries, 



instead of considering the links. In the studies of social network 
analysis, social scientists have devised several useful measures 
that can evaluate the importance of the nodes in a network, such 
as betweenness centrality and closeness centrality [12]. In another 
aspect, many researchers are interesting to use the graph based 
cluster algorithms to discover the communities, including k-
medoids algorithm [13], Girvan-Newman algorithm [14] and etc.  

However, these aforementioned algorithms are computationally 
expensive because of the bottleneck in shortest path finding 
problem. Researchers have already proposed a surge of shortest 
path algorithms, such as Dijkstra algorithm [15], Floyd algorithm 
[16], Bellman-Ford algorithm [17][18], A* algorithm [19] and so 
on. However, for single-source shortest path problem, the best-
known algorithmÑ the implement of Dijkstra algorithm using 
Fibonacci heap [20]Ñ still has running timeO(m+ nlogn) . For 
all-pairs shortest path problem, currently the fastest known 
algorithm using matrix multiplication requires O(n2.376)  time [2]. 
The researches of [21] indicate that a shortest path algorithm will 
show very different performance when worked on different 
networks which have different structure characteristics. So in 
recent years, there has been a growing interest in designing 
efficient approximate algorithms for estimating shortest paths 
quickly.��Chow et al [22] proposed a method which incorporated 
some heuristics with A* algorithm to search the shortest path 
efficiently. Slivkins et al [23] try to use the Ring of Neighbors 
method for finding the nearest nodes. Based on this method, they 
proposed a distance approximate algorithm using the information 
of rings [24]. Baswana [25] et al proposed a scheme for 
approximate all-pairs shortest paths. Using this scheme, they 
designed a randomized 2-approximate algorithm only requires 
O(m

2
3nlogn+ n2 ) time. Rattigan et al [26] proposed the Network 

Structure Indices (NSI), which uses a preprocessing step to 
annotate each nodes in networks and use a function utilizes the 
annotations for distance approximating. They combine this 
approximate algorithm with graph based cluster algorithms for 
efficient graph mining [27]. However, it is complicated when 
incorporating this method with the graph algorithms which need 
the shortest path information. 

Different from the previous works, this paper tries to design a fast 
shortest path approximate algorithm can easily incorporated with 
social network analysis methods. By investigating the rules of the 
shortest paths in complex networks, the proposed work makes use 
of the topological features of complex network to estimate the 
shortest path. This method has never been used in social network 
analysis before to the best of our knowledge. 

3. APPROXIMATE ALGORITHM  
In recent years, the tremendous calculating complexity in large-
scale networks becomes one of the most emergent challenges of 
social network analysis. As a typical type of complex networks, 
social networks have some topological features different from the 
synthetic networks. In this section, we make use of these features 
to design an all-pairs shortest path approximate algorithm, which 
can be efficiently used for approximate social networks analysis. 

Shortest paths problem is one of the major performance 
bottlenecks in social network analysis. There are a lot of 
researches of approximate algorithm try to achieve a balance 
between the precision and the performance. However, these 
previous works usually aim at all the types of networks, rarely 
optimized for real complex networks. Further more, many of these 
works employ a function to approximate the distance between 

nodes, which canÕt directly work with some social network 
analysis methods that need the shortest path information. 

The networks mined from the real world are normally complex 
networks, such as social networks, traffic networks and Internet 
networks [28]. The complex networks have some structural 
characteristics, for instance, the Òsmall worldÓ and Òscale freeÓ 
hypothesis. We consider that these characteristics indicate the 
intrinsic rules of shortest paths in complex networks. The small 
world hypothesis suggests that the diameter of the complex 
networks usually is small, just as the Òsix degrees of Kevin 
BaconÓ game indicated. The high clustering coefficient of 
complex networks suggests that the nodes usually contacted with 
some neighbors in a same cluster, which indicated that the low 
diameter lies on a few edges connecting different clusters, 
Granovetter [29] have already pointed out the importance of such 
Òweak tiesÓ in social networks. We can infer from these 
characteristics that the shortest paths in complex network often 
are very short; the shortest path between two clusters may pass 
some Òweak tiesÓ. Another famous topological feature of complex 
networks is named as Òscale freeÓ. Scale free means the 
distribution of degrees follow a power-law, which suggests that 
there exist a few active nodes occupy a lot of edges, and also exist 
a lot of common nodes which only connected with a few edges. 
This feature indicates that the Òweak tiesÓ usually connected with 
the active nodes follow the probability distribution. So we can 
learn a hypothesis about shortest path in complex networks based 
on its structure characteristics: 

Hyp.1:In large-scale real complex networks, most of the shortest 
paths will pass some of the most active nodes. 

It is easy to find many facts support this hypothesis in real 
networks. For instance, in Internet network, the computers are 
connected with each other through the routers. The sexual 
contacts networks [34] and collaborations networks [5] also 
represent the same features. We use the Cora networks [33] and 
E-R random network [35] for quantitive study. Cora is a famous 
scientific citation network and E-R network is a classic synthetic 
random network. We use the E-R model to generate a random 
network contains 1000 nodes, and use the random walk algorithm 
to extract a 1000 nodes sub-network of Cora. Then we use the 
Dijkstra algorithm to find all the shortest paths and compute the 
ratio of the number of the shortest paths passing the top n degree 
nodes to the number of all the shortest paths. As shown in Table 1, 
the active nodes with the highest degree often appear in the 
shortest paths in Cora, but rarely appear in the shortest paths in 
random networks Considering the top 5 nodes with the highest 
degree, 92 percent of the shortest paths in Cora pass at least one of 
the 5 highest degrees nodes, but in E-R random network, the ratio 
is only 13 percent. Based on the results shown in Table 1, we 
consider the hypothesis is reasonable in real complex networks. 

Table 1. The ratio of the number of shortest paths contains 
one of the top n nodes to the number of all shortest paths 

Top n nodes Cora E-R Random 
2 0.75 0.07 
5 0.92 0.13 
10 0.95 0.25 

According to Hyp.1, we proposed an efficient shortest path 
approximate algorithm named as Center Distance of Zones (CDZ), 
which based on the NSI and takes the advantage of the structural 
features to support the social networks analysis. This algorithm 



has 3 major preprocessing steps before finding the shortest paths:  

1. Select a set of active nodes  C1,C2,! ,Cn according to a 
center selection strategy; these nodes are called as centers. 
Add all the centers into a queue Q.  

2. Use a breadth-first search to travel the networks starting from 
the queue Q. Add each node to the same zone of the nearest 
center and annotate the nodes with the distance to the nearest 
center. The distance between centers of the adjacent zones 
can also calculated in this step. 

3.  Generate a new weighted graph that only contains the 
centers. If the zones of two centers are adjacent, add an edge 
connecting these two centers in the new graph and annotate 
the distance between these two centers in original graph as 
the weight of the edge. Then use an all-pairs shortest path 
algorithm to calculate all the shortest paths of the new graph. 
After this step, we can get the distances between all centers. 

Then we can use a simple function to approximate the shortest 
paths. This function uses an existent path passing the center to 
approximate the actual shortest path. The function is as follows: 

d(s,t) = d(s,Cs) + d(Cs,Ct ) + d(Ct ,t)  

Where s, t, Cs  and Ct are nodes in the network, the node is 
the nearest center of node x, function d(s,t)  is the distance from 
node s to node t. Unlike the empirical estimating such as DTZ, 
this approximate function use the summation of the distance of 
three existent paths: the distance from the source node s to its 
center Cs , the distance from the center Cs  to the center Ct  and 
the distance from the center Ct  to the target node t. These three 
paths compose an existent ÒpossibleÓ shortest path to estimate the 
real distance in complex networks. 

Different from previous works, this algorithm divides the 
networks into zones according to the structure characteristics of 
complex networks. And this algorithm use an existent path to 
approximate the shortest path between nodes, so it can directly 
work with those social networks analysis methods based on the 
shortest paths, such as Betweenness centralit�Z�� 

However, how to select the centers and how many centers is 
appropriate is still a problem. Fortunately, social scientists have 
proposed a simple but effective measurement to measure the 
importance of nodes of local environments, ÒLocal CentralityÓ 
[30], which calculates the centrality of nodes according to the 
nodesÕ degrees. We adopt this measurement to select the centers, 
but how many centers are suitable is still undecided. 

Complex networks have a well-known feature named as the 
Òscale-freeÓ hypothesis, which means the distributions of nodesÕ 
degree in complex networks follow the power-law. In other words, 
there are very few nodes have much higher degree than other 
nodes in complex networks. So we only need to select these few 
active nodes with the highest degrees as the centers. The degree of 
a node is equal to the number of edges that connected with the 
node, the summation of all the nodesÕ degrees are twice as the 
total number of the edges. We thought that if the total degrees of 
centers achieve at 50 percent of the total degrees of the network, 
CDZ algorithm would consider almost all the edges at the first 
iterate level of the breadth-first search in step 2. Based on the 
power-law, y = cx! " , we can easily conclude that we need select 
no more than 10 percent nodes as the centers to cover the 50 
percent degrees. So we repeating select the node with highest 
degree as centers until the summation of the degrees of all centers 
achieve at 50% of the total degrees, or the number of centers 

achieve at 10% of the total number of nodes.  

The step that uses the approximate function to estimate the 
distance between nodes needs constant times. As described above, 
the center selection operation requires O(nlog(n))  time. So the 
preprocess steps need O(m+ nlog(n) + d3) times if we use the 
Floyd algorithm to find all-pairs shortest path between centers, 
where d is the number of centers, n is the number of nodes and m 
is the number of edges. As analyzed above, it only needs to select 
few nodes as the center nodes in complex networks, the number d 
is much smaller than n. In this case, the preprocess step only need 
O(m+ nlog(n))  times. If the number of centers d is still more 
than 500, the computation of all-pairs shortest path of centers will 
become expensive. In that case, we use the CDZ algorithm 
recursively to approximate all the shortest paths between centers 
instead of computing the actual shortest paths. 

4. APPROXIMATE ANALYSIS  
Social scientists have proposed and adopted a surge of graph-
based methods for social network analysis. Many of them are 
based on distances or shortest paths. In this section, we adopt 
some important analysis methods incorporated with the CDZ 
algorithm for efficient analysis on large-scale social networks. 

4.1 Measuring the Importance 
When analyzing the social networks on blogosphere, we want to 
discover the ÒstarÓ blogs that have the greatest influence. There 
are two well-known measures for evaluating the importance of 
nodes, betweenness centrality Ñ the proportion of all shortest 
paths in the network that run through a given node, and closeness 
centralityÑ the average distance from the given node to every 
other node in the network [12]. We modified these centrality 
measures by incorporating with the CDZ algorithm for important 
user mining on blog social networks. 

It is straightforward to use the CDZ algorithm for closeness 
centrality approximating. According to the definition, the 
closeness centrality of a node is the average distance from this 
node to every other node. We use the approximate distance 
calculated by the CDZ algorithm to replace the real distance when 
calculating the closeness centrality of a node. However, 
approximating the betweenness centrality is more difficult. This 
measure requires the detail information of actual paths rather than 
simple path lengths. Many approximate algorithms only estimate 
the distances with the aid of some empirical estimating functions, 
which are no help for finding the shortest paths. So it is difficult to 
adopt these algorithms to approximate the betweenness centrality. 
For example, the NSI methods estimate the betweenness using the 
paths identified through NSI-based navigation [26]. But the 
navigation is also time consuming, so this method only navigate 
the paths of a few sample pairs to estimate the betweenness value, 
not the shortest paths of all the possible pairs. 

The CDZ algorithmsÕ approximate function gives an existent path 
passing the centers to estimate the shortest path. So this algorithm 
can be directly incorporated with the shortest path based 
algorithms. Ulrik Brandes et al [31] proposed the most famous 
and fastest exact betweenness centrality algorithm, which used an 
accumulation technique integrating with the traversal algorithm. 
But this algorithm also runs in O(mn+ n2 logn) times, which 
means it is intractable to calculate in practice. However, we can 
modify this algorithm by using the approximate paths calculated 
by CDZ algorithm for estimating the betweenness efficiently.  

The betweenness centrality of a node measures the number of 



shortest paths on which a given node lies: 

CB(v) = ! st (v) = " st (v) / " st##  

Where ! st is the number of shortest paths connecting nodes s and 
t, and ! st (v)  is the number of these shortest paths that pass node v. 

The approximate shortest paths between node s and t given by 
CDZ algorithms are existent paths that pass the center nodes of 
node s and t. According to the theorem 2 in [31], now the number 
of shortest paths can be approximated as follows: 

! st " ! scs
# ! csct

# ! ctt
 

Where Cs  is the center node of the zone that contains node s, 
! xy is the number of shortest paths connecting nodes x and y. 

Accordingly, we can estimate the value of! st (v)  and the 
betweenness centralityCB(v) : 

! st (v) " ! scs
(v) # ! csct

# ! ctt
+ ! scs

# ! csct
(v) # ! ctt

+ ! scs
# ! csct

# ! ctt
(v)

CB(v) ! (" scs
(v) / " scs

+ " csct
(v) / " csct

+ " cst
(v) / " cst

)
s#t#v
$

= (%scs
(v) +%csct

(v) +%cst
(v))

t&V
$

s&V
$

 
Where V is the set of all the nodes in network. 

Define !" cs¥(v) = " scs
(v)

s#Z(cs)
$  

In undirected graph, δ '
Cs•

(v) = δ '
•Cs

(v) , and we assume that the 
size of each zone are almost equivalent. Now we can approximate 
the betweenness centrality as follows: 

 

Where d is the number of centers and C is the set of centers. 

Then we can use the preprocessing step 2 of CDZ algorithm to get 
the ! '

C¥(v) value of all centers, and use the preprocessing step 3 to 
get the shortest paths between all centers for calculating 
the! CiCj

(v) . These steps run in O(m+ nlogn)  times, so it is 
possible to approximate the betweenness in large-scale networks. 

4.2 Mining the Communities 
Mining the hidden communities in social networks is another 
research focus of social network analysis today. Researchers 
discover the communities with clustering algorithms, such as k-
medoids [13] and so on. But the clustering algorithms usually rely 
on prohibitively expensive computations, which makes it 
intractable to run in large-scale networks. Many clustering 
algorithm are based on the distance or shortest paths between 
nodes, so we try to incorporate these clustering algorithms with 
the CDZ algorithm for efficiently mining communities on blogs. 

Girvan-Newman clustering algorithm [14] is one of the most 
famous graph based clustering algorithms in social network 
analysis. This algorithm is a divisive clustering technique based 
on the edge betweenness centrality. The algorithm ranks the edges 
in the graph by their betweenness and removes the edge with the 
highest value. Betweenness is then re-calculated on the modified 
graph, and the process is repeated. Then the set of connected 
components of the graph is considered as a cluster. The Girvan-
Newman algorithm is simple but has been proved to perform well 
[32]. However, its complexity also limits its applicability because 
of the high complexity of computing the betweenness centrality. 

As shown in section 4.1, the CDZ algorithm can be used to 
calculate of the nodeÕs betweenness centrality. Similarly, we can 
adopt this method for edge betweenness centrality calculation. So 
the Girvan-Newman clustering algorithm can be modified to 
utilize the CDZ approximate algorithm. The main steps of the 
approximate clustering algorithm is as follows: 

Input: k: the number of removed edges. 
Iterative algorithm: 

1.Use the CDZ based edge betweenness algorithm to 
approximate the betweenness centrality of all the edges in 
the graph.��

2.Sort the edges by the betweenness centrality descending. 
Remove the edges with the highest centrality. 

3.Repeat step 1 and 2 for k times. 
4. Each set of connected components of the graph is 

considered as a cluster.  

5. EXPERIMENTS  
The proposed work on the approximate social network analysis 
has been evaluated on SOHU Blogs1  data to verify its 
effectiveness and performance by designing various experiments 
and evaluation methods. All the implements and the datasets this 
paper used are available for download2. 

5.1 Data Set 
Blogs are not only the platforms for personal publishing, but also 
the on-screen renderings of the communities of users. In this 
paper, the blog data collected from SOHU Blogs are used in the 
experiments. Being one of the largest blog sites in China, SOHU 
Blogs are composed of 14 major circles, each of which keeps an 
index page listing all ÒstarÓ usersÕ homepages. These ÒstarÓ users 
may be the most active users or the famous people in real life. The 
index pages of the circles were used as seeds to collect initial blog 
URLs, and these URLs are added to the beginning of the crawl list 
and make a width-first-crawl. 1327 blogs and 20166 entries from 
SOHU Blog are collected. All these blogs come from 3 most 
popular circles, namely business, sports and entertainment.  

All the collected pages have been parsed to get the hyperlinks 
structure information. Each blogs belongs to a user, which is 
represent as a node in the graph. If there exist a hyperlink between 
blogs or entries, the corresponding nodes in graph will be 
connected with an edge. After the extraction step, a social network 
of blogs contains 1113 nodes and 6682 edges were generated. 

5.2 Distance Approximation 
Firstly, we designed the experiment for evaluating the efficiency 
of CDZ approximate algorithm. We used the exact distance value 
given by Dijkstra algorithm with Fibonacci heap [20] as the 
golden standard; we used two well-known approximate 
algorithms as the baselines for comparing study. One of the 
baselines is a randomized approximate algorithm [25] proposed 
by Baswana et al. The other is a widely used NSI distance 
approximate algorithm, Distance to Zone (DTZ) [26] method. ��

Then we introduced the measures for evaluating and analyzing the 
effectiveness of shortest path approximating algorithms. We 
adopted the path ratio P measurement [26] to evaluate the 
precision of distance approximating: 

                                                                    
1 http://blog.sohu.com 
2 http://sei.nudt.edu.cn/nlp/tjt/kdd.html 



P =
Pfi

i=1

r

!

Poi
i=1

r

!
 

Where r is the number of the randomly selected pairs of nodes in 
the network, Poi

is the exact distance of node pair i given by 
Dijkstra algorithm, and Pfi

is the approximate distance 
correspondingly. 

The path ratio was used for measuring the CDZ algorithms on the 
blog social network. We also evaluate the performance of the 
proposed algorithm on three types of synthetic networks of 1000 
nodes, which have the equivalent scope to blog social network. 
These synthetic networks are generated by these models: random 
networks defined by Erd! s et al[35], the small world networks 
defined by Watts et al[36] and the scale-free networks defined by 
Albert et al[4]. Considering all the possible pairs, the path ratio 
values of the approximate algorithms are shown in Table 2. 

Table 2.Path Ratio of approximate algorithms  

Network Type CDZ Baswana DTZ 
E-R Random 1.455 1.124 6.412 
Small World 1.530 1.167 7.175 
Scale-Free 1. 175 1.222 6.600 
Blogger 1.022 1.092 5.648 

As shown in Table 2, the CDZ and the Baswana algorithm 
approximate the distance much more exactly than DTZ on various 
networks. The DTZ algorithm tends to take large biasing because 
the approximate function is apt to approximate the distance larger 
than actual distance. DTZ use a random flooding algorithm to 
divide the graph into zones. To avoid the bias introduced by 
random dividing, the DTZ need to repeat the dividing step for 
more than one times, and the distance approximate function sums 
up all the estimating distances of every division state. The 
Baswana algorithm is a 2-approximate algorithm and the 
experimental results demonstrate this advantage. The path ratio of 
Baswana algorithm in all the networks are small than 2, and in 
random network this algorithm is more accurate than other 
algorithms. The CDZ algorithm performs exceptionally well on 
the scale-free networks and blog social networks, which reflects 
that the CDZ algorithm based on the hypothesis of the edges 
connect different clusters usually pass the active nodes is more 
suitable. The power-law distribution of degrees in scale-free 
networks supports the correctness of this hypothesis. The social 
network mined blogs is a complex network, in which the degrees 
distribution also follows the power-law. This evaluation results 
demonstrate the effectiveness of CDZ algorithm when 
approximating the distance in complex networks. 

Table 3.The complexity of the approximate algorithms 

 Time Space 

Dij. O(n2 logn+ mn)  O(n2 )  

CDZ O(nlogn+ m+ d3)   
DTZ O(mkd)   

Baswana O(m
2

3nlogn+ n2 )  O(n
3

2 )  

The complexity of the approximate algorithms is shown in Table 
3. We also investigated the time cost of different algorithms for 
calculating all the distance between nodes in blog social networks. 
As shown in Figure 1, the performance of CDZ algorithm is 

dramatic. The DTZ algorithm need much more time for 
initializing because it need repeat the steps of random split the 
graph to zones to avoid the bias, while the CDZ algorithm split 
the graphs directly by utilizing the structure characteristics of 
complex networks, so it is no need to repeat the split step for 
many times. The Baswana algorithm needs to construct and store 
some breadth-first search trees for the purpose of ensure the 
approximate distance are no more than twice of actual distance, so 
the preprocessing step is also time consuming. ��

 
Figure 1. Run time of various algorithms on blogs 

5.3 Approximate the Importance Users 
The centrality approximate algorithms proposed in Section 4.1 has 
been implemented and applied to efficient discovering of 
important users on blogs, which has been compared with the DTZ 
based centrality approximate algorithms proposed in [26]. 

As one of the most famous node ranking measurement, the rank 
order of nodes based on centrality is more important than the 
centrality values. So this paper uses two traditional rank ordering 
evaluation measures"##"SpearmanÕs �5  coefficient and KendallÕs 
�7  coefficient -- to evaluate the quality of the ordering based on 
the approximate centrality values. We used the actual order given 
by the traditional exact algorithms as the baseline. 

��
Figure 2. The curve of ordering correlation coefficients of 

closeness centrality approximating, where x-axis is the 
number of the evaluated nodes, y-axis is the evaluation value��

Figure.2 depicts the SpearmanÕs �5  coefficient value and 
KendallÕs �7  coefficient value of the top n rank ordering by 
closeness centrality. As shown in this figure, the CDZ based 
approximate algorithm has the remarkable better performance 
than the DTZ base algorithm under both measurements. When we 
consider the quality of the ordering of all the nodes, the CDZ 
algorithm has the precision value of 0. 0.980 and 0.639, but the 



DTZ algorithm only reaches 0.967 and 0.516 correspondingly. If 
we only consider the most important 100 nodes, the precision 
value of the CDZ algorithm is 0.952 and 0.461, but the precision 
of the DTZ algorithm is rapidly decreased to 0.925 and 0.440. 

��
Figure 3. The curve of ordering correlation coefficients of 
betweenness centrality approximating, where x-axis is the 

number of the evaluated nodes, y-axis is the evaluation value��

Figure 3 depicts the SpearmanÕs �5  coefficient value and 
KendallÕs �7  coefficient value of the top n rank ordering by the 
betweenness centrality. We can learn from Figure.3 that the CDZ 
based approximate algorithm of betweenness centrality is very 
suitable for the efficient betweenness estimating on the complex 
networks. The gaps of the performance between the CDZ and 
DTZ algorithm are much larger than the closeness centrality 
approximation. Considering the quality of the ordering of all the 
nodes, the precision value of the CDZ algorithm is 0.972 and 
0.569, while the value of the DTZ algorithm is 0. 926and 0. 253. 
Considering the most important 100 nodes, the precision value of 
CDZ is 0.857 and 0.502, which are much higher than the value of 
DTZ 0.748 and 0.261. That is probably because the CDZ 
algorithm provides an existent path to estimate the actual shortest 
path. Based on the structure characteristics of complex networks, 
the CDZ algorithm can find the most possible shortest paths. But 
the DTZ algorithm canÕt be used directly for betweenness 
approximation, the betweenness approximation algorithm using 
DTZ can only find the paths between sample pairs�� So the 
approximate values tend to be biased. 

Table 4.The run time of different algorithms for calculating 
the centrality on blogs social network ��

 Exact CDZ DTZ 
Closeness 40955ms 4511ms 8549 

Betweenness 49286ms 12364ms 10883ms 
We also investigated the run time of different algorithms for 
calculating the nodesÕ centrality in blog social networks. The 
results are shown in Table 4. We can learn from the table that the 
approximate algorithms based on CDZ has the lowest bound on 
the run time. When calculating the closeness centrality, the run 
time of CDZ based algorithm is nearly only one tenth of that of 
the classic exact algorithm. And this algorithm is also much faster 
than the DTZ based closeness algorithm. When calculating the 
betweenness centrality, the performance of our algorithm also has 
apparent advantage compared with the traditional algorithm since 
it only needs 12364ms while the traditional algorithm needs 
49286ms. But the DTZ based algorithm is a little faster than our 
algorithm, which only needs 10883ms. Because the DTZ based 

algorithm only find the paths of a few sample pair of nodes but 
our algorithm consider all the shortest paths in the network. In this 
experiment, the DTZ based algorithm only calculates 500 sample 
pairs but CDZ based algorithm finds million scale short paths. ��

5.4 Approximate Communities Mining 
As described in Section 4.2, we adopted the Girvan-Newman 
algorithm paired with the CDZ algorithm for approximate 
communities mining. This algorithm start by removing 10% edges 
of the social networks and the number of removed edges increased 
to 50% on the step of 10% during the operating. The clusters 
containing less than 4 nodes are removed, in which each node will 
be regard as isolated node. Then the distances between any couple 
of nodes in each cluster are summed up. The clusters that have the 
minimum sum values are the final output of clustering. We find 
68 clusters and 372 isolated nodes in blogs. There are 16 clusters 
have more than 10 blogs, in which the max one has 177 members. ��

Since there is no ground truth available on real blogs clustering, 
how to evaluate the effectiveness of the proposed approximate 
mining algorithm becomes a critical problem. We construct an 
evaluation method with the aid of Searching Engines, such as 
Google. For arbitrary pair of nodes, we search the co-occurrence 
web pages of the blogsÕ users name the nodes represented. The 
results indicate the relationÕs closeness of them in real-worlds. 
The number of these co-occurrence pages was used to construct 
the evaluation for approximate clustering as follows:��

(1) For a cluster C, randomly select two blogs a, b in C, and 
random select a blog c outside C. Then use the search engines to 
find the number of the co-occurrence pages of {a,b},{a,c} and 
{b,c}. Compute the ratio of intra-closeness to inter-closeness R:��

 
(2) Repeat (1) for 10 times, then define the closeness ratio Rc of 
cluster C:  

 
Higher Rc indicates a more appropriate result of cluster C. We 
used this method to evaluate the mined communities. For each 
community, we need select 10 pairs of blogs to compute Rc , so 
only the largest 16 communities are evaluated. Figure.5 and 
Figure.6 summarized the evaluation results.��

 
Figure 5. The average number of co-occurrence pages of 

intra -blogs and inter-blogs of each cluster.  

Figure 5 shows the average number of co-occurrence web pages at 
randomly select 10 pairs of intra-blogs and inter-blogs. As shown 



in Figure 5, the co-occurrence web pages between intra-blogs are 
much larger than that between inter-blogs. For example, blogs in 
cluster No. 12 have almost 40000 co-occurrence pages on the 
average, but no more than 2000 co-occurrence pages of inter-
blogs. Figure 6 shows the ratio of intra-blogs to inter-blogs of 
each cluster which illustrates the evaluation results more clearly. 
We can learn from Figure 6 that the blogs in a same community 
have at least 4 times more co-occurrence web pages than those in 
different communities. The results support the effectiveness of 
approximate community mining methods, which also demonstrate 
the feasibility of approximate analyzing the social networks by 
utilizing the CDZ shortest path approximate algorithm. 

 
Figure 6. The ratio of the number of co-occurrence web pages 

of intra -blogs to that of inter -blogs of each cluster. 

We also evaluated the scalability of the CDZ based clustering 
algorithm on large-scale networks. For performance evaluating, 
we use the scale-free networks model to generate different scale 
networks. Then we run the Girvan-Newman algorithm and the 
CDZ based Girvan-Newman approximate algorithm on these 
synthetic networks. The run time of these algorithms are shown in 
Figure 7. The top curve shows the run time of Girvan-Newman 
algorithm, which represents the tremendous time consuming of 
this clustering method. We can conclude from this curve that this 
algorithm will become intractable for even middle-size networks. 
The bottom curve shows the run time of the approximate 
clustering algorithms. As seen in Figure 7, for CDZ based 
approximate algorithm, the increase of the run time with the 
increase of the size of the network are more smoothly than that of 
the precise algorithm, which indicates a nice scalability of the 
proposed algorithm for large-scale network clustering. 

��
Figure 7. Run time as a function of graph size for the 

clustering algorithms 

6. CONCLUSION AND FUTURE WORK  
Mining and analyzing the social networks on Òsocial mediasÓ such 
as blogs have become the research focus in Web2.0 era. Different 
from the traditional empirical studies, the scale of online social 
networks are very large, which make a lot of network analyzing 
algorithms to be intractable. So it is emergent to develop 
techniques to analyzing the large-scale social networks efficiently. 
In recent years, social scientists and mathematicians have 
discovered many characteristics of real complex networks. As a 
typical type of complex networks, social networks usually show 
the same structural characteristics as complex networks. In this 
paper, we try to utilize these characteristics of complex networks 
to approximate the shortest path efficiently. We proposed a novel 
shortest path approximate algorithm, Center Distance to Zones 
(CDZ), to approximate the distance between nodes more 
efficiently. This algorithm gives existent short paths to estimate 
the real shortest paths between nodes, so it can be conveniently 
combined with many social network analysis algorithms. We 
paired the CDZ algorithm with the centrality measures to mine the 
ÒstarÓ users and the clustering algorithms to discover the hidden 
communities on blogs. The proposed work has been evaluated on 
tens of thousands of entries on SOHU blogs. The experiment 
results demonstrate that the CDZ approximate algorithm is 
effective in analyzing the large-scale social networks. ��

However, there are still some shortages of our algorithms. The 
CDZ algorithms rely on the hypothesis which requires the 
networks have the distinct structural characteristics of complex 
networks. However, not every real large-scale network perfectly 
satisfies the hypothesis in practice. So the future work is 
evaluating and improving the approximate algorithms on other 
type of complex networks. Another work is to incorporate this 
algorithm with more networks analysis methods for efficient data 
mining on relational data sets.��
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