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ABSTRACT attention ofboth social scientists and computer scistst Unlike

the traditionalstudy, the social networks mining from blogse
large scale which makes many network analyzingalgorithmsto
beintractable. A performance bottleneck of such algorithms is the
expensive computation ofinding shortest pathsAs a classic
problem in network theorythere are alreadyich researches on
shortest path findingporoblem. Howeverthe besknown serial
algorithm for allpairs shortest paths problem (APSP) requires

As a typical social mediem Web 2.0 blogs haveattracted a surge
of researchedUnlike the traditionalstudies the social networks
mined from Internet are very largeyhich makes a lot of social
network analyzingalgorithmsto beintractable According to this
phenomenon, this papeddresseshe novelproblem ofefficient
social networks analyzingn blogs This paperturns to account

the structural characteristics of real largeale complex networks O(n>¥) time [2] dueto the highcomplexity of the problem

and proposesa novel shortest path approximate algorithm 1o et So there are growing attempts on designingfficient
calculate the distance and shortest path between nodes efficientlyghoriest path approximate algorithms today.

The approximate algorithm then is incorporated with social

network analysis algorithms and measurements for taogde In the empirical studies of real largeale networks, some
social networks analysis. We illustrate the advantageshef topological featureshat do not occur in simple networkeve
approximate analysis through the centrality measurements andoeen observedsuch as Osix degred8]) Oscaldree(J4] and so
community mining algorithmsThe experiments demonstrate the on. All these real networks have such features are named as
effectiveness fothe proposedlgorithmson blogs which indicats complex networks, such as social networks and s¢6pnThis

the necessity of taking account of the structural characteristics ofpaper proposea novelapproximationagorithm which utilizes
complex networks when optimizing the analysis algorithms on the topologicalfeatures ofthe complex networkgo approximate

largescale social networks. the shortest paths efficientlyThe proposed algorithm gives
. . . existentshort paths to estimate the real shorteghg between

Categories and Subject Descriptors nodeswhich canbe easilyincorporatedvith many social network
H.2.8 [Database Managemeni: Database Applications Data analysis algorithms that need the distances or shortest paths
Mining; J.4 [Computer Applications]: Social and Behavioral information. This paper illustrates the advantage of the
Science- Sociology G.2.2 Piscrete Mathematic§: Graph approximate analysis through two major social network aisly
Theory Graph algorithms steps: discovering the important users through the centrality

measures and mining the communities through the graph
General Terms clustering algorithms. The experiment results demonstrate the
Algorithms, Performance, Design, Experimentation effectivenes®f the approximate analysis on blogs, which indicate

the neessity of taking account of the network structural
Keywords characteristics when optimizingd networkanalysis algorithms.
Social network analysis, approximate algorithtbipgosphere ) . . .
structural characteristics, complex network The rest of the paper is organized as folloBection 2 review

the related work. Section 3 introduces the shortest paths
1. INTRODUCTION approximate algathm which takes the structure characteristics of

With the rapid development of the Internet in the last decade, complex networks into accounBection4 proposesthe mining
peopld3 life has been largelghanged One of the most amazing methods incorporated with the approximate algorithms for social
techndogies of Internet today is Web2.0. In the Web2.0 era, network efficient analysis on blogShe experimental resultse
Internet contains more and masecial features. Many web sites  discussedn Section5. Finally, Section 6 concludes the paper

can be attached with the lab@ocial medi®[1], such as Blog,

Flickr, Digg, Wikipediaandetc. The useron these social media 2. RELATED_WORKS_ ] )

can find friends with the same interests, contact each other onlineRecently, theechniquef social networlanalysis{6] are widely
post and comment articles and share information and photos.USed in theesearchof Web2.0social mediamining, such as the

These actions generasecial network hiddenin billions of web works on Flickr[7], dig [8] and etc. Researchers also have made
pages 0 the miningand analyzingf sccial networls on social great effort tomine the hidden s_omal ne_tworks on t_h_e blogs.
media websites are the focus of the research today. Geurvoset al[9] used SOM algorithm tonine communitieson
blogs. Kumar et & [10] usel the links betweenblog entriesto
Blog is one of the most populanline personal publicationsAs a discoverthe hiddencommunities. Ishid411] discoveed hidden

typical social media in Web2.0, blogs have attracted wide communities based dhesimilarity of thecontent ofblog entries,



instead ofconsiderig the links. In the studies of social network
analysis, social scientistsave devisedseveral useful measures
that canevaluate the importance of the nodesinetwork such
as betweenness centrality and closeness centibfityln another
aspect,many researdhs are interestingo use thegraph based
cluster algorithmsto discover thecommunities including k-
medoids algorithnfil3], GirvanrNewman algorithnj14] andetc.

However, these aforementionedigorithms are computationally
expensivebecause ofthe bottleneckin shortest path finding
problem Researchers have alreagyoposed a surge ahortest
pathalgorithms, such as Dijkstra algorith®5], Floyd algorithm
[16], BellmanFord algorithm[17][18], A* algorithm [19] and so

on. However, for singksource shortest path prebh, the best
known algorithn the implement of Dijkstra algorithm using
Fibonacci heag20]N still has running tim&(m+nlogn). For
all-pairs shortest path problencurrently the fastest known
algorithmusing matrix multiplicatiomequiresO(n**) time [2].

The researdads of[21] indicate that a shortest path algorithm will
show very different performance whemorked on different
networks which have different structure characteristics. So in
recent yearsthere has been a growing interest designing
efficient approximate algorithms for estimating shortest paths
quickly. Chow et al[22] proposed a methodhich incorporated
some heuristics with A* algorithm to seh the shortest path
efficiently. Slivkins et al[23] try to use the Ring of Neighbors

nodes, which can0Ot directlyork with some social network
analysis methods that need the shortest path information.

The networks mined from the real wordde normallycomplex
networks, such as social networks, traffic networks anerret
networks [28]. The complex networks have some structural
characteristicsfor instance,the Osmall worldO and Oscale free®
hypothesis We consider that these characteristics indicate the
intrinsic rules of shortest paths icomplex networks. The small
world hypothesis suggests that the diameter of the complex
networks usually is smalljust as the Osix degrees Kevin
BacorO game indicated. The high clustering coefficient of
complex networks suggests that the nodes usgaltyacted with
some neighbors in a same cluster, which indicated that the low
diameter lies on a few edgesonnecting different clusters,
Granovette[29] have already pointed out the importance of such
Oweak tiesO in social twerks. We caninfer from these
characteristics that the shortest paths in complex network often
are very short; the shortest path between two clusteay pass
some Oweak tiesO. Another famous topological feature of complex
networks is named as Oscaleefle Scale free means the
distribution of degrees follow a powaw, 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 OwéiakO usually connected with

method for finding the nearest nodes. Based on this method, they€ active nodesollow the probabilitydistribution. So we can

proposed a distance approximate algorithm using the information

of rings [24]. Baswana[25] et al proposed a scheme for
approximate afpairs shortest paths. Using this scheme, they
designed a randomized-approximate algorithm only requires
O(m”3nlogn + n?) time. Rattiganet al[26] proposed the Network
Structure Indices (NSI), which uses a preprocgsstep to

learna hypothesis about shortest path in complex networks based
on its structure characteristics:

Hyp.ZIn large-scalereal complex networks, most of the shartes
paths willpasssomeof the mosactive nodes.

It is easy to find many facts support this hypothesis in real

annotate each nodes in networks and use a function utilizes théetworks. For instance, in Internet network, the computers are

annotations for distance approximating. They combine this
approximate algorithm witlgraph 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 work#his papettries to design a fast

shortest path approximate algorithm can easily incorporated with

social network analysis methody investigaing the rules of the
shortest paths in complex networkise proposed worknakes use
of the topological featuresf complex networkto estimae the

shortest path. This methdds never been usedsncial network
analysisbeforeto the best of our knowledge

3. APPROXIMATE ALGORITHM

In recent years, theemendouscalculating complexity in large
scale networks becomese of the most emergent challengds
social network analysis. As a typical type of complex networks,

social networks have some topological features different from the

syntheticnetworks. In this section, weakeuseof these features
to design an alpairs shortest path approximate algorithm, which
can beefficiently used for approximateocial networks analysis.

Shortest paths problenis one of the major performance
bottlenecks in social network analysiShere are a lot of
researches of approximate algiom try to achievea balance

connected with each other through the routers. Sheual
contacts networks [34] and collaborations networks [5] also
represent the same features. We use the Cora netf&kand

E-R random networ§35] for quantitive studyCora is a famous
scientific citation network and-R network is a classisynthetic
random network. We use theHE model to generate a random
network contains 1000 nodes, and use the random walk algorithm
to extract a 1000 nodes sanbtwork of Cora. Themwe use the
Dijkstra algorithm to find althe shortest paths and compute the
ratio of the number of the shortest pafiassingthe top n degree
nodes to the number of a@lie shortest paths. As shownTiable 1,

the active nodeswith the highest degreeften appear in the
shortest paths in Cora, but rarely appear in the shortest paths in
random networks Considag the top 5 nodeswith the highest
degree, 92 percent tfeshortest paths in Cogass at leagine of

the 5 highest degrees nodes, but iR Eandom network, the ratio

is only 13 percent. Based on the results shown in Table 1, we
considetthe hypothesis reasonablén real complex networks.

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

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

between the precision and the performance. However, theseaccording to Hyp.1, we proposed an efficient shortest path

previous works usually aim at all the types of networksely

approximate algorithrmamedas Center Distance of Zones (CDZ),

optimized for real complex networks. Further more, many of these \yhich based on the NSI and takine advantage the structural

works employ a function to approximatke distance between

featuresto support thesocial networksanalysis This algorithm



has 3 major preprocerg steps before finding the shortest paths:  achieve at 10% of the total number of nodes.

1. Select a set of active nod€y,C,,! ,C, according toa The step that uses the approximate function to estimate the
center selection strategy; these nodescalled as centers.  distance between nodes needs constant times. As described above,
Add all the centers into a queue Q. the center selection operation requi@glog(n)) time. So the

2. Use a breadtfirst search to travehe networks startg from preprocess steps ne@m+nlog(n)+d°) times if we use the

the queue Q. Add each node to the same pbtiee nearest Floyd algorithm to find atpbairs shortest path between centers,
center and annotate the nodes with the distance to the neared¥hered is the number of centers,is the number of nodes anal

center.The distance between cersteof the adjacent zones IS the number of edgeds analyzedabove;t only need toselect
can also calculatkin this step. few nodes as the center nodes in complex networks, the nuchber

is much smaller than. In this case, the preprocess step only need
O(m+nlog(n)) times. If the number otentersd is still more
than 500, the computation of gukirs shortest path of centers will
become expemge. In that case, we use the CDZ algorithm
recursivelyto approximate all the shortest paths between centers
instead of computing the actual shortest paths.

3. Generate a new weighted graph that only contains the
centers. If the zones of two centers are adjacent, add an edg
connecing these two centers in the new graph and annotate
the distance betweeahese two centers in original graph as
the weight of the edge. Then use anpalirs shortest path
algorithm to calculate all the shortest paths of the new graph.

After this step, we caget thedistances between all centers. 4. APPROXIMATE ANALYSIS

Then we can use a simple fuioct to approximate the shortest Social scientisthave proposed and adopted a surge of graph

paths. This function uses an existent pp#ssingthe center to based methods fosocial network analysis. Many of them are

approximate thactualshortest path. The function is as follw based on distances or shortest paths. In this section, we adopt
d(st)=d(s,C,) +d(C,,C)+d(C,.t) some important analysis methods incorporated with the CDZzZ

algorithm for efficient analysis on largeeale social networks.
Wheres, t, C, and C, are nodes in the network, the nadeis

the nearest center of noslefunction d(s,t) is the distance from 4.1 Measurlng the Importance

nodes to nodet. Unlike the empirical estimating such as DTZ, When analyzing the social networks blogospherewe want to
this approximate function use the summation of the distance ofdiscover the OstarO blogs that havegtbagst influence. There
three existent paths: the distance from the source mddeits are twowell-known measures for evaluating the importance of
centerC,, the distance from the cemtC, to the centelC, and nodes, betweennesgentrality N the proportion of all shortest
the distance from the cent€; to the target node These three pathsin the network thatun through a given nogand closeness
paths compose an existent OpossibleO shortest path to estimate tentralityN the averagedistance from the given node to every
real distance in complex networks. other node in the networkl2]. We modified these centrality
measures by incorporating with the CDZ altur for important

Different from previous works, this algorithm divides the user mining on blog social networks.

netwoks into zones according to the structure characteristics of
complex networks. And this algorithm use aristentpath to It is straightforwardto use the CDZ algorithm for closeness
approximate the shortest path between nodes, so it can directhcentrality approximating. According to the definition, the
work with those social networks analysis methods based on the closeness centrality of a node is the average distance from this
shortespaths, such as Betweenness centralit node to every dter node. We use the approximate distance

However, how to select the centers and how many centers iScalculated by the CDZ algorithm to replace the real distance when

. S : L calculating the closeness centrality of a node. However,
appropriate is still a problem.oRunately social scientists have

proposed a simple but effective measurement to measure theapproxmatmg the betweenness centralitynisre difficult. This

importance of nodes of local eironments OLocal Centrality® measurgequiresthe detdiinformationof actual paths ratheéhan

[30], which calculats the centrality of nodes according to the tS”:?'jlies tgﬁgmﬁﬁhfxs%acﬂpégggaitreici?;i,ﬁmmyfﬁﬂ?;ﬁg
nodesO degrees. We adopt this measurement to select the centeW ich are no help for finding the shgrtest aths Sogit is difficuit to
but how many centers are suitable is stiliecided 'P g the P : .
adopt thesalgorithms to approximate the betweenness centrality.
Complex netwdks have a welknown feature named as the For example, the NSI methodstimatethe betweenness using the
OscaldreeO hypothesis, which means the distributions of nodesQaths identified through NSiased navigation[26]. But the
degree in complex networks follow the powaw. In other words,  npayigation is also time consuming, so this metbaty navigate

there arevery few nodes have much higher degree than other e paths of a few sample pairs to estimate the betweenness value,
nodes in complex netwask So we only need to select these few q: the shortest paths of all the possible pairs.

active nodesvith the highest degrees as the centers. The degree of .

a node is equal to the number of edges that connected with therhe CDZ algorithmsO approximate function gives an existent path
node, the summation of all the nodesO degrees are twice as thassinghe centers to estimate the shortest path. So ltjusitam

total number of the edg. We thought that if the total degrees of can be directly incorporated with the shortest path based
centers achieve at 50 percent of the total degrees of the networkalgorithms.Ulrik Brandes et al [31] proposedthe most famous
CDZ algorithm would consider almost all the edges at the first and fastest exact betweenness centralgprithm,which usecan
iterate level of the breadfirst search in step 2. Based on the accumulation techniquimtegratng with the traversahlgorithm.
powerlaw, y=cx' ", we can easily conclude that we need select But this algorithm also runs iD(mn+n?logn) times, which

no more than 10 percent nodes as the centerover the 50 means it is intractable to calculate in practidewever, we can
percent degrees. Soewrepeating select the node with highest modify this algorithm by using the approximate paths calculated
degree as centers until the summation of the degresdsazfnters by CDZ algorithm for estimating the betweennefgiently.

i 0,
achieve at 50% of the tai degrees, or theaumberof centers The betweennessentrality of a node measures the number of



shorestpaths on which a given node lies
CoM)=#H ! W=H#"W)/"y
Where! ¢ is the number of shortest paths connecting nedesd
t, and! 4 (v) is the number of these shortest paths that passwode

The appraimate shortest pathisetweennode s andt given by
CDZ algorithms are existent paths thmssthe center nodes of
nodes andt. According to theheorem?2 in [31], now the number
of shortest paths can be approximated asvatlo

1"l I !
Pa "o #leq #lg

WhereC, is the center node of the zone that contains r&yde
I is the number of shortest paths connecting nadesly.

Accordingly, we can estimate the value lof(v) and the
betweenness centraliB (V) :
LaW)" T (WFD #E H1 #E  (V#D + # #] (V)

CeM)! $ (e + e V" +" 0 (/")

SHt#vV

=$ $ (% (V)+%, V) +%, (V)

S&V t&V
Where V is the set of all the nodes in network.
Defne"Ly(V)= $ "o (V)
S#HZ(Cs)

In undirected graph..(v)=4,c (v), and we assume that the
size of each zone are almesjuivalent Now we can approximate
the betweenness centrality as follows:

Cy(W)=(n/d)y Yy, 3,6, (+2n,8.(v)

ceCc;eC ceC
Whered is the number of centers a@ids the set of centers.

Then we can use the preprodegstep 2 of CDZ algorithm to get
the ! .,(v) value of all centers, and use the preprdogsstep 3 to

As shown in section 4.1, the CDZ algorithm can be used
calculae of the nodd$ betweenness centrality. Similarly, we can
adopt this method for edge betweenness déytralculation. So
the GirvanNewman clustering algorithm carbe modified to
utilize the CDZ approximate algorithm. The main steps of the
approximate clustering algorithm is as follw

Input: k: the number ofemoved 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 centdgitgending
Remove the edges with the highest centrality.
3.Repeat step 1 and 2 for k times.
4. Eachset of connected components of the graph is
consideredsa cluster

5. EXPERIMENTS

The proposedvork on the approximateocial network analysis

has been evaluated oSOHU Blogs' data to verify its
effectiveness and performanbg designng various expements

and evaluation methods. All the implements and the datasets this
paper used are available for downldad

5.1 Data Set

Blogs are not only the platforms for personal publishing, but also
the on-screen renderings ahe communities ofusers.In this
paper,the blog datacollectedfrom SOHU Blogsare used irthe
experiments. Being one of the largbkig sites in China, SOHU
Blogs are composed of 14 major circles, each of whegpsan
index page listing alfstaOuser&homepagesTheseGtaOusers
may ke the mostctive users or the famous people in real Titee
index pages of the circlegereusel as seeslto collect initialblog
URLs, andthese URLs are added ttleebeginning of the crawl list
andmake a widtHirst-crawl. 1327 blogs and 20166 ensiérom
SOHU Blog are collectedAll these blogs come from 3 most
popular circles, namely business, sports and entertainment.

get the shortest paths between all centers for calculatingAll the collected pages have been parsed to gehyperlinks

the!/.. (V). These steps run i@(m+nlogn) times, so it is
poss?bl'e to approximate the betweenness in {acgde networks

4.2 Mining the Communities
Mining the hidden communities in social networks is another

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 edggsgeneratd.

research focus of social network analysis today. Researchers

discover the communities with clustering algorithms, such-as k
medoidg[13] and ® on. But the clustering algorithms usuaidy
on prohibitively expensivecomputations which m&kes it
intractable to run in largecale networks.Many clustering

5.2 Distance Approximation

Firstly, we designed the experiment fevaluating the efficiency
of CDZ approximate algorithm. We ubthe exact distance value
given by Dijkstra algorithm with Fibonacci hedf0] as the

algorithm are based on the distance or shortest paths betweeamden standard; weused two welknown approximate

nodes sowe try to incorporte these clustering algorithms with
the CDZ algorithm for efficiently mining communities on blogs.

GirvanrNewman clustering algorithm[14] is one of the most

algorithms as the baseline$or comparing study. One of the
baselines is a randomized approximate algorif@B] proposed
by Baswanaet al. The other is avidely used NSldistance

famous graph based clustering algorithms in social network approximate algrithm, Distance to Zon¢DTZ) [26] method.

analysis.This algorithm is adivisive clustering technique based
on theedge betweenness centralifhe dgorithm ranks the edges

in the graph by theibetweenness and removes the edge with the

highestvalue Betweenness is then-calculated on the modified
graph and the process is repeatfthen he set of connected
components of the graph is consideesxh cluster The Girvan
Newman algorithnis simple butas beermprovedto perform well
[32]. However its complexity alsdimits its applicability because
of the high complexity of computing the betweenness centrality

Then we introduathe measurefor evaluatingand analyzing the
effectiveness of shortest path approximating algorithive
adoped the path ratioP measuremenf26] to evaluate the
precision of distance approximating:

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



dramatic The DTZ algorithm need much more time for
initializing becauseit need repeat the steps of random split the
p=1= graph to zoneso avoid the biaswhile the CDZ algorithm split

5 the grahs directly by utilizing the structure characteristics of

) . . complex networksso it is no need to repeat the split step for
Wherer is the number of the randomly selected pairs of nodes in many times The Baswana algorithm needs to construct and store
the network F, is the exact distance of node paigiven by some breadtfiirst search trees for the purpose of ensure the
Dijkstra algorithm, and P; is the approximate distance  5nnroximate distance are no more than twice of actual distance, so
correspodingly. the preprocessing step is also time consuming.

i=1

The path ratiavasusel for measuring the CDZ algorithms on the

blog social network. We also evaluate the performancéhef

proposedalgorithm on three types afynthetic networks 01000 300001 %
nodes, which have the equivalent scopeblmy social netwik.
These synthetic networks ageneratecdy these models: random
networks defined by Etd et aJ35], the small world networks
defined by Watts et f6] and the scaléree networks defined by
Albert et a[4]. Consideing all the possible pairs, the path ratio
values of the approximate algorithms are shown in T2ble

EA initial time
EE= compute time

200004

100004

Compute time (ms)

Table 2.Path Ratio of approximatealgorithms 0 !

>
N
N

Network Type CcDz Baswana DTZ o

E-R Random 1.455 1.124 6.412 ) ) ) )
Small World 1.530 1167 7175 Figure 1. Run time of various algorithms on blogs

ScaleFree 1.175 1.222 6.600 5.3 Approximate the Importance Users

Blogger 1.022 1.092 5.648 The centrality approximate algorithms proposed in Sectioha. 1
As shown in Table2, the CDZ and the Baswana algorithm peen implemened and applied to efficient discovering of
approximate the distance much more exactly than DTZ on variousimportant users on blogahich has beenomparedwith the DTZ

networks. The DTZ algorithrtends to takdargebiasing because  paseqd centrality approximate algorithms proposd@6h
the approximate function is apt to approximate the distance larger

than actual distance. DTZ use a random flooding algorithm to As one of the most famous node ranking measengénthe rank
divide the graph into zones. To avoid the bias introduced by order of nodes based on centrality is more important than the

random dividing, the DTZ need to repeat the dividstep for centrality values. Sthis paperuses two traditional rank ordering
more than one times, and the distance approximate function sumgvaluation measuré&SpearmanO$ coefficient andKendallOs
up all the estimating distances of every divisistate The 7 coefficient-- to evaluate the quality of the oritey based on

Baswana algorithm is a -&proximate algorithm and the the approximate centrality values. We disiee actual order given
experimental results demonstrate this advantage. The pathfratio oby the traditional exact algorithms as the baseline.

Baswana algorithm in all the networks are small than 2, and in

random network this algorithm is more accurate than other 1.0, Closeness Rank Evaluation on Blogger
algorithms. The CDZ algorithm performs exceptionally well on i

the scaldree networks and blog social netwarkghich reflects
that the CDZ algorithm based on the hypothesis of the edges
connect different clusters usually pass the active nal@sore
suitable The poweidlaw distribution of degrees in scdiee
networkssupportsthe correctness of this hypothesis. The social
network mired blogs is a complex network, in which the degrees
distribution also follows the powdaw. This evaluation results
demonstrate the effectiveness of CDZ algorithm when
approximating the distance in complex networks.

o o
o [

o
IS

Evaluation value

o
S

o
=)

200 400 600 800 1000

Table 3.The complexity of the approximée algorithms Top n ranks

Time Space . . . -
Figure 2. The curve of ordering correlation coefficients of

Dij. O(n’ logn + mn) o(n?) closeness centrality approximating, wheresaxis is the

CcDZ O(nlogn+m-+d°) On+d?) number of the evaluated nodes,-axis is the evaluation value

DTZ O(mkd) O(nkd) Figure.2~ depictsthe SpearmanOs5 coefficient value and

Z % KendallOs7 coefficient value of the top n rank ordering by
Baswana| O(m’*nlogn+n?) Oo(n"?) closeness centrality. As shown in this figure, the CDZ based

The complexity of the approximate algorithis shownin Table approximate algorithm has the remarkable better performance
3. We alsoinvestigatedthe timecostof differentalgorithms for than the DTZ base algorithm under both measurements. When we
calculating all the distance between nodes in blog soetalarks. consider the quality of the ordering of all the nodiag CDZ

As shown in Figure 1, the performance of CDZ algorithm is algorithm hasthe precision value of 0. 0.980d 0.639 but the



DTZ algorithm only reaches 0.96#hd 0.516 correspondinglyf algorithm only find the paths of a few sample pair of nodes but
we only consider the most important 100 nodes, the precisionour algorithm consider all the shortest pathshie network. In this
value ofthe CDZ algorithm is0.952 and 0.461, but the precision experiment, the DTZ based algorithm only calculates 500 sample

of theDTZ algoiithm is rapidly decreased to 0.925 and 0.440. pairs but CDZ based algorithm finds million scale short paths.
Betweenness Rank Evaluation on Blogger 54 ApprOXimate Communities Mlnlng
10 As described in Section 4.2, we adopted @Gievan-Newman
algorithm paired with the CDZ algorithm for approximate
0.8 ) communities miningThis algorithmstartby removng 10% edges
3 gt ; 85‘3’_‘; of the social networkand henumber of removed edgéscreased
2 o6 % DTZ1 to 50% on the step of10% during the operatig. The clusters
8 containinglessthan 4nodesareremoved, in which eaamodewiill
5 o4 be regard as isolatethde Then the distancdsetweenanycouple
E X of nodesin eachclusterare summed up. Theustersthat havethe
= 02 % x" e x minimum sum values are the final output of clusterik¢e find
T g 68 clusters and 372dktednodesin blogs. There are 16 clusters
0.0 ' have more than 10 blogs, in which the namehas177 members.
0 200 400 600 800 1000
Since there is nground truth availablen realblogs clustering,
Top nranks how to evaluate the effectiveness of the proposggroximate
Figure 3. The curve of ordering correlation coefficients of mining algorithm lecomes a critical problemie constructan
betweenness centrality approximating, where-axis is the evaluation methodvith the aid of Searching Enginesuch as
number of the evaluated nodes,-axis is the evaluation value Google.For arbitrary pair ohodes we searctihe co-occurrence

. . = - web pageof the blogsO users nantkee nodes representedhe
Figure ? dEp'Cts_the SpearmaOs 5 coeffident valye and resultsindicate the reléionOs closeness them in reaworlds
KendallOs7 coefficientvalue of the top n rank ordering by the  The number of theseo-occurrence pagesas used taonstruct
betweenness centrality. We can learn from Figure.3 that the CDZthe evaluation formpproximateclustering as follows:

based approximate algorithm of betweenness centralityelig

suitable for the efficient betweennessirasting on the complex (1) For aclusterC, randomly select two bloga, b in C, and
networks. The gaps of the performance betwgenCDZ and random select &log c outsideC. Then use the search engines to
DTZ algorithm are much larger than the closeness centrality find the number of theco-occurrence pages dh,b}{a,c} and
approximation.Consideing the quality of the ordering of all the ~ {b.c}. Compute the ratio of intreloseness to interlosenes&:
nodes, the precision value tfie CDZ algorithm & 0.972 and 2Co(a.b)

0.569, while the value ofthe DTZ algorithm is0. 926and0. 253 =

Considering the most important 100 nodes, the precision value of Cola,c)+Co(b,c)

CDZ is 0.857 and 0.502, which are much higher than the value of(2) Repeat (1) for 10 times, then define the closeness Ratif
DTZ 0.748 and 0261 That is probably because theDZ clusterC:
algorithmprovidesan existent path to estimate the actual shortest

path. Based on the structure characteristics of complex networks, Re = Average(R)

the CDZ algorithm can find the most pOSSible shortest anhIS H|gher Rc indicates a more appropriatmsun of clusterC. We

the DTZ algorithm canOt be useltectly for betweeness used this method to evaluate the mined communities. For each
approximation, the betweenness approximation algorithm using community, we need select 10 aif blogs to comput®c, so
DTZ can only find the paths between sample pailSo the only the largest 16 communities are evaluatBijure5 and
approximate valuetend tobe biased. Figure6 summarizedhe ewaluation results.
Table 4.The run time of different algorithms for calculating
the centrality on blogs social netwrk Co-oceurrence pages of blogs
Exact cbz DTZ 600007 8- Inter-pages
Closeness 40955ms 4511Ims 8549 50000+ & Intra-pages
Betweennesg  49286ns 12364ms 10883ns §40000-
We also investigatedhe run timeof different algorithms for 530000_
calculating the nodesO centralifp blog social networksThe o
results are shown in Table 4. We can Igaom the table that the £20000-

approximate algorithms based on CDZ has the lowest bound on 44000
the run time. When calculating the closeness centrality, the run

0

time of CDZ based algorithm is nearly only one tenth of that of 01 2 3 45 86 7 g 9 10 11 12 13 14 15 16
the classic exact algorithm. And this algiom is also much faster Cluster No.

than the DTZ based closeness algorithm. When calculating the

betweenness centralityhe performance of our algorithatsohas Figure 5. The average number of ceoccurrencepages of
apparent advantage compared with the traditional algorithm since intra -blogs and interblogs of each cluster.

it only needs12364ms while the traditbnal algorithm needs )
49286ms. But the DTZ based algorithm is a little faster than our Figure Sshows the average number of@rcurrenceveb pages at
algorithm, which only needs 10883ms. Because the DTZ basedrandomly select 10 pairs of inttdogs ad interblogs. As shown



in Figure 5 the coeoccurrence web pages between kitlegs are
much larger tharthat between inteblogs. For example, blogs in
cluster No. 12 havealmost 40000 ceoccurrencepages on the
average, but no more than 2000-amxurrencepages of inter
blogs. Figire 6 showsthe ratio of intrablogs to intetblogs of
each clustewhich illustrateshe evaluation results moctearly.
We can learn from Fige 6thatthe blogs in a same community
haveat least 4 timesore ceoccurrencenveb pages thathosein
different communities.The results support theffectivenessof
approximatecommunitymining methods, which also demonstrate
the feasibility of approximate analyzing the social networks by
utilizing the CDZ shortest path approximate algorithm.
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Figure 6. Theratio of the number of ceoccurrence web pages
of intra-blogs tothat of inter-blogs of each cluster

We also evaluated thecalability of the CDZ based clustering
algorithm on largescale networks. For performance evaluating,
we use the scalitee networks radel to generate different scale
networks. Then we run th&irvanNewman algorithm and the
CDZ basedGirvanNewman approximate algorithm on these

syntheticnetworks. The run time of these algorithms are shown in

Figure 7. The top curve shows the run tinfeGirvan-Newman
algorithm, which represents theemendougime consuming of

6. CONCLUSION AND FUTURE WORK

Mining and analyzing the social networks on Osocial mediasO such
as blogs have become thegasch focus in Web2.0 era. Different
from the traditional empirical studies, the scale of online social
networks arevery large,which makea lot of network analyzing
algorithms to be intractable So it is emergentto develop
techniques to analyzing thedge-scale social networks efficiently

In recent years, social scientists amdathematicianshave
discovered many characteristics of real complex networks. As a
typical type of complex networks, social networks usualipw

the same structural charactedstas complex networksn this
paper,we try to utilize these characteristics of complex networks
to approximate the shortest path efficiently. We proposed a novel
shortest path approximaggorithm, Center Distance to Zones
(CDZz), to approximate the dstance between nodemore
efficiently. This algorithm givesexistentshort paths to estimate
the real shortest paths between nodes, so itbeasonveniently
combinal with many social network analysis algorithmé/e
pairedthe CDZ algorithmwith the centrity measureso minethe
OstarO users and the clustering algorithms to discover the hidden
communities on blogsThe proposed work has been evaluated on
tens of thousands of entries on SOHU blogs. €kperiment
results demonstratethat the CDZ approxima algorithm is
effective in analyzing the larggcale 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 reallargescalenetwork perfectly
satisfes the hypothesisin practice. & the future work is
evaluating and improving the approximaaéorithms on other
type of complex networksAnother work isto incorporate this
algorithm with more networks analysis methods for efficient data
mining on relational data sets.

7. ACKNOWLEDGEMENT

This research is supported by the National Grand Fundamental

this clustering method. We can conclude from this curve that this Research Prograwf China under Grant No. 2005CB321802, the

algorithm will become intractable favenmiddle-size network.
The bottom curve shows the run time of the apjate
clustering algorithms. As seen in Figure 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 o

the precise algorithm, wth indicates a nice scalabilityf the
proposed algorithm for largecale network clustering.

8007 —e Girvan-Newman
-l CDZ-Approximate »
@ 6004 e
2 R
8 e
é"/ 4004 R4
o} R4
£ ’
F 2001 P
‘f
-
“‘
0 L) L) L} L
0 1000 2000 3000 4000
Network Size

Figure 7. Run time as a function of graph size fothe
clustering algorithms

8.
(1]

National Natural Science Foumtibn of China 0873097
90612009), and the Program for New Century Excellaients
in University (NCEF06-0926)

REFERENCES
Mayfield A. What is social media? Spannerworks. Updated
Jan 22, 2007.

D. Coppersmith and S. Winograd. Matrix multiplication via
arithmetic progressions. Journal of Symbolic Computing,
1990, 9:251280.

S. Milgram, OThe small world problemO, Psychology Tody 2,
60j 67,1967.

A-L. Barabtsi and R. Albert, OEmergence of scaling in
random networksO, Science, vol.286, pp. p@ 2,
Oct.199.

M. E. J. NewmaT he structure of scientific collaboration
networks.Proceedings of the National Academy of Sciences
of the United States of America, Vol. 98, No. 2 (Jan. 16,
2001), pp. 40409

J. ScotSocial Network Analysis: A Handbook, 2nd &hge
Publications, 199

(2]

(3]

[4]

(5]

(6]



[7] K. Lerman and Laurie Jones. Social browsing on flickr. In
Proc. of International Conference on Weblogs and Social
Media (ICWSMO07), 2007.

[8] K. Lerman. Social networks and social information filtering
on digg. In Proc. of International Conémce on Weblogs
and Social Media (ICWSM7),

[9] Merelo-Geurvos, J. J., Prieto, B., Rateb, F., & Tricas, F.
Mapping weblogcommunities. Submitted ©@omputer
Networks 2004

[10] R. Kumar, J. Novak, P. Raghavan, and A. Tomkins. On the
bursty evolution of blogspacén Proceedings of thE2th
International Conference on World Wide Web (WWW),
pages 568676, 2003.

[11] K. Ishida. Extradhg latent weblog communities:
partitioningalgorithm for bipartite graphs. In Proceedimfs
2nd Annual Workshop on the Weblogging Egstem,2006

[12] L. C. Freeman. Centrality in social networks: Conceptual
clarification. Social Networks 1:21%39, 1979.

[13] Kaufman, L., & Rousseeuw, P. Finding groupslata. an
introduction to cluster analysis. Wiley Seriesiobability
and Mathematical Stiatics. Applied Probabilityand
Statistics, New York: Wiley, 1990.

[14] M. Girvan and M. Newman. Communiggructure in social
and biologicahetworks. Proc. Natl. Acad. Sci.,
99(12):782H7826, 2002.

[15] Dijkstra, EW. A Note on Two Problems in Caection with
Graphs.Numeriche Mathematikl959,1:269271.

[16] R. W. Floyd. Algorithm 97 (shortest path). Communications
of the ACM, 1962 5(6): 345.

[17] BELLMAN, R. E., OOn a Routing Problem,0 Q. Applied
Math. 16, 8890 (1958)

[18] LR Ford and DR FulkersonFlows in NetworksPrinceon
Univ. PressPrincetonNJ, 1962

[19] P. E. Hart, N. J. Nilsson, and B. Raphael. A formal basis for

the heuristic determination of minimum cost paths in graphs.

IEEE Trans. Syst. Sci. and Cybernetics, 1968CG4(2):1006
107

[20] Fredman, Michael L. et dkibonaci heaps and their uses in
improved network optimization algorithmdournal of ACM.
Vol.34: 596N 615, 1987

[21] Cherkassky B.V, Goldberg A.V & Radzik T. Shortest Paths
Algorithms: Theory and Experimental Evaluatidh
Mathematical Programming, 1996,73:128

[22] E. Chow. A graph search heuristic for shortest distance paths.
Technical Report UCRURNL-202894, Lawrence
Livermore National Laboratory, 2004.

[23] A. Slivkins. Distance estimation and object location via rings
of neighbors. In Proceedings of the ACM Sympasion
Principles of Distributed Computing, 2005.

[24] B. Wong, A. Slivkins, and E. G. Sirer. Meridian: A
lightweightnetwork location service without virtual
coordinates.In Proceedings of SIGCOMM, 2005.

[25] S. Baswanay. Goyal and S. Semll-Pairs Nearly 2
Approximate Shortest Paths in G(polylog n) time.
Theoretical Computer Science Theoretical Comp8t#nce,
410(1): 8493, 2009

[26] Rattigan,M., Maier, M., and Jensen, D. Using structure
indices for efficient approximation of network properties.
Proceedings ohe 12th ACM SIGKDD International
Conference on Knowledge Discovery and Ddiaing, 35®
366,2006

[27] Rattigan, M., Maier, M., & Jensen, D. Gra@lustering with
Network Structure Indice®roceedings of the 24
International Conferenaen Machine LearningCML),
Corvallis, OR, 2007

[28] M.E.JNewman The Structure and Function of Complex
Networks. SIAM Review, Vol. 45, No.,pp. 167256 2003.

[29] Mark GranovetterThe Strength of Weak TieAmerican
Journal of Sociology, May 1973, Vol. 78, No.18603138Q

[30] Neminen,V On Centrality in a Graph. Scandinavian Journal
of Psychology, 1974, 15.

[31] U. Brandes. A faster algorithm for betweenness centrality.
Journal of Mathematical Sociology, 2001, 25: 163 .

[32] M.Newman. Detecting community structure in networks.
The European Phigal Journal BCondensed Matter, 38,
321EB30

[33] McCallum, A. Nigam, K. Rennie, J. & Seymore, K. A
machine learning approach to building domsecific
search engines. Proceedings of the Sixteenth International
Joint Conference on Atrtificial Intelligence, 19%6F667.

[34] Bearman PS, Moody J & Stovel K.Chains of affection: The
structure of adolescent romantic and sexual networks.
American Journal of Sciology, Vol.110, No.1, 2004.

[35] P. Erd3s& A. RZnyi. On the evolution of random graphs.
Publ. Math. Inst. HungaAcad. Scb, 1761. 1960.

[36] Watts, Duncan JBtogatz, Steven HCollective dynamics of
‘'smallworld' networks". Nature 393: 48842.1998



