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Generation of Dynamic Sub-groups for Social Networks Analysis

Hyunjin Lee*

Abstract

Social network analysis use the n nodes with 1 connections. About dozens or hundreds number of
nodes are reasonable for social network analysis to the entire data. Beyond such number of nodes it
will be difficult to analyze entire data. Therefore, it is necessary to separate the whole social
networks, a method that can be used at this time is Clustering. You will be able to easily perform
the analysis of the features of social networks and the relationships between nodes, if sub-group
consists of all the nodes by Clustering. Clustering algorithm needs the interaction with the user and
computer because it is need to pre-set the number of sub-groups. Sub-groups generated like this can
not be guaranteed optimal results. In this paper, we propose dynamic sub-groups creating method
using the external community association. We compared with previous studies by the number of
sub-groups and sub-groups purity standards.
proposed method.

Experimental results show the excellence of the
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b) Relation without direction but with strength
(Figure 1) Social Matrix
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a) Network 1z divided to two sub—groups
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(Figure 2) Results of making sub-groups for
network with 20 nodes
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<#* 1> K-means &11g]=

step 3:

step 4:

Initialize the k& centers of cluster for
G (ie(1...k)).
Calculate the distance between A input
data X; (je{1..M}) and cluster centers
C.. Allocate the input data to cluster which
has smallest distance.

T T,

1 if [,.2 2 = /.22
ij lij,lv I'jCk

0 otherwise
where kE{1..k,k=i},jE{1...M}
Recalculate the center of each clusters

1
S

where /V, is a number data in cluster

4)

(5)

1.

Repeat from step 2 to step 3 unti

belonging cluster of input data is not

changed.

<Table 1> k-means algorithm

28 HESRD 242 /g s& o9l 18 M4 45
k-means ¢igFe ©dE a9 2F A
59l k2 2 AAsek Bk otk B w=F
e ¥ AFUEH A#EE AHET T4 3t
9§ A pEe Agstel 9 1E9 A
2 Ao AGdr.
34 54 39 2F A9 ¥4
FHE dneEe FEE B4 o9 1F A
g e <F 2>9 2o
<E 2> 7 39 1§ A9 Wy
step 1:  Set an initial number of clusters to be kg
which  should be sufficiently  small
Typically k& = 2.
step 2:  Apply Ameans to data for & = k. We
name the divided sub-groups
CJ, Cg, ey Cro.
step 3¢ Calculate the external community
relationship for all sub-groups. We
name the external community
relationships
Ry, Ry ..., R
step 4:  Select the sub-group Cpy, which has
max external community relationship
H/(n] .
step 5:  For a sub-group Cim, apply A—means by
setting & = 2. We name the divided
sub-groups
Con™ Con?.
step 6:  Calculate the external community
relationship for all sub-groups. We name
the external community relationships
Rin™ Rin’.
step 70 If Rin > Rim” and Riw > R, we
accept the two-divided model, and decide to
continue; we set
ky < ](() +1
Riw — Rin'™. Ciom < Cion™
Rio < Run”. Coo < Cin.
We recalculate the external community
relationship for other sub-groups. Go to
step 4.
step 8 If R < Bim'™” or R < Hm(g), we set
O_Rim < Bim
k< k+ 1.

Execute from step 2 to step 4, which
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apply A—means to all data.

step 90 If O Riunw = Rim we accept the new
model, and go to step 5.

step 10 If O_Rim < Rim we set k < ky - 1.
Execute from step 2 to step 4, which
apply A—means to all data.
We decide to stop process.

<Table 2> Dynamic sub-groups discovering
method
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College football

Political blogs
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sub-groups purity sub-groups purity sub-groups purity
proposed method 12 0.8354 3 0.8266 3 0.8242
leading eigenvector method 12 0.5865 2 0.8920 6 0.5867
dularity— At
FROCUIATILY T AR ITHZEHOn 6 0.5808 4 0.6457 3 0.6351
method
1 -
external community 1 0.8350 3 0.8270 3 0.7121
relationship

<Table 3> Comparison of experimental results between proposed method and other methods
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