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Extraction Method of Overlapping Frequent Communities
from Blog User Spaces

MAKOTO TAKAKI, 2 Yasuma Mori, ! Keicur TAMURAT!
and HAJIME KiTakAMmIT!

In this study, we focus on bloggers who are writers of blog articles and propose a technique
which extracts frequent and overlapped communities across multiple months from graphs con-
sisting of nodes and edges. A node is defined as a blogger and an edge is a connection of
trackback. First, the proposed technique extracts frequent communities by extracting frequent
subgraphs. Second, the proposed technique extracts overlapping communities by clustering
the extracted subgraphs. In the procedures of extraction of frequent subgraphs, we transform
the frequent subgraphs extraction problem to the frequent itemsets extraction problem. In the
first step, the LCM algorithm is applied to extract the frequent itemsets. In the second step,
we applied the Newman’s algorithm to find overlapping clusters. To confirm the availability
of proposed technique, we collected the graph data and extracted the frequent communities.
As a result, frequent communities which have common interests and the bloggers who are
clustered into multiple clusters are extracted.

noOfEE7usiE s 120/ —-Fe L, %
ZINELBETOAFy FYay hhbNDaI oz

p=illly

1. & U ®IC

T T7uy (7ar) OFBICEY, v TICET
BN VAL OBS ICERERIETE S
Ik oTwad, TulIMBAOER ML D
DOHE L, WOFOEHELMSH) 2 TT O FEEH»S
ERGABARRT A EPEERREL hoTWV5,

T 7 EE» L OB RICET AR LT, 2
27 4 R OREIHL ITbR TR DS, &

T1 R B RFRZREHRBE R
Graduate School of Information Sciences, Hiroshima
City University

12 BARZEMIBEESEFINAE DC
JSPS Research Fellow

93

F 4B ERA TS

EEHDI, 7D7£$fi&< TUSDEEFT
HAHL7UFICEHL, Julr/—F LBEOFTY
Ny JWZEDLL TaAEEDORFY) B EREL
7275 7HEICEELTWAY, FOHMT, Hb—%E
DB L ICRET LTI TOEATREERINT T 7 L
U, ZOBERFNZ T 7 h DB P oBR AR L2
32T A4RBERTAIEEFBELLTWS, TIT,
BHTA I =T 4 L1, BRYZ T 700 &
NBBHMTHEDT T THRIFETH7 TAYDHE
DFEBI R 7R 7 RBEE/HO2II 2T A THD
CEFET L. Fi, EEERHFLILII 2T 480

NI | -El ectronic Library Service



I nformation Processing Society of Japan (IPSJ)

94 THELEZ SR IGE | BEETIVLLITH

2 P i 2 (- f

b e b e ‘b e
i i

d graph1 h

’ (1) extraction of frequent subgraphs
a

g —

(2) clustering of frequent subgraphs '\

c f

b e

i ~ A
d 4 AR N

frequent subgraphs frequent communities

B 1 AKEFFROBE
Fig.1 Summary of this study.
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Fig.3 Summary of Newman’s algorithm.
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Algorithm 1 EXTRACT _FR_SUBG(min_sup,D’)

1: TDB := ¢; MAX_PAT := ¢;
2: E' := ¢; FR.SUBG := ¢;
3: for all E] € G} do
4 E':=FE UE]; /*Creating Edge Set*/
end for
Create Label Set I; /*|I| = |E'|*/
Define f as a bijection from E’ to I;
for all E, € G; do
9: = I; = ¢
10:  I;:= f(E]); /*Creating Itemset*/
11 t; = (4,1;); /*Add i and I; to t;*/
122 TDB:=TDBUt; /* Add Transaction
to TDB*/
13: end for
/* Extract Maximal Frequent Patterns */
14: MAX_PAT := EX_MAX (min_sup, TDB);
/* Mapping Itemsets to Edges */
15: for all PAT; € MAX_PAT do
16: FSG;:= ¢; FE; := ¢; FV; := ¢,
17 FE;:= f '(PAT;); Create FV; from FE;;
18:  FSG; = G(FE;, FV;);
190 FR.SUBG := FR.SUBG U FSGy;
20: end for
21: return FR_SUBG,
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A C
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3: NC := Newman(G); /*Newman(G) DFELT*/
4: for all NC; € NC do
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Fig.6 An example of overlap clustering.
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Table 1 Hosting services.
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AT 70 Fruit Blog

F2 ELLTF—F DM
Table 2 Details of collected data.
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G4 (2006 £4 A) | 1,699 | 9,517 6,143
Gs (2006 £ 5 H) | 4,010 | 26,448 12,047
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Gr (2006 £ 7 H) | 3,147 | 18,986 9,878
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Fig.7 Data collection and graph creation.
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Table 3 Details of each G.
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Gg (2006 £ 8 A) | 172 | 1113
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Fig.8 Extracted frequent communities.
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Table 4 Results of analysis for each cluster by tf-idf.
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11 mH (5191) Fo v X (4399) | B (3225) K (2773) B (2471)

FOEHEE T v F v 7 ENTWAEAF—T—F
DFHEEICIIREREDV DY, ENOF—T = FHFL
DY IATDEHERLTVWELLEEZILNS.
IR TR ) VTENTWAELDT T
HOEHEL tf-idf 2 THN LIEREERS I
Y. E5 T, FRFROTOHIIONT, tf-idf
DIEOE\, R 3#HDF—T7—FERL TS, &
mo7ad ID I, EFESVEEICEY L TEA
DID ZRLTWA, £ 200, [KR], [H—7],
[BF3k] ZEDF—T7— FAFEEMIZT U F 7 ENT
By, 79A% 3HOKZETANPENTVWALILER,
EEBEEN—TDI LIZDOVTENTWE Z L0 R
B, ZOFEEF, R4DIIFTAY IIRTF—-TI—F
VAR o TV a.

A DOFMER T, NIRRT 8 LRELT
WhLTH, 8T AIChloT I v 2Ny 2RV E
AERICH B LAY, —RERERZ EICX D
OB TIEEVI EXRSPSH. BEOFEEIY, H
HENTHEBRBS TSI 727 TRV 75T LI
o TBONIZ IR, BHRII 2274 THS
LWV ZEDTHETH A,

5.2.2 BEEHLLTFIR4) P TICET SR

Riz, BELTIZIAZ Y v 7 &N/ — FiZow
THHHT L. SEOEBRTIE, /- FEF2TH7 7

AZ 3L ITAY WOCERLTHEL TS L)

BREZoT. 9 |2, Newman EIZL BT F A%
)y rRERERL, @10 KREFRCLEI TS
)Y R RT. M9 T, H#C Newman %

NI | -El ectronic Library Service



I nformation Processing Society of Japan (IPSJ)

102 TERALEZ SR | BBRE P ML L B A

£E JIRY3EBILZETUNOEER—T— VLM 3 4
Table 5 Important key words of cluster 3.
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9 Newman HEILL 527 5A% ) VIR
Fig.9 Result of Newman’s algorithm.
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Fig.10 Result of proposed method.
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Table 6 Analyzing result of node 27 by tf-idf.
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