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This paper presents a graph clustering method with structure similarity. The structure of a graph is converted
into a spectrum in terms of the characteristics of connected subgraphs in the graph as in the TFS method and
the similarity of graphs are analyzed as the similarity of converted spectrums. The spectrums are then clusterd by
k-menas method based on their similarity. Furthermore, the entropy of a cluster is defined to estimate the quality
of clusters and used to determine the number of cluster K in K-means automatically. Preliminary experiments
with synthesized graphs were conducted and the results are reported.
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Graph_spectrum( graph G )
GV graph spectrum of G
initialize GV to O
forall connected subgraph SG € G
GV[SGScore(SG, Q)] := GV[SGScore(SG,G)] + 1
return GV

02:0000000000000000
SGScore 0[O

uooooooboobobooooobooooooobooooo
goboooooooobooooboooboooooooooooo
ooooooooooobooooooooboobooobooDo
ooboooooooobooooboooo 20000000

e JO0OOODODOOOODOOOODOOOOODDOOO

e JO00O0ODOOOODOODOODOODDOODLODOOD
ooooocoooooboooobooboOoooooo

do0oooooooobooooooooboooooooon
dddooooobooooboobooooooboooooo
0o0O0o0o0ooOooOoooooUoU yooooooo
02)000000000000000000D00000O0O0
0 SGScore 0 OODOODOODOOONO SGScorel, SGScore2,
SGScore3 00 10000000 10 -00000000O0O
ddddboooooooobooooooooooooooon
ddddbooooooobooooboooooooooooo
0000000000 DoO0O00000obOo0ooboOoOo0oono
JoodooooooooooooOoooa

000 GU00000000oDoO | vV(G)|oooooo
ddddboooobooooooboooooooboooooo
ddddobooooooooobooboooooooooooo
0000000000 D0O00O000b00000obbOo0o0ooo
0000000000 b000DOO0000DoOooO000ooon

O 1: SGScore OO

ooooo
ooooo ooooo
oo SGScorel -
200 SGScore3 SGScore2

godoooooooboooobobobbobbooobooooa
gdddoooooooooooboobobobobobobbobboo
O SGScorel, SGScore2, SGScore3 100D ODOOOOOO
0 (NSGScorel, NSGScore2, SGScore3) 00000000 6
000 SGScore 000 O0O0OO0DOODOODODODODOOO

22 JUOOOOOO

oooo 21 0oooo0oooooboooooooboooo
oooooooooooooooooobobooooooooon
gooooooo.ooooooooboooooooobooooo
uoooobooooooooooooooooooooooon
ooooOO0O0O0O0O0OOD0O0000000000 K-means O
oooooobooooooooboooboooobooooooo
ooooooooooobooooooooooboboooooon
oooooooooooboooooooooboooooooon
0ifjoooo s,;0000oo0ooooon

Zgzl(l -
M

aim 00000000 ;000 mOOO
maxa,: 0000000000000 mOO0OO
mina,, : 0000000000000 mOd0000O
M:000C0OOOOOOOOOO00O0

Lim —djm )

Sij = (1)

Kmeans 00000000 KOOOODOOOOOOOODO
O0KOOOOOOOOOOOOOOO0O000000000
000000 KOOOOOOOOOOOOOOOoOOooOoOo
000000000000000000000000000O0
0000000000000000000000000000
000000 KOOOOOOOOOOOoOOoOOO

|C, |00000 C,0000000000k(=12,--K)
0000000 C, 000000000 Ent(Cy) 00000



D e

e Y e e S -~

ooooooo

C
— Sl

SIkI(Si5 log, Sij + (1 — Sij) log, (1 — Siy))

Ent(Cy) = Ch P

(2)
Ent(Cy,) DO0OUODO C,000000O0O0DOODOOOOO
goobboO0ooO0o0ooooobooooooboboboooooo
oooooooo
ooooobOoooooooooooooooobooobooon
00000 Co 0 KOOoOoooooooooooooooo
0 (Infomation Gain Ratio for Clustering, (IGRC)) 00O
ubooododoooooooboooboooooOboboboooboOooo
oooo

ME’I’Lif(Ck)

Ent(C) - Y, 1

- ZkK—l il

1]

IGRC =

[Ck|

log,, Iel
0000 IGRCOOOODDOODDOO kODOODOOODOK-
means 1000000

3. oognono

uboooobooodobooooooooooooooboooon
2000000000000

3.1 OJUoodoooboog
oooooobbOo0ooooo
oooooboDoOooOoooooo
goo3ooo3ooooooon
goooooooooooooo
ooboooooooooooon
oooooooiGRcoooonO
OKOOOoOoDOoooooooboooooobooooboo
odobobcooooooooobooooboo

ot

03 00o00ooag
oo

b1 00000000O00DOO00b0O00DOO
b2 00000000000O0000O0CObO0O0

bbb 3gbooobooooobooooboobooooboOooog
ooooob1000 210000 2000570000000
O0O0O0000 44,5000 1,00 200000000000
ooboDbooDOOOO0o0oooobooObo0oo0ooooDboboooo
ooobooooobogoo

S A i

04 0010000000

L om P A

s 0020000000

3.2 0OOOO

210006000 SGScore0OO0OOOODO (3)000O
00000 KOOOOO0OD KmeansOOOOOOOOOO
goboooooooboooooooooooboooooooDn
gbooooooboobobooooooobooobooboooo
gboooooboooboooooooboooooooboOoooo
000000000000 100 K=3000 200 K=40O
0000000000 SGScore0 0O OOOODODOOOODO
Oo0o0O0000o IGRCOODOOOOO KOOOO 200
OO00OOONGScorel 0O0OO0OOO0OOOOODODO KOOO
IGRCOODOOO 6, 70000

O 2 IGRCOOOO KOO

SGScore 0 0O IGRCOOODOO K
oo 1 oo 2
SGScorel O 9 2
SGScore2 O 2,3 2
SGScore3 O 8 17
NSGScorel O 3 2
NSGScore2 0 2 2
NSGScore3 O 3 2
0.16
0.15 .
g 0.4 . * A .
. 23
0.13
*
0.12
0 2 4 6 8 10 12
HS5R5H

06: 00100 IGRCOODO (NSGScorel DO 0O)

0.14
013 | o4
e
0.11 -
0.1

10 15
DR

20 25

07 00200 IGRCOOO (NSGScorel DO 0O)

0200000000000 O0000O00bOO0bOobOoboo
0000000 0O0ONSGScorl, NSGScore2, NSGScor3 O O
0d0o000O0o0bO0bO0obO0ooobOooDoobbooooooa
00o000obOo0obOO0ObOOoooobOoboooooboooa



I

Dty A o

e Y e e S -~

pooddooooooooooobooobobboboboo
OO0000OO00bOO0ObOO0OD0DO00bOobDOoooOoobooooo
0000000 bO0ODOO0ODO0O0bObOobODOooDoOobooboooo
0000000 bOoO00OO0bOO0o0bOO0ObOOooDoOobooOooo
goooooobboooobobooobuoboobooboooo
Oo0ooooboooboboobobobooboooobooo
oooooooo

00000 o0o0ooDOobOO0obOobOoooooooao
SGScore20 NSGScore2 000000 K=20 IGRCOODODO
oo0oooboboobooooobboooobobbooooooo
pooob0obOoboooo0oboboooooobobooo
pooboboboobooo0obooboobooboobooo
0O0d00D0O000D0ODOO00ODoDDbOO0o0oDbOOOoOoooOoono

00 1,20000000000000000O0O0O0ODOOO
NSGScorel, NSGScore30 000000 IGRCOOOODODO
KOOOOOOOoOOoooooOo 200 SGScore3 0O OO0
000000 K=20 IGRCOOOOOODOONSGScorel O
000 K=20000000000000000 800000
UDDO0DO0O0O00ODO00ODbLO0bOO0bOODoOOoDOOn
0O0000OO00bO0OOO0oO0OobOobOOo0oOobobooboooo
oo0obooOoobooo8uuoobobooooooboooo
pooooooobobobbobboboogbooobo 8soooboo
gO00O0o0OO00bOO00OO0OD0DO00bOobDOoOooOoobooboooo
100000000 lg0dbo0oobOo0ooobooooooo
O0O0000OO0O00D0OO0bOO0obOOoobOobOOooDoOobooooo
Jo0000o0b0o0oD0o0oOo0 K=3pooooooo
00ooooooooooooooooo IGRCOOoOOOn
gooobbo0oobbOoooobbooobobbooooobooo
0 (1),(2),(3000000000000000000

s 0020000000000

4. 0OdggQn

gooooooooboboboooooooboooboooo
goooooboooooooobooooboobooooooobooboooo
goooooboooooooobooooboobooooooobooboooo
00000000 TFS [Takahashi 98] 0000000000
gbobooooobooocoooooboboobooooooon
000000000000 0000 KmeansOOOOOOO
g0b000000000K-meansOO 000000 KOODO
gooooooboooooboooooooobooooooooon
ooo0o0o0o0ooooooOoO0O0 KOOODODOOOoOooooo
gooooooooooooocboooooooobooooooon
goooooooobocooooooooobobooooooooon
gooooooooooooooooooooboooooooo
goooobooooboooooooobooboooooooooon
gooooooooooooobobooooboooooooon
goooooboooboooooooobooooooooooon
gobooooooobooboooobooo

g

oooooboooooOoooooooouoooooobooooa
O00U0000O000000O000O0o0o0O0n(No.13131101,
No.13131206) 0O OO OO0

ogogad

[Agrawal 94] Agrawal, R. and Srikant, R.: Fast Algo-
rithms for Mining Association Rules, in
Proc. 20th Int. Conf. Very Large Data
Bases, VLDB, pp. 487-499 (1994).

[Inokuchi 00]  Inokuchi, A., Washio, T., and Motoda, H.:

An Apriori-Based Algorithm for Mining
Frequent Substructures from Graph Data,
in Proc. of the 4th Furopean Conference on
Principles and Practice of Knowledge Dis-
covery in Databases, pp. 13-23 (2000).

[Kuramochi 01] Kuramochi, M. and G.Karypis, : Frequent
Subgraph Discovery, in Proc. of the 1st

IEEE ICDM, pp. 313-320 (2001).

[Matsuda 02a] Matsuda, T., Motoda, H., Yoshida, T., and
Washio, T.: Mining Patterns from Struc-
tured Data by Beam-wise Graph-Based In-
duction, in Proc. of The Fifth Interna-
tional Conference on Discovery Science,

pp. 422-429 (2002).

[Matsuda 02b] Matsuda, T., Yoshida, T., Motoda, H., and
Washio, T.: Beam-wise Graph-Based In-
duction for Structured Data Mining, in
International Workshop on Active Min-
ing (AM-2002): working notes, pp. 23-30

(2002).

[Michalski 90] Michalski, R. S.: Learning Flexible Con-
cepts: Fundamental Ideas and a Method
Based on Two-Tiered Representaion, Ma-
chine Learning: An Artificial Intelligence

Approach, Vol. 3, pp. 63-102 (1990).

[Palmer 02] Palmer, C., Gibbons, P., and Faloutsos, C.:
ANF: A Fast and Scalable Tool for Data
Mining in Massive Graphs, in Proc. of the

KDD-2002 (2002).

[Quinlan 93] Quinlan, J. R.: C4.5:Programs For Ma-
chine Learning, Morgan Kaufmann Pub-

lishers (1993).

[Takahashi 98] Takahashi, Y., Ohoka, H., and
Ishiyama, Y. Structural Similarity
Analysis based on Topological Frage-

ment Spectra, Adavances in Molecular
Simalarity, Vol. 2, pp. 93-104 (1998).



