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Clustering Algorithm of Bipartite Graph
Partition Based on Word Hyperclique
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Abstract This paper proposes a new algorithm for document-word co-clustering. After mining semantics
with word hyperclique patterns, the document dataset with a bipartite graph is described. Then, the efficient graph
partitioning algorithm is employed to partition this graph, so that the high computational overhead of traditional
clustering algorithms over huge document datasests can be avoided. During clustering, word hyperclique patterns
that are full of document semantics are preserved. In this way, our algorithm partially circumvents the problem of
loosing document semantics, which happens a lot in traditional clustering algorithms based on document pairwise
similarity alone. Finally, the extensive experimental results demonstrated the effectiveness of this algorithm in
document clustering accuracy and cluster topic detection.

Key words bipartite partition; documents clustering; word hyperclique

SRS B R AT, R TN, R P4 e M SRR 1
M — T BB ST Ik, BOREREHO LB A, W 4h, A5 HB I A L b
A BT AL WA ST, R R E e G A S ATk,
EATI TR LR R AR TR, R BBRR.
R A NP BT o 1 5 ‘
1 B2 T A
A (1) TSR P 2 T3 E B S ARSI MR

PR RGN 3 2% S S R AR B (2) X33 UARIGETL ANPGRS, R A EE
PIZRIS, HPIL Ze MR 1 Rl ANBE SCUFIR RS, H AR R SRR & 20 1ot T %,

W R SEBRITE o (3) FEIM SR AR IR, BEsRIA] e py SRS PO 2 (KR B8 L AT Rk, i AN
A S S Ry R BRI 25 R e A R g% SRR R AT R/ e XTSRS VP, B
WP, JEF IR A SCER O SO RS T IR R ARIE AT RO AN, TR A G
e, BRI SRR A ORI 1% RARGNKRERSATVII SR FH 10 DRI bR v
VR SRS e B S BB SR VA SCRY I AR DL SRR LA R 62

W H 1 2008 — 04 — 11; & [5IH 1 2008 — 04 — 20
HETH: EHRARREEHRES(60673135; 60373081; 60736020)
EFE e R H1976-), 2, WAk, P, FEAFCSCW. BEAREHFIME B R 7 H I wFT.



440 TR BRI

37 %

(1) ke AR 4R H FAH OGSOk & 5 A
OO S BRI LR, MR B R ARG H S0
YERE I R, 52 XU Precision = —— DY ot

Ncorrect + Nlncorrect

(2) AL H A R R RGN HA IR
[F] 2 R E A &5 R AR IR A 4 R B, e SO
Recall = Neomet o

Ng

(3) IERALEAT B IEMAL BAR B0 E v
ARG HE B — Pt &, Rk o 35K
TR TL 25 R 25 B S8, o Xh

I(T,C) . .
Ml =—2, HHHX)R X PE R
JH(T)H(C)
s IR RXS YW PR EAFERERE, © XN
o p(xiy ;)
I(X,Y)= ylog,———— . HIkA LI
N ;;p(x y,)leg p(x)p(y;) nen
H(T)+ H(C)- H(T,C)

VH(T)H(C)

(4) MR RAFRRORTE CACI & I AET
TR A SEE, € XK CE=HT|C)=
H(T,C)—(C) » %, CEMHUE o 4 T L5228 51
PIANELT, S T I8 20 RS e AL, Gl R IE
stk i ne = 21O HILO-HE)

- H(T) H(T)

(5) H R BRI IRR Heh 5 5 R
(1) SEBR IS AL AAN [ FIREAR BT 5 L e, RE K4y 21
R RERPIREAR LR, AT LUEME—RH(TIC)M—A

FI NMI =

s |C —max 1,2,--,m(C AT
fiifk, & XHh ERR:Z ||C " —

(6) F-measure: F-measurefd 7 1 7 #EFRFI 4 [H]
J3E 1 P9 A BRI, W ANMRE R — AN A
B RIS REAN R0 B A A BB A B B SOk e, mT LA
AN P =C,/C, R, =C, I C., T LA 58
F M EAER AL . AR C, RoaRej A H Sk
R RN Ry BRI EEHER s R, RN B A HLSK
R B ARy BRI A B RE s C FR7n 2R A HL 8K
JE R 7 BRI B ) SCRANEG ¢ e oy
AR S R 20 B r SRS IR AN FORD 5 A L5 2R )
POCRI AN TR R SO AR R R R R AT e
e AR e, ik C, B2 KT
LN SR A H o FRIERI A R EL S 2 (]

ffIF-measure 1] LLE XN F; = (2P,R,) /(P + R;) -
2 BiEiBEF ISRt

2.1 EBHMEX

“HH” (hyperclique) A2 7E 41 % T 4E (frequent
item set) FIBEAT L4 10— DNEUFTHIOME S, & — iRy
SR I A B TR

2301 BPEAEE: BUH A H, 1B BUE AT (h-
confidence)J¥ hconf(P) Jx W It H 4 P 4= 1 H 11
HARSCHRRR S, & XN

hconf(P) = min{conf{i, > i,,---,i },
e,
conf{i, =i, i ,}}
A confhy il = X EIFEEE.

2 Rl T AT H AP, IR
— /N E, Y H ALY support(P)=6 , IF H
heonf(P) = H, Horp 0 Al H, 43 52 H P H 52 X
£ B B A S AR RE B . VR — AT H AP, 0
SR A E S, I H AR ) — N,
HAEAN T H ISR EEAMIS T 0, HAR AN H 18]
WA BT H, o 5 TP DI H ,
(R 2 R AT e S, DRIt ] DARR A ] . RS
Braz 4 b, FCIE RS HR 1) 2 0 H A PAS B 1 AN & )
T —ANEE I AN RE S AR ) SRR
DL i B H — AN B B T 7 S

& 3L 3 i K B (maximal hyperclique
pattern, MHP)": St —/M@BRFHP, WHRTE A

T HAN T 0 0 B 141 1) 2 SOOI FRHP &
— N KB H, B vYP'>P,PgMHP , PcHP
PeMPH <, JfH VP 5 P,P'¢ MHP .

B KB AT 45 5 1 SCRe L A ST,
PR SCRF A AE AR, — AT H R
5 AR AT R85 R AN A ) DR /N s ANAH T
22 BiABHAYHESH

e GRS T = (i, 0y, 0, ) » FRISE A T4
LR BES D={d, d,,»,d,}, L, d 1.
25 78t /N SCHF L s Ml /N A5 AT EE he X DREAT B K
HHAL AT, FEEALEGHP={p ,p ,..p}
Hrp, pcl.

T4 XWTDIEE SR d, , 4 p,
d, , WFREHE PSR d, BN BRI & .

L5 d, T R AL 7 5 R B AR A R
A d, Ly BAE, idh Pd, .

¥ PR £ G TR [41 4 G HP 1) I R4 R i 1) e

conf{i, =i,



#5340

K SR R SRR AT — 0 B SCAR RIS 441

MY EHEATH, H = {ik,ihy, ik}, HHn=ktm,
H.Vih (0<k)=(ih,=i,) » Vildk<0<k+m)=(ih, =B ;)
X SR [ R A AT HLFT R AN R
MD={md,,md,,---,md }
Kb md, =d, v Pd, . WIEEAMDR A HT 4 1) LA
FEE NG R AL S AE (R SCR B 5, 0 S SR 2
E BEAT ) SR A7 9 B AT B A6 AEMD B HEAT A K )
RARHRAE
2.3 [EESENVERIRE
AR SCIE P TR N SOR 1) B U BUE Sk, R A
X AN T AT IE R o R [ 53 5 IR T =i d DRUAE A
R E Lo
ZX 6 FRESREIBUL @, & X tf «idf , 3L
H g 5 SN BT AL (0 BT A R RO R T8
{8 idf=log(N/n;), JLHNR SO )& BECR, nidky
PUER i T SR it
g an b S, Ay UGl S B ) S0 1)
SRR R 3 X
T A BUE R LU R 9 ks ik 1)
I SCAS i) FE 544 A -
omd, ={i, ,0,i, ,0,, ",
Ly s@ps Py s @ Dy, @575 Py 5@ )
K i, emd ;s o, =tf,*idf, ; B, e HP H B, emd, .
3 CHEUMHBREEEEN
PRI 53 S5 BE A 70 B AR ThARLLT 38 11 732K
TAE, AR ERIINETINAE R R T % H
T SCR RS IR 3 T 0y w2, Sk
BEAS SO R PR P B s, SR B R TR
PHAHAURE R BEAT R 75 35 — SR SR M 3] S 4
BRI A R 53 B (bipartite graph), X 4y
BT RIS S — AN AATn A SR I E S S, A
LEEIE C, Rl A SRy — ARl AR
NG R AR 430, TARIBUE R I AR 1)
PIAN G R TR (R ARABLRE o 0 TR PR AR ALLE R A3
A LLE AR 2 AhAN R A FR H Al 25, A0S H AR psi 4L
/e Rk O/ RUIRRR I UNIUE S IRV E
AT 5E X h /N BT U IR) B R AR P AR ABLBE
(MinMaxCut)ff: 4 i £ 28 8 73 (I - MinMaxCut
PR B 0 A H B R BORT AR H bR bR EU 255 A
W, XN
..~ cut(S,,S-8)
min Hmze;—sim(di,dj) Q8

dyd €S,

A
S-S, Z a L8y,

cut(S,,S = S.) KR X S, T K F & 1 #h K
> sim(d,.d;) %R T
Bl v i A7 TR [ R ARARLBE 2 Rl e X T4 mi R A
FIBZ R 8 U) Al LL AR BZ [WAT T 2
) RSB B R 2% bR BRI SE B H s A2 BRAEAE R
S3 i AR A R B Dl B B, RIS R UE B )
O B AN 1 B R R BT 1 R AR AL 2 R K
RE AT UGRAERI o3 R P, 8k Gkl oyt T sl
FE P E b R AT SR IR N R e B, At nT DLk
Gt T 2% FEAN B b R B0 T BUW R AT
U SRATFH A3 BE AR R R SCRY 2 T PR ARARLEE , T)X(1)
CEVF

. Z cos(d,,d)

Z d;€S,,d;eS-5,

r=1 Z COS(dl.,dj)
dl-,djeSr

Ty BRI R K B RN SCRY ERAE SR s R
KIC,=(V,E), BT S VIV AVPE0 4
B, Forb, ViSOG A, B SCORYE
—/N ARG VR A AL, RS B E o I
— AN KTV AR R AN S YR A
Jo WURSCR S ], R AR — 450V,
AR R AN S B A UAHE, VIR, 1y
R A B dtf-id R T8 . 6 T XA =4 1
ettt RAEIENT LG AR RT SCRS Y SRR £
PIFE I &I 3o o X “FYEALBIY)” (normalized cut)
KA AT BRI H bR R, o SOk

. Seut(V,V -
min 1mlze[g2 = ZMJ
= W)

b VR Sr RSB N AR S W) A
VAR IR 73 B 5 7, 2 T R AU Z A, 7,
HH B A 5 SRS Y R B A Y R 1% H bR R
ECEHRELL, A F R AT R 2 i FE
T 25 )2 Bn] B SO 2 TR 32

4 KRR

4.1 KBHIEE

PN AN o= & RERINE £y SN N KB
AN P AR BT IR . o i Sk 1ay k1bik
H WebACE; ¥ #Ere0. rel >k A T HiE4-21578 3
Ay KMIRAELO; FiditElal. la2J2 WTREC-5 ik
R AN S R R I g A e, H
Porter’ssuffix-stripping &2 0] £ B K >k ¥ £ 1n] i LA



442 TR BRI

37 %

AREE . SRR I AR TR
R EIRERIE

kla klb re0 rel lal la2

SCREEL 2340 2340 1504 1657 3204 3075
CRTIE 21839 21839 288 3758 31472 31472
SCRYE AL 20 6 13 25 6 6

42 FKWERELE
421 RISFIERISHER
N TR B RETHATICUE, T Se xR IR s A 4
K = BEATRI S5, A3 20 AN I PP FR (i W2
Frs.
K2 FHBEENSER

NMI CE ERR F-measure
kla 0.514 642 1.721 594 0.523 932 0.441 122
klb 0.577 733 0.539 664 0.370 940 0.644 877
lal 0.246 216 0.872 771 0.616 729 0.420 352
la2 0.321 217 0.840 732 0.569 106 0.466 708
re0 0.315 199 2.527995 0.402 926 0.363 055
rel 0.374 787 2.976 249 0.494 267 0.322 628

422 EBRAR

N T FE RS S I B SRS b, AR N
N VEIEE, S296 IR BETT T e Thfetit, s
I AL EE . B A . Ay B4 . BUIE
IERAG . BRI SO . o R g S gt
OO0t F A SO IR AT B, LA (1 S 5655 B8 5 SC 3
ko
423 FRAARAY RAFIEX LR

WIS, XA B SR B F 1S4,
43 ) S ARATE FH D A 2R ol B8ORT s A ) P 9 s 4 g )
SIPUNECE BB R o 45 R R 3 .

#3 LWEER

NMI CE ERR F-measure

STD 0.514 642 1.721 594 0.523 932 0.441 122

K WHP 0.590 880 1.389 075 0.497 009 0.501 794
STD 0.577 733 0.539 664 0.370 940 0.644 877

Kb WHP 0.658 099 0.573 262 0.132 051 0.844 936
STD 0.246 216 0.872 771 0.616 729 0.420 352

fal WHP 0.472 987 1.278 142 0.312 734 0.646 572
STD 0.321217 0.840 732 0.569 106 0.466 708

2 WHP 0.419 227 1.419 978 0.378 211 0.576 292
STD 0.315 199 2.527 995 0.402 926 0.363 055

re0 WHP 0.329 434 1.791 696 0.428 856 0.361 028
STD 0.374 787 2.976 249 0.494 267 0.322 628

el WHP 0.401 863 2.129910 0.653 591 0.324 963

3 S 1 R0 2 LU A P R 11
CEML, SIS AT LA, AR B SR
B FRERE 0 4 B R 4 SR T A S 10— 43 1
RO HAT — S A
5 B 4

PR GUIN BRI T T 107 1 SR 1A ¥ 9 P AR TEUE
RHRK -means 5 AR AT FERAZ A SCAEALSE
SCAFZAEA 42 T — ORI Y sl B — 20 1
SCARBIAE, AR SO v 3] 1R IR 2K
PP SR ] AR AR ADURE B R FE s P Rl o 3
I R RK BRAR SO AR LS LU SR I SR L s
VR SR SR TR e W] LAAE — S Y I A kD T 5
ERIE R SERAEY], ZE R A R,
A R R SRR

2 £ X M

[1] KMk, R TFEZHEANRE LA L ALEHAAD] LT
W+ B AR, 2004.

2] =K. AR EAEET XHHEARMR[D]. Lik:
8.8 X%, 2006.

[3] ZEM, kAL, &= B F. LAIBEREAH A
i+ AU R AR, 2006, 02.

[4] HU Tian-ming, SAM Y S. Finding centroid clusterings
with entropy-based criteria[J]. Knowledge and Information
Systems, 2006,10(4): 505-514.

[5] HU Tian-ming, QU Chao, CHEW L T, et al. Preserving
patterns in bipartite graph partitioning. Proc[C]//18th IEEE
Int Conf Tools with Artificial Intelligence (ICTAI’06).
Washington D C: IEEE Press, 2006: 489-496.

[6] HU Tian-ming, XIONG lJin-zhi, ZHENG Geng-zhong.
Similarity-based combination of multiple clusterings[J]. Int
J Computational Intelligence and Applications, 2005, 5(3):
351-369.

[7] XIONG Hui, TAN Pang-ning, VIPIn K. Hyperclique pattern
discovery[J]. Data Mining and Knowledge Discovery
Journal, 2006, 13(2): 219-242.

[8] PAK K C, MARTINE D F, SCHLAG, et al. Spectral K-way
ratio-cut partitioning and clustering[J]. IEEE Trans on CAD
of Integrated Circuits and Systems ,1994,13(9): 1088-1096.

[9] DHILLON I, GUAN Y, KULIS B. A fast kernel-based
multilevel  algorithm  for  graph  clustering[C]/In:.
Proceedings of the Eleventh ACM SIGKDD International
Conference on Knowledge Discovery in Data Mining.
Chicago: ACM, 2005.

[10] HUANG Yao-chun; XIONG Hui; WU Wei-li, et al. A
hybrid approach for mining maximal hyperclique
patterns[C]//In: Proceedings of ICTAIL. Boca Roton: IEEE
Press, 2004: 354-361.



