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Abstract :  Document clustering is one of the most active research topics in text mining. Document clustering groups similar
documents using statistical computations on term frequencies. Ideally, related documents within the document collection are
clustered. In this work two approaches issued from very different fields are explored for document clustering: community
detection in complex networks and spectral clustering. Both approaches are based on a representation of the document
collection as a graph, of which the nodes represent the documents and the edges represent the similarities between each pair of
documents, such that the two approaches have many issues in common. These graph based approaches are complementary and
are useful for finding structure in large collections of documents. We present a novel method for semantically clustering a
large collection of documents using community detection in graphs. A term network based on term co-occurrence is generated
from the documents collection, the terms in the complex network are clustered into some communities by means of hub based
clustering and spectral clustering, the semantic term clusters as conceptual maps are used to generate overlapping document
clusters. The terms resulting from clusters as queries are used to map the highest ranked documents to clusters. Our algorithm
occupies a middle ground between speed and quality. Our method provides a way to segment large document collection in fast
running times. The algorithm presented can also be incorporated into a search system that enables the dynamic clustering of
large numbers of search results.
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Algorithm : Hub Based Clustering

Input : a graph G = (V, E) (co —occurrence term sets) ~ "7 @

k (the number of graph partition)

Output : k clusters (k HNSs (Hub Node Sets))

For each edge e; in E

For eachv; ine;
N deg ree(v;) + = weight(e;)
End For

End For
Sort (V, N deg ree(v),desend )

'={v,;,V,,--,V, | Top k of N degree}

For each HNS,,i=1tok

HNS, = HNS, U{v;}
For each v; inV
If Linking (HNS;, v;) =true
HNS, = HNS; U{v,}
End If
End For

End For

X3 NTIWESILKITTAXY T

[Spectral Clustering]

6.

COSTHMELERED Y 772 b LITAXT b
TNITALY LT TATY XREANTY T
AL D .

6 Tiibhie/ 778y bTHKREEY T T 7
EWAE~y 7L L, %= A2 MEOEDK
BT &7 9.

4. EB

SEIOERBRIHEN LT — 2 2 RITRT.
x1 HT7T—2 Gaxx¥)

SIGIR 215
ACM/S | GMOD 829
DD-2006 121
wny 1165

TOEBRT—FZ L VHEHLE
H— A OMEIL 6971 8, ¥ — A OFEHEIL 3037 {1,

MHx 20046 8, X — AT OFEEHIT

15283 & 72 o 7=, Z OB R 2 S 7 — R 3037 A,
Ty 15283 M E R DD T T 7 RS LT-.

ZOFXy NT—2 7T 7L zipP’s low IZ9E-> TRV,
A —n7 U —HERLE.

2000
1500 (&
% 1000 4
500 -4
L. ———
0 20 40 60 80
NEAL
'l
PS
3 >
i 0,
B 2
0
g 1
0
0 05 1 1.5 2
log([EAL)

4 zipf's law (2 &5 < i

NTEIRDHL,
KON ES. M4l
DA~y T THD.

—ODNT I E~ Yy T EW

“Data mining” O N7 ) — RKinb




Mining methods Al

ssociation rules

Machine learning

nowledge Discoveryﬁ
M4 ME~ 7Bl

ENTHEERY NT—=FTHRHOETD /) — RIZoW
TENLD /) — ROy 7 22Tl xv FU
—JEMETLIZ LT, A~y T EME TS, 20
Xy N =R TOE 2807 — RORELEEEE 7 Z
AR —EEHRDH LT, AE— LT — L R E2
7. (F2)

#2 U TAL—RK

Y aLTLY
NE{:L EHOERM keyword V08 B /—FREILOSRI—HE

DI
1 19.67719 Algorithms 284 701 0.001158
2 16.55079 [Experimentation 216 643 0.001046
3 11.77862 Design 134 447 0.001344
4 9.777505 Performance 116 451 0.001143
5 8.761626 | Human Factors 83 312 0.001711
6 7.852828 Measurement 76 292 0.001789
7 6.762 Theory 67 284 0.001667,
8 6.058881 |Certain answers 9 36 0.014286)
9 6.058881 chase 9 36 0.009524
10 6.058881 | conlunctive 9 36 0.014286

queries

KB FER O F L L Data mining” O &~ v 7 5O
BT T T EXDOXMEEER3ITTRT,

il

#* 3 7/ — K“Data mining” ® 5 H

classification

Data mining knowledge discovery

text mining

Data mining knowledge discovery

text mining

Data mining knowledge discovery

NINININ[WWN

text classification

HEys/,—F Pfe ) — F SCHRE %%

Data maining association rule 4
clustering 4
Data mining association rule 3
mining methods 3
Data mining association rule 2
mining methods 2
Data mining closed itemset 2
minimal generator 2
Data mining clustering 2
singular value 2

decomposition
Data mining clustering 2

5. ot & B

NTEH L 2, B LT IcBEL T
L2 —RK(H 7 —=R)B . NTOHRERHDH, (K5)
IR —FiEFRy bU—7 OF TRICHRWIES
BRSO/ —RTiERVwW»rEEILND,

X5 N7 /—KoOJRE

FEH6DEHIC2HDONT ) —RICH#EST D /) —
RREHH 256, M Es b nicHlms 5720
NT )= RIZRB )= B3H 5T, KRR EOH
HECcHb N7 ) —RIZB{b L/ — FB™FET D,
INIFTEALADOBIMAE N T TR, ZOEOZENDL
D)= KBRSV I ORBICLEERNLD LEZD
nod,

K6 N7 /—FROJRAE

6. BV Iz

AW TIE, KRBT =2 2_HDIZ@ELIEr T




TEHREHAV, RXxa XA VEANLRDIER R Y
N =2 DORFENRNATHI T e —F & b ol
Zhicky, i~y 7ICESS F¥a X b7 TR
HY TN TET.

KX OFHeE L TiL, & —22FH LT T
TINEDNT T RAEY T AR NT VT T AH
Vo7 %70, &~y 72HMET2L2ATH D,

Sy EvEzoOBME~sy T EA VT v I R
CLEMBUATLAEARELET D,

HEY -2y NT—FT T T T 5EETDHZ
ETCEHMEROAr— A7) —ICHERT 5,2 LT,
FDRATL =T Y —PEREONT LN A& E W
T, NTWRCES T T FRZ Y Ik 77
FST7DOERTD. NTITTFTAEXY U TTHIET, K
W T — 22 BROLDL 7 TAXIIHEL, 7T A
B ARE/NELFTHZIETARXT NTINT T ALY
VT ERBEINTEDLIICRD, AT NI VT TRH
Vo ZHEWE T FRZ Y T RITHITENTED
05 ABRY I FHETH D,

LS, LOKRBBERANX2 A MERICHEIZTESD
MR RERANLT NIV T FTAEY T LAY X
A (BLIRT7 VIV X aEET) OMBEEDS. [8]

Frh, EFRT—HZDORFa2 AV PP LDOF—U—F
i E TRTL2ZETEIVBEDORVWERBEONLD
EEZONRD. FLT, LoEmERLEEAGEETD
TOILART N INI TAZY VT OHREDBLEL
5.

z £ X B
[1] A.L.Barabasi, R Albert, H.Jeong, and
G.Bianconi: "Power-law distribution of the world
wide web.Science", 287, 2000.

[2] A.L.Barabasi, Reka Albert: "Emergence of Scaling
in Random network", SCIENCE Vol 286 p509-512,
1999.

[3] Rohini K. Srihari, Sudarshan Lamkhede, Anmol
Bhasin: “Unapparent Information Revelation: A
Concept Chain Graph Approach”, CIKM'05, 2005.

[4] HUlhoi Yoo, Xiaohua Hu, I Yeol Song
"Integrating Biomedical Literature Clustering nd
Summriztion Approches using Biomedical Ontology",
ACM, 2006.

[5] Hlhoi Yoo, Xiachua Hu, Il Yeol Song: "Clustering
Ontology-enriched  Graph  Representation  for
Biomedical Documents based on Scale-Free Network
Theory", 2006 3rd International IEEE conference
on volume, p851-858, 2006.

[6] Brant Chee, Bruce Schatz: "Document Clustering
using Small world community", JCDL’07, 53-60,
2007.

[71 L. da F. Costa, Hub-Based Community Finding,
arXiv:cond-mat/0405022v1, 2004.

[8] Y.Wng, H.Song and W.Wang, A Microscopic View
on Community Detection in Complex Networks,

PIKM’08, 57-64, 2008.

[9] Y.Chi, X.Song, D.Zhou, K.Hino, and B.Tseng,
Evolutionary Spectral Clustering by Incorporating
Temporal Smoothness, KDD’07.

[10] X.Wang and I.Davidson, Flexible Constrained
Spectral Clustering, KDD’10, 563-572, 2010.



