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Abstract

The retrieved documents have to be transformed into proper data structure for the clustering algorithms of statistics
and machine learning. A popular data structure for document clustering is document-term matrix. This matrix has the
occurred frequency value of a term in each document. There is a sparsity problem in this matrix because most
frequencies of the matrix are 0 values. This problem affects the clustering performance. The sparseness of
document-term matrix decreases the performance of clustering result. So, this research uses the factor score by factor
analysis to solve the sparsity problem in document -clustering. The document-term matrix is transformed to
document-factor score matrix using factor scores in this paper. Also, the document-factor score matrix is used as
input data for document clustering. To compare the clustering performances between document-term matrix and
document-factor score matrix, this research applies two typed matrices to self organizing map (SOM) clustering.

Key Words : Sparse Document Clustering, Document-term Matrix, Document-factor score Matrix, Factor Analysis,
Self Organizing Map.
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o] A8l GAE Aolo] A 7]uke Fol B S St AV EE A8sh7]ols ofgwol v [4]. wEhA
TH 3} k= v A E=8kF(unsupervised learning) 71% ]t} EAUOlE S A8H7] $18te] g 2E 959 EAE T4
A ¥ 7 M (information retrieval), #3913 2] (natural lan- shel dlolB 7z 2 vt o] Fasit dwkHoR AL
guage processing), 7|78} (machine learning) ‘&okoll A SH= WS 2 FA e Polterm) = V19 E
2AREE Fad D78 (preprocessing) 7oz Abg (keyword)®] HImE F8h= Sloltt [1). o5 Fdhef A~
At [1]. 27)0] BA A8 9 =ul(WordNet) o] A7) o] @ & (document-term matrix)< 47 ) o] A
2 E3lo] o]2ojHt} [2-3]. Hitel= thoksl 1 AMalA Zt Frow)= 170¢] =45 vehlaL, 2 d(column) 3l
oL} EFAMALES Ealo] Fmo gFo]x] i £ Al vehd ©ols uEkdnh @3 o] whiss 3t

(cel) ] gk SHFEA ehd Sgaols] MEg Liekd
ok o] A BA-delgPelA BAY Frct ol

HdAh 2011 11 25

o 47 AR 2] el WS W BRI HlEge] 0
SACFE)EA 20124 28 32 of frk 0|9t & EA-wojdA] T4 o] o] P
AP AR - 2012 28 4< © 3 adH(sparse) HOlHTEE zhet) LejmE AT
T A A3kl Q5L AIhs] A BA-dol e 3
of =22 2010d ol HFristum AdntstolFATtX| AREAES A 98 welo] Qi)

et SHAFIA o olsiM ATEUS.
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2 =EdA e EA-dolddo] zh= 34X (sparsity)
s|dstr] flste] ARG (factor score)dll 9 s A}
7122 3R Z(self organizing map; SOM)E A|etsit}, X
7] SOM2 theFst A8t 2ol AR&Eo] gtk
[6-8]. =& A8} o]9ol= SOMS thedst -3 shol
AREE 3 et [9-10). 2Efu 7]54 AFN M= FA-G
o] slig TAE A & o] FEE SOMY
JE ol = Abele] EATEHEE FastAth SOM &
1 F AA ol gk AsEEE g B2 A% ey o
b [11-12]. AlehH-2 o - (multi-variate) & A4
7198 S SRl QJIXHEA O o)k °]1}7§:5f—§ o]-&alo] A
-l o] FAHEAE AT F TA-ToldH
sl EAE dAsty] flske wolE kel FEA
(covariance) & & ©|-83 AAPH G (factor score)E T-3F
o FA-GAPE S FA-AAATHERE HYsta olE
EAQ] FATHS ¢uEEe SOMe feEvolH = A}
gt AdE EAPFOZRE FA-dolPAaE Falal,
OJAE AT 93t A -QIAEFA LR HEEte]
FHo g SOMA 93 EAFHES 3t} Aotd &
’\1‘3%@}4 A5A7ME 938te] Reuterse] w2714 438
$t3}  USPTO(United State Patent and Trademark
Office)d] E3ARATES ol &3 A8 3o [13-14].
2 =] 248oA = A olE e RSl A YER =
S| EA, ol F dAs] f3 JAAHEA T IS, 1
I HFTAQ EATHSE 9% SOM dagFol sk
SolEr) FA|Fo R QxAGFe SOMES o]&3k 3435k
A HelH Y] E&A Q1 T digh APYH-S 3 o)A
Aggith AgtE 7o dE Aes I8k flste
MAAR] FAFTS o] &8k A3 9 A= 474 Kol
a1, wpxako 7 5o A 2 ?i*—rL«] AET IS5 AT A
of djslte] Lolir)

21 EMzEERL 5 oM 2H

AT fA IS 2 BAES aF3EeE
g HE|#Hgoltt [15]. ARddl wAEY EFHAR
(preclassified information)& &al &<50] o]F A= A
5 (document classification)®}= BH2A] wAFF 3= o]
o 22 AP REI} gle vX e Folnk EATHEE o
1Al A5 H] olelo] wHste] Hls) B 7FA] 1nHE A}
g0l Utk F, A4 1 Z}Xﬂit T3]3t Aol 077
ol izl FARRE do] e J|9EE FESH vy
W 22 wA-wo] dES wHEal o] & o] &3ty AT
35 e

ool | cro2 .| @oim
=41 BIZ11 HIZ12 BIC1m
2M2 B3] HZ22 HIC2m
2in | SiEnl | si=n2 BI=nm

O 1. ZA-ChojdE

Fig. 1. Document-term matrix
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oA ArE= Az o3k AAHFE o] &St
22 IR =

B =RoA o]&HE= xtEAel 34 SVD(singular
value decomposition)+= WEA S 2= o] o)
w F2 JH], ARaE, vio] QB8 Fo loH A
U= /\}4‘15101 skt [16-21]. <& Eol, SVD= #d
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wEle] dpglo] vlg Z Aol of WEle] S FHadhs
o EAh4 02 o $5951m, vhol o 4B e B it

= HR we weusse] AA5aE lskel AL

SR BATYEE 53 4t 542 AW BATYs
A gaplolt ojelgol AUt 848 dole SVDe
A aFEE AN 98 gERAS R Ea] uE

A

of & =iolAE SVDoE & g AP QA
A9 JAAAFTE o]&ste] FAg A HolE 9] st
]’\1 AHEE = HFE] AYS S48 xRS B

2 HAFE Abole] FEA BAE %A common factor)
°J A AL 429 EWS(random variable) 2 %43}
g Al st At 0}1— o FAEA 7otk &, AWM}
AAAQ F-EAAL Alele] BAE vEhE AR R3S
TFL AFE AMolY #BAE AYET F e AFHX
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71Hoelth [22-23]. mAtd EE9EH X9 ‘jﬂ;"*’“‘ﬂﬂ' 11°

WAt Ee] S5 7w pRIAt R A 2ol W
W Xy B RE W] 2EH0E Y 1)
T Y= FEAAF, Fy ., Fp

ﬂJ
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A e S5} 7} g
owt G VAL SRolae] APATow EAS
A WS X thest o] AR [24],

Xi— =AM Fi A g Bt o A, F+ & (D)

Fdo] delz vehid v 2
X—p=AF + ¢ (2)

oA7|A AGAF AR A5 A& A (factor loading)
a3 IHLWH Mo oist A FEAA Fo 848
Uelll= 7FeAlgel (map) FE A={A/2 AR A3
ot} (pxl) FEWEH F= BE A 38502 J3¢S
m) %)= T—EO’JX}H—‘IH olal, giz MR WSrolnt oJgkS w X
o} AxA A E 243l g
component), EH—Orllc.(maleum likelihood) &
tﬂ—tﬂ‘: o] 01

T4 E-(principal
o8 714

AARAE dulgm AN A SUH



IRt

-

X
o

o
o
£

Ho
k1
o
1o nZ e

o o 1

A
5}
o =

=
iC)

—Ql' o =

2, off
2
>4

i o

10 kI od ol
mrz*ﬁ
)

flo
%0,
N

to
M o
o Mo
Y ¥
O
o
Ql’,

2a
o
Iy

0

¢

Ny

g
2o
>
>
O
ol
F
)
=
° 0

¢

rimax rotatlon) |
/\o] o] ;(}ZJZH
QIA}e] FAg %]
AR FH o El
FAREA A AR

o

o
g
X

o
N

¢

Jfa

N
2
e
2
HE XS R

S
o

1l oo W o o (N
x

tlo i rok

Prﬂ‘
-1[4
oH
o]-m 1-11

[

Y
s
»

)

=
>~
>
op
it

fo o o

p
L

2

Bartlettol] 2]aj #|ote
oJste] Alekel 3|AAYH] ¢
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S8, [ X=xe] 2058 conditional distribution) =
3 e HwEe TEAGES 2 g TE
& Erh
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o] QA2 Axels HHe Ho=gWo oo TR
BaAgE S2 o]&sle] tpHEA R Y HiS A3
el 48 AgU
fAj:/Al’Sfl(mj—E), 17::]_’27 N (5)
9 AelA Fe 2AE dgASAL S UERn AL 34
# ?_]_X]'T Ejsg‘?é% ],}- 1;”_];]_ X]_JHEJ—%PJO 7H7H-/] "1’1’%‘
3k 7} Q1xpote] AFA o] AxE Yl S22 AFEH
th FEFEAE ] obd A@ATAYE gl disiA Q1A
A4E T v 2
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fi=A/R™ 'z, j=12,-.n ©)
oA71A ziz thE A3k 2ol yERith
'T’lj - ,fIJp
_ S11
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\ Spp
9 AHellA De Tk Eds vehaL o] fde] Ala 3
WHEE o] gste] AFke] RTIE FAFAFULE dE
’%01, 811% Dsﬂaé--o/] A Eﬂﬂﬂ %%‘—«9} l“i:)‘\_]_—o]];]_ o]g]_ ze 1

Tof X7 | =R S| E

0| 8%+ 548t ZAOOIE 2l &

e AR AP T D

el SAREAE AAep] 1o
AR i) AL, 2
QP S tyEHe] BATHsH daelEed SOMe

23 AP| =3 5K =
A1 H]Z]Eﬂu
layer)¥ Z%Z(output layer)®] 27§
[26-27]. YA E 2 (perceptron) EH 3=
=82S A Z(feature map)EaL —rEE} T3 3te] A
= AT Hod vepdd, 71 38 79 54“
o] SOMS A fi}%(competitlve learning) & AR}
[28]. shtel FEAA diste] FdAEe} AdE = Tk
A WE= A2 AAste] JEuAe 7 7ke T A7
s AHwinner)7} Eo] FARbo]l 7pEA7A1S A "tk
[29]. o]9} #& $A=2](winner takes all)2] 9#]= A&

AL SOM

e SOMS thea ko] 7F5x]78410] o] Fojzlt)
chw — w()ld +a (JI wOld) (8)
W}Vewx_ /\2}7} 5101 7§)\]o] o]_,_o]X 71—01 V[;)]dL‘ }/z

] 7§xlo] o] FofX|7] o] "l Fho|th a dug(learmng
rate)°] L, o] gkoll wel JHANA xo oEst= THEA2A
o] o]Foxit}, P A = éx} cof tigt 7tEx| B
A== Wk 0}‘43} SAEE FY9 =/ E Fud
o] %-(neighborhood) ¥+74 €] =7]
]70:—4 717} 0] HH FA=E A2 7h
stAl €l SOM - &oll A AFshe= Hol o
u—’F(mammum number of clusters)E AFdel] A3k A}
A o] 9ol ) &, YA xpglo] (3x3)0]H Hu)
97N 7R o] TR o] ?fé*é% + 9tk SOM2 El~E dHo]g
9 —?219:}01] vhEEk whkgk i}% A&EA R d2rES] I
WEo] A7) SV E R ske] sl HolA=
At} [1]. 53] #A-"ojdde] FystellAE= b
ZFA1 9] 3] A4 (sparseness) wA7}F LERATE o] EA|
@3} | $18te] 2 w=iolAle AAkEA] ol &g 1Ak
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12N =g, Al +a FFH2 + -+ a, TOm
ﬂﬂﬁzaﬁﬁﬂLm2%ﬂ2+ +ajuqm

A7l = a, Tl +ap2‘:.£r0-]2+---+apmf‘j-0-]m
O™ 2 QIXEs

Fig. 2. Factor scores

A2} =a, G 1+ a, T2+ +a,,, TAm (9)

9 Aol ag= miAl QlAsk A wolo] Agael 27
£ Uehith ol¢k 22 prle] AAHFE o] &ate] v
2o BA-QARSRLE TR

QI QA2 QUxtp
241 =11 =12 H==lp
2M2 =21 =22 7‘1*2;}
2Mn FH=nl F==n2 Hz=np

a3 3 2M-dRES U

Fig. 3. Document-factor scores matrix

9 AFelA 09 Fe Z2e X2 §lth & S0 A12
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9] 90% o]/de] dEs x3st= Ak Ml pE A
o} & dlolE7F 7R = nlY] EFEe] AAHE

Bl nEoh 4 22 prll] QJIAER FAH WA
o] 7HA 3 ' A dolHd et Aol
Colm AwEE dAldelH e WEEhS YE
_— n7H o] WFE FiAte] A4 ple dA
OJs|A] ol A Frh o] o2 nule] JAAE deEst
A A dojE 9 22 AEES ZHA HX|9k ojujol= 2
AEa0 g97F e 7] "ol on7t gl lani
AHS SastHAE AW o] 543 "WolAA ke e
oA A e BE 90%2 AHEES ZHA =W Ao
E1°ﬂ ek AEEs fXEtHA USR] R B F
QA At [18-19]. Tof-RIxd4ad e 7} 32 5 A
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FAZE A€tk g AAE FAAPNATEH F
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Fig. 4. Process of proposed method
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APpEe AN BARES BA-dolgER npre
giEnloldw, EA-goldd e A AR
HRRE QARG TE3 EA-QAESERE S o) g3
o #3138 s SOMEA ] JBAR o] FolAir), B
Aol APt et FAH GaelFe bt Lol

A E

Input: Retrieved Documents, D={d; d .., d,}
7 the number of documents
Output: Documents grouping, G={g;, g2 .., Zi}
& the number of clusters
Algorithm:
1. Constructing document-term matrix (z2#m)
m: the number of terms
1.1 Text mining (text corpus + parsing)
1.2 Data matrix
2. Constructing document—factor score matrix (72#p)
- the number of factors
2.1 Determination of the number of factors
2.2 Computation of the factor scores
3. Clustering documents using SOM
3.1 Initialization of weights, W={w;, ws, .., W/}
3.2 Repeat until stop conditions {
for =1 to n
selecting winner nearest to d
updating weight
V[}JGW:WDM"a(dj_W)M)
3.3 Assignment of documents to similar to g;
(i=12..k)

AekAdzte] 1H
7z TRl g
SOModl| 2]&t %

2 HAaE FAEela HEAA A=
7 A FEEReITh Al HAl dAIR]
A QQ-J AX %A (stop conditions)S AFA

o e W i AEA A A2WEG FoA A
@ 2 5 A% Sel ALe] SOM WA £ 748
ek MRS 10002 AL, 4853 FYAE
& Qs lgAel AuFel 0001 wh A4g A
SOM 842 WHi w4 ddshs $o| A4ol 7Fss)
S EAZARAA T4 ke SOM HaArel A8
o8l A4 E Bl (399 FYAEE 2= SOM
THRANAE A} A THSE 7HD 5 ek

4, ME

i
0

=

Aok ol AFH7IE 93 AFS ste] H =iddlA]
= A 2709 F271AF (news articles) FAH TS AFE
399t Reuters-21578E25-E 50719 w2714 2 FA49
‘topic acq’ AR T 20709 FAIIAE EEEE 'topic
crude’ TARTEES ol g3k [13] AA-E T SOME o8&

3t EATHSE stk ARS fE AR E BART
% gxAd FAAL Ao F9 Ul RS AHE3SHS
[30]. 718 o= RolAd Al &3k ‘som’ #71A] 2 thizx &
ATFEE o] &3tAtt [31]. ¢4 vdxte} o] HAE
wlo]idS o] 83l FA-THoldHS T3



IXtE =2t AT ZXEX| =S 0|85t 5|48 EAHOIE o] Z& St

E 1. acqet crudell EA-CHo{ZE el Xtel
Table 1. Document-term matrix of acq and crude

EARE A Fol 5
acq 50 2007
crude 20 1132

A ARE 1Y 20 FAEE BF EA9 g HE|
wolo] 7t w9 A Yl dE £9 acq #ARE
oA FAe F2= 500X N @ojo] S2= 20070t} oW
Ao 1Hgolgt e UEhd dojs BF o] S=o] 3y
7] wiiEel] SeE oz 19 Al ek 1 YA v
A FAAAE BT 00] & £ gtk o)9f 2 FA-w
oAl Lz A wio 2AEAV S 2
oA E IxHEAE Sds] 9 sty wHeR
AAAFE o] &8 FA-AAHAFPLE o] &3t =2
71E9] Ao A o]9} 72 tho] sdo] ofd JY=INES
L7 s o oluell oud Fad dolrl N9 =
of gE ] ko 1 v AREAS gHes|of ), u

Fol B wRelqt BE GolE neld BA-poldus
B FAZHEE A Q4SS olga] 99

!
A= WA QAxe] £E Adslol Stk AR Foizl
| e gl SgEy] uhio] An(aEe)e)
AR AgEE Qe b gerE gnel
A AR UF we ddxje] 2 Ausy A9
o f37} Wolrh ¥ w=RelE Folzl dolee
L z
3]

it
o

900 ool ML zh= Qlxpel i AAskelth
2 BARG og AeE QAxe] et el

I dlo ot B

E 2. acqet crude?| QlAfot Mo
Table 2. Number of factors and explanation of acq

and crude
AR QA AvE
acq 23 90.23%
crude 11 91.76%
acg®t crude FAIHEES flte] AAE A= A7
233} 110190tk A4H AAFE o T8 A5 E
ol gatul theat o] EA-elBHRE FA-ARHEFAY

5} g,

X 3. acq®t crudee| Z+ &l H|o|E{of CiEh Xt
Table 3. Dimensions of two matrices of acq and crude

e | RS [ EAAAE
e e 4%
acq 502007 5023
crude 20%1132 20%11

EA-golgAe] fRRe] g 002 uS 5ad b
JETEE AT BA-AAAFBLL A% A4S
& 717) We] FA-wolgde] HAYEAS AAH
2 BA-AAAFRRS ol g3te] SOMe oI%

=]
MaAstE Fdsih o] das adEAE 7L

AE TA-TolgEe o)d SOM T eA e} Hust
th A -TojH I TA-QIxH g E ] s 9%
=2+ SOM 23] 43K quantization)o] i3k A==
AAS FE B E=S(average distortion measure;
ADM)E AR&3taith [31]. o] &=+ tha¥ Zo] Heojd
}.

(T e

k T—m,
i=1

CI

o] g2 dlole xofl gt 7t elS5E(weighted dis-
tance measure)E ALFey m9d b 24ZE A TR 9
A FE=(code)?] ©]%#(neighborhood kernel) &
Ebditt. AMD3te]l A&5 o fARE AMAIE7E 7R
< Yuigitt, FYs SOM 3t gagsel tiste] A
~gojd i) FA-AAHFAE S M7 Y olE R ALE
g st Aok oE 2k

E 4 EM-tto{d@nt ZAM-XE e e] ADM ot

Table 4. AMD values of document-term matrix and

document-factor score matrix

: A AT
FARE et | AT
acq 1035.83 966.88

crude 1192.64 1141.21

acq®t crude 2709 EAFANA BT TA-TofdHo
Hla EA-clxpdggiEde] AMD Fho] o &4 YEb S-S
o QU F ARG o3 FA-TojdH e A E
AE sAs Fo SOM #+ATH3E 3 B97F o 2
AE ATEE & F AdATh

SOME] dx|me] zkgle] A7ldf wE X3S
Hrrelr] f1ske] AF74A 5E5% vho] 2714 (Bio technol-
ogy)¥# S8 RRE o8tk USPTORRFH H=
of Z9¥ ¥ 50,886719] vlo] 27|EE3EAE AT
[14]. o] EAFFoZHE HxirEulo]dS A3}
(50886119458 2] A& zbe FA-doj3d s itk
2 = 29A AYS fete] 50886719 58 E 2
FAREANA DY eFE(simple random sampling)<
olgste] 7} 100719 wAES XEdste 5719 AMEFE
tiate] SOMe] A= A a7]d w& FAHs 4
HE vlastrh 0 AR EL Aol (24991 e

AMD #2 o3 2t

E 5 HIO|RE5EZM ZRE (22 HAR| E)

Table 5. Bio patent document clustering (2+%2 feature

map)

=R S ] - o] 2} A 2=
page | TLE9 | B4 HET
Samplel 447.99 321.64
Sample2 442.19 403.33
Sample3 324.97 286.39
Sampled 364.92 329.12
Sampleb 326.38 290.76
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5709] AEAA BT BA-goladel Hls) EA-1x4
Sl AMD gtol © A e s o+ el %, 8
2AEAE D Qi FA-del AL o §F SOM 7
Aaasnc daEAE A4 BA-AFR e
% SOM wAahdsel Aol o $53e wEioz
F 4 ATk Thee (39 FPAEE 2= SOM F

H 6. HIO|RESEM ZEE (33 AR T)

Table 6. Bio patent document clustering (3+*3 feature

map)

e wAwel | BA-AAAS
i e @
Samplel 392.73 339.82
Sample2 435.80 373.95
Sample3 439.74 385.71
Sampled 472.59 409.13
Sampleb 500.05 439.58

(262 BAAEE 2= SOM3} PIAAA R (349 W4
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