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Department of Computer Engineering,

Graduate School, Korea Maritime University.

Advised by Ok—Keun Shin

Abstract

With rapid development of Internet and information service techniques, a huge
amount of electronic documents are steadily produced on the Web. The documents
like news papers are classified by trained persons without any delay from day to
day, but it is a very labor—intensive work and requires a lot of time and cost.
Several studies on automatic document classification have been performed in order
to lessen this burden. The studies using techniques of machine learning and natural
language processing have shown successful results in the Web mining field. The
performance of document classification systems is very much depending on feature
sets even though there are also other many factors that can affect the performance.
In this thesis, we propose methods for extracting good feature sets using ontology.
Terms in documents are transformed into terms in ontology in order to reduce the
size of feature sets and to compress information of the documents at the expense
of some loss of the meaning. This transformation can be performed after or before
general feature selection. We use only relations of synonyms and hypernyms in
Korean ontology, U—WIN which has been developed by Ulsan University. We have

experimented with the proposed methods on four classifiers and nine feature
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selectors in order to objectively evaluate the performance of the proposed methods.
The several experiments have shown that the proposed methods using ontology
outperform existing feature selectors over most classifiers except a naive Bayesian
classifier and also the method applying ontology after feature selection outperforms
that before feature selection over every classifiers. We have observed that the
performance of feature selectors is very sensitive to classifiers, especially Rocchio
classifier. In the future, we will experiment with a large scale of documents of
various fields and many languages like English and Japanese to show more objective
results. The ambiguation on multiple hypernyms of a term will be tackled as word

sense disambiguation problem.
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(a) AHEAE (b) AHEF=

a9 2.1 AAHY} AAFE] A Aol

Figure 2.1 The difference between feature selection and extraction in concept

A A A 2] (document pre—processing), A2 &S AGsh=
o] 5 F535= AFE A (feature generation), AAE AHEE FollA 58 Fofo] 4
2 AnkE st 2APdAdB o s v o th A4 dAEe Bk By
EEzto] Al A, thAEA EU(converting all letters to lower or upper case),
= Z+3H(Unicode normalization), $k2F Bfs}, wolt 33} Bl 2-524] 413}, &
B 4 24 (morphological analysis) 5°| ¢]7]9] &3t} AL FA49 &S
ZF 7dE - = W8 (content word)E 27| 913l FAF Bl (part—of—speech
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(stopword processing)2Fal gHo}, dubd o 2= FAo] W8S Rdsh= HAES U
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&S 7HE & sk dolo] el dolE degith e A1 tiEl o9 &

AeE AdES skt JAFos mdTo=EM we AAS. AdAH
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(2) 7V5A F4
7V 2 (2.1)3 Zo] A FE, do7EX (term weight, local weight)
L, A&7 A (collection  weight, global weight) g, ATFE7+5A

J.I;J'
(normalized weight) n,;2% o A& 4 dvk(Salton and Buckley,

1988). ddlx o7 7l=xEH  tf—idf 7}= 32| (Salton and McGill 1983)E &
o] Abg3slt}. tf—idf 7N A do7lsx = ©@oJHl E(term frequency, tf)ES

Abgsta BARA7FERE JEA W E(inverse document frequency, idf)E

T

ALgeke, Aitehs AgeA gk

w;; = ;X g Xy (2.1)

do] 72 o]% 7F%] (Boolean weighting), @ol®Wl %= (term frequency), 4 7F3}

¥ ©oW % (normalized term frequency) @ W 4= Ut} ol 715X&= 7P ws
gt oE (4 ¢ 7l w4 doll 293 s e 1R Fdstar 2% ¥od
0oz fFHet= WHoltt. doldle ¢, A 71 £A 4o 8T N=F=
TdsteE WHola AafstE doHlEE A webA oy A W&
AFEE oyt R dHEASQ WHE A (2.2)9F 2

l;=0.5+ Oz:t; (2.2)

TAAY A= GEA Y E(inverse document frequency, idf) <}
%= (probabilistic inverse document frequency, p—idf) & Y= 4
2 (2.3)3 Za, FEQEANEE 2 (2.4)9 Atk 9714 df,
st EATE ey, FAHIE(document frequency)@hal SHr},

zdf”—logdj: (2.3)
—gdf”—log df (2.4)



A7 X = A d ol WE A3k normalization over document length)E
ojmjatH == FEE vt W dol& o] &3k FAI(cosine) Af3lE ARESHH( 2]

(2.5)).

n; = (2.5)
2.2 AAAE
(1) o] &%

o] A A8 HHEL o]l F38 ¥ (contingency table)E ©]-83lt}. o] &
Sx= W1 W 7] A S A=Y 86t oY BExe] ZF gk =
= AP eSS eER Y A7 (null hypothesis)S 7|HFo. 2 1 ZHS G481 A o)
F 2.1 8ol o WIF ¢ Abol9] o]l & xolnt

2.1 oY i+
Table 2.1 Contingency table
=4 W (class)
C; ~ G
Lol(t | ¢t A(nll,tp) B(nl2,fp) A+B(nlp)
erm) | ~t C(n21,fn) D(n22,tn) C+D(n2p)
A+C(npl) B+D(np2) N(npp)
AT 8o toF BT ¢7F AZ BAS TA9 24 3 FA(true positive,

1o WETL Atz &3 Aol B £of (7} W
B4 £A9 S A

o] 23

F A (false positive,

Ag-olth. C= &9 ¢



7F obd thE &ojsol ®F ol AR £A49 =M A3l FA(false

i

negative, fn, n21)°o|gtar 3o}, wpx|2to g2 D= N—-(A+B+C)=E -39 a1

gol t7} obd gojEo] ¢7F ofd WFoA YERG A Folth N2 RE #
Aol Frolth, e m11e g0 19 HFE o7 S ), 19} 7} SAlo]
Ae A7 Nxolr A (2.6)3 2.

mi11 = mpLxnlp (2.6)

npp

AL w9 e o] ATHOM, B R4 thEE WS & 2.29)
72t} (Yang and Pedersen, 1997; Forman, 2003; Eyheramendy and Madigan, 2005;
Pedersen, 1996; Pedersen et al., 1996).
3F 2.2 8o toF WF Aol #HERE ol ot #HERT &
ole] sj4e] gol7l A HeETh

A I 2.1& o]&3ste] iE 2.29 A&
st AAXEl HES kS & ¢ Qduh o|lE £ Pointwise Mutual
Information(PMI) 9] 79 Mutual Information(MI)Sl 2] (2.7)S o]&3le] 2] (2.8)7
Zol 3ttt & 2.29 AE &9 t9 ¢ 7F sAe UEd W% mllE YA MIO gt
olth, MIel Z1(log)E FH3otd PMIC #= 7+ 4 St}
nll
MI= p— (2.7)
11
PMI=1og(—==) (2.8)

mll



3 2.2 AHEAE

Table 2.2 Feature selection methods

e 4
Document Frequency (DF) | nll
Bi—Normal Separation(BNS) |FY(nl 1/npl) —F~ 1(-:rz.12/-1r1p2)| 1)
Chi—Squared (X%) npp* (n11%n22 —n21*n12)%/ (nlp* npl*np2*n2p)
Probability Ratio(PR) np2*nl1l/ (npl*nl2)
Odds Ratio(Odds) nl11*n22/ (n12*n21)
Pointwise MI(PMI) log(nll/m11)
nll/npp*log(nll/m11) +nl12/npp*log(nl2/m12) +
Total MICTMD) n21/npp*log(n21/m21) +n22/npp*log(n22/m?22)
Information Gain(IG) e (npl, np2) —(ﬁ*e(nll,nm) +@*e(-n.21,-n.22)) 2)
npp npp
t—Score (n11—ml11)/+/(nll)
2.3 AT
AR TRl Aol mle] ARl sk =2 T o]Ade] HF(category)E T

&t I o] th(Sebastiani, 2002). dtube} A= of e 7o) Wl £
Ao wet = v Azl Mo 28] £314] S 5 vk TAEF A
"o outA o 78 24(0GF & AN, 2002)9 7t} o] FoAE= H
]

=
Sl B o K i e o B el e S R = S A

A s 79
AEL woly] Al ¥73) =Hstm glor] Ao HRES wolt AT
BoW BISE JAES &

2 A8 e Wolmal ) gk ARE 7h Ao
}-

ep7EA Rt WY 2717 Ao lal] ArbAIRe] o] Aelr] witolth. 5 A gE

Agagre] A& ol guitdolt), 7|9 B AFEL AFES Fol u XFE

o} H BARFIE AR AxH] G PR AGEEA AAAINE FAY

T e TR A= S AT AAS e F AT iy A
. o

B3 (normal cumulative  distribution function)o]a F (e )&=

= 9u]g.

L log,————Y jog,—Y
sty oty z+y Paty
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1997). ¥ Ao A= ] 7R EAEF 7] tste] 7]4 3t (Manning et al., 2007).

Aol By
(Indexing)

24 277
{ Text Classifier)

R M
(Feature Selection)

!

a0l Bhx

(Indexing)

v

a9 2.2 AN BARR Aaue] FHE

Figure 2.4 System configuration of a general document classification system
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M
l,.* .
Z“"u t;

c=argmaz,. ,JI:1 - (2.9)

M M
\/Zu-'?j-i— th

j=1 j=1

(2) Naive Bayesian
SERYPOZ T4 A qo HEA 7 =2 SES VAT HT & 2
d~

%01 H'BIE1 <t15 ey

heoR EAGL 7 golt A= E@delau Agsd 4 (21003 o)
Aol gt
c = argmaz, Pr(c|d) (2.10)
= argmaz, Pr (c;)Pr(dle;)

M
= argma:c_Pr(ci)HPr (t_j-|cz-)
’ .

(3) k—Nearest Neighbor(kNN)
FoIZ B4 doll 7HE A kY] A FolA HE B W o5 o7
)

= ] MFE FIAT kb 19 Bgells Tl 41 49

. FAIEE dutdor FARl A= (cosine similarity) & AFESHH). ol &
MNdHew Felatw 4 (2.11)3 o] FoHrt. cos(d,d)e Fox A dot
fAbe el BA kel wapel grolh

c=argmaz,, Z [pr_(n'.J-)Xcos (n'.J-, d) (2.11)

(fJ-E S

o714 g8 FolW EA gol it kWY 7+ 7be B4 HEola, I
I(d)®] 2 &4 d7F BF ol &Hohd 1ol 28X ko 0ot} oA
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MdHom wlg Fhdstxnt A AZF getkell Fox EA4 9k BE S A
3] FAEE AlRbsioF d17] wiEel] A3 £

wel, FAME AR e A EeE JfAdE] Yel vk drEo] 2
%A tH(Daelemans and van den Bosch, 2005).

(4) Support Vector Machine(SVM)
SVM2 #H A E 2 (Perceptron) ¥} 22 A EF7](linear classifier)©]

FEF7]+= A4 A (decision boundary) ZA] 214-& A&t} o] 751_‘,10]]15 Z0]7l
1

T
e,
rE
2
[-40
rx

Sts5 dlolElol dieiA ofe] 7He] 7hsdt A4 AAE S 5 vk 2y SVME
olel g A4 AAE Y% (hyperplane) 0.3 ZA7sto] A=A AA HFAE o=
i o]tk (Joachims, 1998). ti-i-o] ZdHo] Agdoz el 4= ¢l7] wliol
1]43 4 (non—linearly) 21 2H&-F3HE A& A9 AHA o2 APdely] 913 53
g ol &3ttt o] & AY 3hr(kernel function)o]gtal gk}, o] g 2
F7re] B4 wpgbd A2 e STt AFeE 4 9tk 7] 239 o] BF3He

=
=
(binary classification function)+= 2 (2.12)¥ #Zo] vwig- wEalt, w,oF b3}

& e = ¢ E#13c(Joachims, 2002).

M
(‘—argma“z‘peHl_l}Zssqn(w X t;—b) (2.12)

ji=1

2.4 2EZA
%%ixl(ontology)o AUk Q] oJuj=, 5= Qhof| o FiFo] AAEo] EAst=
E © 9Jv]e] 18]20] ‘onto’9} ‘=

e o
B e 2 el MR 2 ol BHLZYH FAHROn, A9 el

fu
rfo
il
fu
N
e
2
)
A
jubad
M
=

L
i‘l
ol
N
do
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