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Abstract There has been increasing interest in automatic term recognition (ATR), which
recognizes technical terms for given domain specific texts. ATR is composed of ‘term extraction’,
which extracts candidates of technical terms and ‘term selection’ which decides whether terms in a
term list derived from ‘term extraction’ are technical terms or not. ‘term selection’ is a process to rank
a term list depending on features of technical term and to find the boundary between technical term
and general term. The previous works just use statistical features of terms for ‘term selection’.
However, there are limitations on effectively selecting technical terms among a term list using the
statistical feature. The objective of this paper is to find effective features for ‘term selection’ by
considering various aspects of technical terms. In order to solve the ranking problem, we derive
various features of technical terms and combine the features using machine-learning algorithms. For
solving the boundary finding problem, we define it as a binary classification problem which classifies
a term in a term list into technical term and general term. Experiments show that our method records
78~86% precision and 87% ~90% recall in boundary finding, and 89%~92% 11-point precision in
ranking. Moreover, our method shows higher performance than the previous work’s about 26% in
maximum.
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£ojo] #2 HFE FA3) o) Aot AFE 54
o7} ®otA Bk ARAHQ MEe AFE sbsdel &
the 7Hgel 7. kX9 particular cell line,
other cell line®) particular, other$} 2-& F2]0]d) 9]
A= gole HEGo] RolAe ALT ATH13]

log, |t freq(s); t7FAEHE &oi7t 2l A

C-value(t)) =

logz['.|'(ﬁeq(i,)—%T)g,ﬁeq(b)}l%‘xl wew

A7 A e A BAE, freq(t)E 68 AW W
EFE, ltle 69 FA_Ae £E Tue & WES=
2o AFPEL, P(To)e Tudl XFHE= 8ol9 AMFE &
Z EeRdTh

29 78t WHolE Frantzil5]7] AlgE NC-valuest
Maynard[9]7} #1¢+g SNC-value’t 9t} NC-value:
|09 FYAFRE Uehle A CFHS C-
value® H¥Hoz Ajstd =ysdct CRH)E 49
e 9o vepte ARAT W={wy, - wH olF
9] EHEXE f4HY, FUEAE 69 wd Y
A ol&] AXBTHB] SNC-valued| A= £olg] &
# oy gUFRE Wdke A5¥erE 2E¥gitn
NC-value$} AM¥Ho= AgsAt. Wit)e € &
o] ZAd vehde o9 FAF AR 7Nk AAF
ARV A S 19 YRR po] B9 o Jehue &
o] ;9] omAR 93 AdEe duFAE shER] 6
o AXtEt AuFALE FHER] A4S A8 WD
oA} vzt A7l HRE AMS-SIHATHII

NC —value(t) = 0.8x C - value(t)+ 0.2x CF(t,)

SNC - value(t,) = 0.4x C — value(t) + 0.1x CF(1,) + 0.5x IW () (3)
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Rol BAdA No 9Zd ushle ®AY Ase
LN(N}), 8% Ll 7j4-= RN(N))eka A ojgch.

L . %L
GM(t) = (]‘[ (LN(N)+D)x(RN(N )+ 1))

FGM(t,) = GM(t)x f(t)

where t,={N,,...N,} @
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particular, some, other$} & FHo]EL A A= ook
30, olg Fatal cell lineolehe dhbe) fojgro] &
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Al Yehs 408 JUNESFE 7|ftez §old
A E%Rﬂ FHoj& AABIACH
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o o3k Aotgnz AostEol ALHS A3 oH,
HAEgolo it KAHRZ Uyriol ALAE ALE3t
128 213 RAS $o) 2 ok Aol 54
v AL AEGo] e vARLZ BH3n 9]
FARARE o|l&3ld Z7|u)7) ¥ (parameter)) & $

oo]

o 9l
kg

¥ 1 &9 o|AEH

#2713} @4
CTCo « Z7NEF7) (AR, TC);
parametero «— W75 FA7N(CTCo);
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3.

B =RoAE AEL] Aug 93 5oz oy
(lexicon) 535 HIE3A, F&(syntax), HAHortho-
graphy), AFd(dictionary), BE}2(morpheme)®] &3
& o83ttt

AR, AJHEAHo|F §o)g TR o3 TELE
vebdct §ojo Falojel 1 Aol ol AEe
Hsled F83 gL |l dE S0, §ojE9

2L FHolE JFAGH 1§58 fARE AEE A
AslAY AdHes 45 A8A4E 7Y insulin
receptor®} estrogen receptor). 3 8] tol] §4]0]
£ Frlste £o] (& FASHE U E e 1RY
ARAQA ML AHscHo estrogen receptors}t
leucocytic estrogen receptor). °©]2% 53L& Eok
AL A= AL E Aoz FdHde 54
olmg B =RdMe o FAE FHol% T4
ool it F2o1F oF HFeE Asia LFWE
E71%}. a8 Eol, LF(insulin receptor) = {M: insu-
lin, H: receptor}o]th. d7]olx ML 4220, He 4]
& Jehdch

EA, 78 S5Ao dsty AHEA bind, dffect,
actiuateSi} 22 A Aol oA Eof AA

& g4l Bol ASHnh ol A F2 AL
°17\l«] ABBA 93] BHHBZ o] FAIE o
she A2 Bof A4S Fdde folE FEIeU &
o] @tk 4F S, g9 FE& BHA

acid activates interferon regulatory factor-1 gene

“retinoic

expression”, “shed receptor binds interleukin-2",
“tumour suppressor gene gffects E2F-mediated regu-
lation"oﬂ/ﬂ ‘activate’, ‘bind’, ‘affect’= HE&Eof A2
S R@sl=d AMEHT #HB3EAY] Fol B RFole
FRof AdS AAYse HELJo|tH3,14-20]. TE
’.‘_—“vj:v: F EAOA RS AMEEHE FSRHASER
BAE L AT BoldA BIEE F
o E‘% 17FR) 7390 A-8-FrH6l
1) “Fo]Z Hosty] ] AMEHe S

« estrogen receptor (ER)

i e
rlr

i ok

oo dm oo

« GABA (gamma-aminobutyric acid)
2) “Boolu 9ol & ou|F #AE
s AMgEE AT

» natural toxin (i.e., aflatoxin)

LRl 7]

* an inactive HRas protein (RasN17)
3) “Fzx e FAE ZEs] 98 AHEEHe AT
« here by using a recently developed ultrasen-—
sitive HPLC technique (Sakhi et al. J. Chro—
matogr. A. 828:451-460, 1998)

Edo) 2 5§ A 33 d Al 8 E(20068)

» CGRP failed to inhibit glucose-stimulated (16.7
mM)

ol 2 13 2ol ZE <y BE ¥ AEBLOlE
e ooy} ojula AuBAZF EAGT whd 3)0)

Ae g% g9 Edo| BATE FEHA @7] W
AZL7t 8 7lsAe] Hoh B =EdAe DI 2)9
Fejo BET JFIHe AL 7Y BAE TIH
Zﬂi Aelste] metgity. FREHS FoA-FAL FEH
, —-5'101 A FERA, i@ AL 6
ERog AT £ 9len, B =EdrE oE
% 7‘?: EAoz A3 SFHE B8 A& &
o}, “shed receptor binds interleukin-2"}4 SF(shed
receptor)={S: bind}, SF(interleukin-2)={0: bind}. &
71M SE FoI-FA #AE O FFHo-FA #AIE
vebdtt
A WA EAL FAEAOH gAY {HAE
yets A&golel BHY (naming convention)2
At Aojgt Fof MELoT HIAETLold dulEHE
AXA AL Jehith Fukudal6les @3S el
= Aostiel ARE&E HAH 5 wt A 7R
2 BEF3n Nz2eE @¥ads Jehlie gL o
BE 1), 2)9 gz Jeldvia 2asigoh
1) NER/AEA, £l 7ER TAE vddo
40} (Nef, p53, Vav)
2) &R/ 2EAL 22, 7152 A tEddl
80y (IL-1 responsive kinase)
3) AEAET FHE gYdo] HE
tublin, insulin)
Z Nz @ude Yehlle dE880e &84T
TAEA gu REA/LEA/ZAEFIE Tol A
AL&Ee 7Agke] Ut ADEI2, PKA, SH3, p53)[6].
°o]H3 HAH EAL AYiol & FEIe F
Aoz A48 £ o B =Fdixe gal/zA
8 EAQLT 7lEWH EHDE HYsta o|F IAH
E73 OFt)E 73t} «E 59, OF(ADEI2) =
{(NEAXTE, ‘TAXY, ‘ARzal, WEAR A)F el
4 MAZE AR 53 TFHE 29EAL AZE A
3o HELOE =e 7P A9HER WEe 71EY
AZgold FHoj& Friete W21l wela 7]
F9 AEE] AHE AL AFLolE Fosied =
ol gk Al A 53L& FAol9) F2olE HEROML
Ay} ubEorPAS o] 83l Hefgich B =RdAe

e}
i

L
Mo

#8-9] (actin,

3

o

1) ‘25 22 (e.g. DNA), 'E5F &2&8AF (e.g. motin, AREAY (e.g.
p.53). MEA EF (e.g. c-Rel). WEAZ N (Egfr), T (eg.
2%

2) ‘o] & ¥ F3FF, ‘apostrophe XTI, BIIXY ¥



Aol 71e Aojstiol DR Lol AF 14 723

AHA EAL BM, BH, GM, GHSE B&FT 7
AN GM, GHT ZI7} dubEol gojl F20, Ayt
oF goiQl FHo§ Ztzt Yehln, BM, BH= 44 A
oJHEok goJQl o], Aol Goi]] FAOE
Eldc) o2 S9o], 89 cell surface T-cell receptorel
A cell surface$®} T-cell receptor?} 712 A28t o}
AEEold A (BYsHEol AT EARA FAE o
Qe A9 TF(cell surface T-cell receptor)=(BM:
cell surface, BH: T-cell receptor)® ZdFCH

oAl WA YA 548 Auuzl Qogie}
5L ui/gieojde] fojEo] Bk o3 &
oJE2 UNtHoz HFAL ofF, HulAlgl e i
2 FAFEY, 3f9 Aol Ade 22
dE B9 HFA ‘leuko-’, HFAF ‘neuro-, FHwA
—eyte!, BUIAL -itis'e A2 S (B@)y, ‘A7,
AR, FFolgkE dE AR agn o)
&2 #4449 ‘leukocyte (leuko+cyte)= ‘W& 7)
WE AA3H, ‘neuritis (neur(o)+itis)'v ‘AlRAE’ o8}
€ MEs AFd g folgo] 2 az|2/Ee
ol9le] HFeAg EIFIE Y SojEL Adze=
A|BAE 72 Bk 92 E9] leukocyte(white
blood cell), lymphocyte(a small white blood cell),
thymocyte(lymphocyte within the thymus), hepatocyte
(epithelial cell of liver), phagocyte(a cell that is
capable of phagocytosis)< ‘~cyte’E Hu|AlE 71AH
g ATE Fdste AojshRop fojol), B =E
drMe Zgz/elEoide] FEAES FHid EAo
2 A3z MF(HE E7|%ch 48 £ MF(leuko-
cyte) = {leuko-, —cyte}e]c}.

ol% e Al 7R EAL LF(), SF(t), OF(t),
TFt), MFt)Ehe 54 JAgez 4 (5)9 2o &9
£ X¥3l= A2 AMLAD. AU LE(), SFEG),
OF(t), TF({t), MF(t)= 27 9] o184, 783, &
A4, AAdE, Fuad 5248 Jehdoh LE(), OF
(), TF(t), MF(t)e 81§ F4ste 4% 0 &
Folmg golo WAEA(NMEE) Y, SFh)e &
o] R e Tt FEHAAE vehlzz 9F
E ) oI T)

94 71A EAEL AEE0)9 HME g8 =3s
Elf7] W&o AEgAE S e o ERES
aHon Biste o]l dasith 33™oME 7)
ASFHHE o4 WHES AAFT

3.3 O|TEF JIHstaE S8t IS0 MY

ojFEF ViAEY XL el EAEo HES
oj9} vlAFELE TR duhg AFHFHARAE

otaly] 43 Aotk B =EAME Naive Bayesian &

771, ZREE(Decision List), AA¥E 74 (Support
Vector machine), W AE 232 d(Maximum Entropy
Model)& o]&3le] go] EE9] Lol o)IAEFIITL
o|ARFE 7 o ol st S ARE Lo 73
G (= AEE0] 3L couPRGO)NE st B0
o BE §ole 32ddA slewt EAEA 9
F)={f1(t), - fm(t)}Sh 2ol REHT. AQ7]AM me
tol Jehe 5459 F & veldo

Naive Bayesian & 710l 23t £0]9] o]x EF{e=
Fol7 8o ol dgtd &E p(glt)E HUE sk &
AFE & Febsts FA=Z RAYI923]. ol 4 6)
T o] A
P(C,)Xp(t,IC,)= ple;)x plfi(t ) £, ()N C)

() 2. ple)x plAi () £,(8) ] €) ®)

q471M ple)e FRY o AMHEE(a prior
probability)& WEMH = fr)2 BHID p(
), fatd )@l F4)A naive Bayesian ERH7)= &
o] ZHIIEE ARSI E-UbEC s 4] (6)
2 ()3} o] F9 d42 THAUH24,25]. 4 (NlA
WAESE pht) ) pleye ZIRFRE ¢S
(EM €13 93 F39ch

pe <[] pfit)le,)

p(cjlt[)z

ple; )= "
Z[P(cl)xnp(fk e ):| (7)

F RA A SEIE-E 2P E E(decision lists: DL)
ot} ABFEES AGF FHLHUHY dho|t) &
A ER¢ st §4 ¥ g3 AAYE=e g
&5 389 VAo s FEHEHY, sg T Y 2
=29 =7} AYAH26-28]. ZHEE J|A S
P2 AAEEA e Z =] AAI}H= K
ot AHRE JMAn Yot F, NHAEE AYRES

)
I

o o I

7

o] £0j8 B4 folfdes EHY o drvh) EHF
JAAE Yehle FHxolth F02 8 B4 fult)s &
o F38 ¢oll d3te Lol 23 48 = 7k 4
AEE DLG(L), 9 AIAEE 4 (89 2a%w
(log-likelihcod)2 A4t} wrel DL(fi(t), )2 X3
= o] 0B} 2 gho] H1 dF ZHEEL 12 ¢
2 EFY o A8HA get AHER L 0]8F R
9 o] EFAAET £ ol g3 YAHe FHEE
T AR= 7MY 2o A E5T] 48 oIEFI

= AMS-Eu)

log P(cj | £:(5))
WAIAD)

®



724 ARG =EA:

ggd AFEEL 2AR 7o
B =RdA A8 23229 48 Yt 48
o] £o] “NF-kappa B receptor”, “NF —kappa B
activation”, “NF-kappa B inhibitor”= DL:¢l 93l co
o7 BHEHL,
important role”, “play a role”ellx1¢] 8] “significant
role”, “important role”, “role”& DLedl 93l cio8 &
Fect

A iR Z1ASEEES AAHE A VMot SVM
2 JIEFE FY3T A PHOE RE 5
olele §Foz FAHT HEF EFHCH29-311
SVMoAe] g2 HeF7E YA 2757374 (hyper-
plane)} 7 717hE Ald Ade gEloe (AR Y
)2t HAAZE AU A& BRE Fo31]
Z g EF7AA(maximal margin hyperplane)%
e Ag BHE @) SVM°ﬂ/‘1t 7‘]7‘1‘3151““]
BAE FAskeY AMRE B 7‘]%“J—r(lwr_
nel function)2 HHEH, 71%—31’&]’-’::— H e F- kel A &)
WEZte] 278 F(dot product) L2 EIHETE SVM
AA 71 g AMEEE AYdTEE J¥A ddinear
kernel), td#d(polynomial kernel), RBF#HZ(RBF
kerneho] itk o] F AFAGL 7MY waEn 1dd

Adgras] Be SVM7HE S804 Z4EE AH5E
VEMNQATH31,32]. & =&AM% SVM light(32]el +
HdE AYAGFSFE o83l AANAEHIAE g3t
I g9 oA BHE FPSFACh

9 54 HEE x=<fi(ty), - fmt:)>2 F3tHE AH
g 7)wgk 809 o] BHE 2 (99 2o
g gguelels S={(x,y), (xz, y2),, 0, yn))
2 g9 g6y €Y={+1, -1} 493 (&
o] §¥: +1& HAEEFO], -1& HHEL)S YEPATL
x9 7R =09 A xE AAYE (support vec-
tor)gt Fe)cH31,32]. AAHEVIAE o83 £oie]
o] EHE =S 19 29 At

h(x)=sign[w~x+b];w=2aiy,.x,., ;20 (9)
vl WA AAgswEes Ad JEEY Ed(maxi-

2 ¥¥dd ¥ 28

“play a significant role”, “play an

AZE B &4 A 3 A A 8 Z(A068

margin=-——
IlWﬂ

J280 XX HE
w-x+b>0 (Support
vectors)

HIE 20

SEA

(Hyperplane) w-x+b<0

b—0
39 2 AAYEIIAS o4 oJABFY £A5

g2 H%¥ A H(heterogeneous information)E A}
Hoz Fgsi= FEFH ndy Yot HUdEZY
EddX &8 A Aoz 1«1—‘?@}51)_ 394}
AozXH &8 § AUe FE E3e o83ty
g #83 =¥} 7}-0—‘6}5}[33,34]. gg AlA
ev=<tehe>2 HAHH, A7|oAN tex W AA(tar-
get event) S YeER I, her EWALA(history event)

< Yehdoh o]AEFoA tdAEL o7 “T‘Erg] A%
°] fo] f¥o] HH, EHYAHL §o] F3& A3
8] "2a g BEAES Jeldth §3 ¥ featuredev)
£ o|ZAgk(binary value)S 7IAe 424 EA g4
7t BARAZRAE HEA7E B4EH featurelev)=19)

& /A3, 234 &g 3% 09 & 710H33,34].
eve BAIEE EAYF(featureler))d JPLE H
HE,

HAAEZA R py2 2T ED(log-linear model)
22X AlA evol g 2AREES 4 (10)= Zo] F
A3 A7NA T(he)s heZREH =2 5 e te
9 A Jen, = 53 I featurelev)d] Ul
3 tEAE e, Zye AWs Aldolth HudE
2IRde Fod EFY) SFdiolEE o] &3
+E(likelihood) & HU3}8le GELEE =28
Py (te| he) =Z_1_Hﬂifeamre,(le,he) : Zh - Z Hﬂifeamm,(le',hz)

B te'er(he) i

(10)

mum entropy modeD& UYSHHTH Hul AEEH = goje] ol i ASE 54 FFE A (DB
2 AREEY 9

DL{i(t), ¢)) A= Siltd ¢

DL, 14.82 NF-kappa?} t:204 F2]0 = AELo]

DL 14.22 t-cellol A 4o o = AEL

DIL; 14.18 activate®] EHoi7} ¢; ) cp = AEE0]

DL 1464 resultZ} %) 549l ¢ = HAFE

DIL;s 13.18 important?t 44 F2lof ¢ = BAEEO]

DLs 13.27 play2} B3t ¢ ¢ = HAEL




ZIA S g ol 73 Aol AR

Lol XU 54 Yoo ¥4I 2AL 2L
FA 22% FHoz mRET. 59 ¥4 84

3t 2L hedt ted] 2o FHEPAY AE S 4
(A1)Q] featurej(te, he)E he?} ‘t-cell®) ;2] FAlo)'o]
I te7t AEEAY W &49318ch

| if he ='activate®] -2 0] 7} ¢’
Jeature,(te,he) ={'  andte < 280}

0 otherwise

| ifhe=- cello] t,2] T4 oY
JSeature (te, he) = andte = AR

0 otherwise

. if he ='result7} t.9] F4lo]'
Jeature, (te,he) = and fe = B] A &-Z0] (11)

0 otherwise

2 =RdMe HudeEzvwd sy g0l o)z
ERFE 989 Maximum entropy modeling toolkit

[35]& o] &3kt
4. 49

4.1 dEdolet
=EdAE g BYEhior AFEAE FE37

et AostEel do] =8 228 X3 GENIA
ZHA[36]E  AHESIATE AMEE #ZHAE GENIA
corpus 2.01°19, & 6704 7] A& Xgsln Yo
Z1AEgE e 7 8o £R79 271EEE A9
Aol st ol HAELOJALAN UMLS Specialist lexicon
I UMLS Metathesaurus[37]8 AHEslon Ayt
ok bR o RE Brill BAI38]1e] WAMAIAE AMg-slgTh

AP AALA 487 «8 43¢ S
AR/ AEAXE 7 ZAEsYEe) e 4F, B
Aol e HAPL FYPsPe, £943 AP 7
€ d79e] va 28-S £ iEdTs va
AEE TH3 4% Ul Agd FAAD Re N2
A7Ec] A JH U AANE HEI AAEA &
8l7] W&olck. AR AP HAE A A (12)
Ag%E, APE, F-a& AHE339]. HEEL Fof

AfFotd st Lojztn #dy A F §& 6l&
ouistar, AEEL FAd e RE AR S
A48 AE-gojo] HlEgS Yelit F-3e Jae
APEE FHHo2 Yehils H7} 715t

ool m]o rﬁ o

g THEA ERE 49 5
AR s se goe
Ao A BEROY

T vdehd dE8ol &

Fogk= 2xJGEXANDE
FRE+ANEE (12)

8019 A5 Q4 725

93 Aol AgT AELo] dHF [5810]
4 71HE vlmsiEh 71& A7 AESo] 94 A
= &old &olfEE @3 Ao] olizt Aol
s} &9t fo] BESojnz foJE2g HFLoi9)
HHEGl2 EFse 2 =F9 /¥ AFE u
A7t oY) HmHILE 93k B =FolA AE 7]
e AL 4 AE £958E o] EEoz ¥
stk AR Vo <3 WY ATEo] <4 2
A= o 717 Z1A sl oF] AEgolz W
2 8oy oAEFY AFARE olfdd £903=
ol 5502 WL HeHris FRAY L
A AHgEhE 11Z0E HRAPSES o] &390 11
FAE HF FYEL ALl 0%, 10%, 20%, 30%,
. 90%, 100% AHY Be) FHEL A4E H, 114
Ao HEES Hsdlo L}EME} ok, 4 APE
o] AFANN w2 FHFES Y B¢ 11£°JE »ﬂﬁ
BEEl #A veldth cle £H3E 80 B2 3
ol AEE wo] EAYFE w2 11£°IE BF
AREEL D& & USE uigth B =RdME 11X
T3k7) 98k, 80 16,7309 7
2ol2 HEHE 11,320719] 8018 25 Q43

& HH A@Eo] 100%et 78t aeln AjHgo
0% AZ@AAM 100%S] FEEFS 7Mddzm 7FR 039

olg VIELE ZH??";% 0%~100% AH-& Zol T A
HolMe AFEL ANk ol A (1337 Zo] &H
et

1
11pt—avg =—x recision(recall
pt-avg=r ;p (recallyr) o

G 718 AFN FEgo] A4 BrhyHes
AMSEE A (14)9] REA 8-S (segment precision) & ©)
23l vw HrEIEH5.8,10]. 2 AYEL £93)
&0 EEA A9t oM HELol BEX
vebdth metd "Ego] el A =493
o] EZoAMe] HEEoIe} HIAEE 7He] HA

st =R AMEE & Qloh
iUl A8

'}F‘
H2W gojo 5 14

mlm i g

i==) &) =
R

4.2 ZAAI1A MEz}

421 71483 42 AE8] A2 4%

E 32 7AEEUHEA og AZL <4 A
Jetdth, EolA Baselined AMATHE o] &3l A

& &3 dAxE YehWm, NBC, DL, SVM, MEM
2 ZYZ} Naive Bayesian ¥77), ZR3EE, AAHEY)
A, HAJQEZI RIS o] &35t £ol8 0|7 BFIHA
+ W9 35E& v,



726 ARAEI=FA AZES
% 3 1A wE 48 29

Hegs A8 F-%

Baseline 95.05% 28.34% 43.66%
NBC 81.57% 87.37% 84.37%

DL 78.42% 89.67% 83.67%
SVM 85.52% 87.79% 86.64%
MEM 86.59% 90.24% 88.38%

Ag AR Baselined & A& v+ AdE
Jerdoh. ole AbdSo| 8% A vz A
=3 ot 4 e JEE
HIRE-Eole WYyt i Ao oke RE v
Atk £ =59 7He 85s B3l AbAe FAH
AFEoE BEAAAM AFoz Fohge=
L &, AAAte g motEtr] 23k dE
Aol 5AEe] e AEEols} T AES
FA6A Uehde e gosld AR E
7AEE iR A AdE

f=REbr=y

=

7

L

ZIAEEIHE A SHAME AAYE 74
HAdEZ 2dg o)&d At & %S e
5], Naive Bayesian £7F7]%} AAESL ol &3 A%
7F ¥lnd e %S yehdtl Najve Bayesian 7
719 Aol vlmd de olfE EANY 538& E
3l7] dgoz NPT ZAAEE Aeo] winy

olf= fol9] 53 EA gE3}Y
7l jEgog PN &
AR EEo| AR AHRE =ET 3L AT
£ 53L& n3A Edld 275 u2RY §
o},

422 53 g FEgo

X EAo we AEEo}

[e]

L

oo
2
o

=

L
A A5
(o]
pu- “

14 %5e e,

€8 A 3 A A 8 Z(A068)

¥ 494 OF, MF, LF, SF, DFt Ztzt 34, 3e4,
oF, 38, A 53S vehdd. dddMe s
EAHE o] &3 Aot v A BEAE o83 A8
aga BE & ol &g A9 45L& vla Hrist
Hok. shie) E4ug 0|43 A9s v AR EFE
o] &% Aol U4 A% Hrie 7 EFo) A A
B80] Aeo] rdsle ARS Hotelr] g Aojn,
RE ERL AT ALE T 277494 RE E3S
AR A9 28R SFRE A4 ATE ¥
A3 Ao|th

APATeIAN stel B o4 F-g AT
DF7} B2E &7 dBHA M =& 4% 4
Epfgich z@n shie SRS AHHS W@ g »
< 4%% Jehie A5 270 daA Jvehy
=d NBCAl 9six= LF7} DL 9sire SF7)
SVM3# MEM® &dixe MF7F 718 ¥ 4%% U
it o] 7Hx] EA& ol4% B $o= LFY DFE
AHEEA] 2o 297 HE de 4SS Jehln, MF
U SFE AMg3slA 24 A97 /M w2 A4S Jg
Uitk 283 g ERE AL A% M 22 4
g Jehid, ol F3ld oAl 71x] EAo] adHe
2 g MEL] Ago) ALSHALS ¢ 4 Ut

4.3 =9l3} Alg 2 i

B HiMEe 712 479 B =RdAM A9 sign
9] Asulng SRt vmgo] He JE d7E
Freqf8), C-valuel5], FGM[10]°lt}. & b 71& 47
ole] viunAg AFAEZ 11¥QJQE HT FIAEZ H7g
Azjo|tt

¥ 504 IDEALE o)dd AELo] A4 AAE
Ehlin] 2E AEE07 4359 £ 229 49
EA5l7] B2 100%2) 11¥AQE HF FFEL et
ok weld 11EQJE Fa3g o] 100%) 717He
2 5732 AEEo] U AAdn FAE F ok

E
=
E
=

4 54 oe 49 2%

OF MF LF SF DF NBC DL SVM MEM
v 77.36% 67.79% 79.53% 83.95%
v 77.29% 71.21% 77.90% 82.21%

v 70.60% 79.15% 81.02% 86.94%

v 74.30% 44.14% 85.44% 82.80%

v 79.06% 79.96% 86.44% 82.80%

v v v v 82.47% 84.84% 8151% 86.88%
v V v v 83.02% 85.15% 86.63% 88.64%
v v v v 79.04% 84.84% 86.34% 88.60%
v v v v 83.84% 85.10% 86.49% 88.67%
v v v v/ 82.25% 84.96% 86.62% 88.60%

v v v v v 84.34% 86.25% 86.25% 89.92%
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71€ ATEY 11XIE Fg FAFEL F 3%~T77%
Z IDEALY A%% B& AX4E Jepdth 3 &9
e o] 559 A2 BAHE 20% AHEE A
AqzA vaA g A% Uehdd, ole @& FAA
W] 2% BojE=2e] £93r|He AELoe uA
8o Ry FA7F ASS vehdoh olg) W
g2 £ =504 AR Myl 11EJE FARFSE
& o 89%~92%=2 IDEALS A%d <3 sl
& 4= Stk 71E M g 80% APE AHAANE
90%9] 717+ A5E& JYErdth ol& FI E =79
71¥o] 71& A7) B8] o 16~26%9 FeFIS
Ede & 4 9t
71E AFe B A7 Agke Zigel s s
fo] BE2A AELoje] EXE AHEY) & &
AYES o183t PlaYrts FAsAch £ 4F
+=93ld fo] B2 A4 s7x 2 A9

£ =RdAMe «93d o528 5
9] HEog FEIHAUL wetA BE 1, 2, 3, 4, 58
24zt 239) 209, 20%~40%, 40%~60%, 609 ~80%,
80% ~100%% vtebdT)-

* 62 7IE A7y 2R AEEY AAVEe] 72
AEES Yepdth AN AFHoz HE Lo 2
B 52 Z4E ARLo X H|8o] Yolge ¢ 5
It &, ¢ostd &0 529 Yo AELolY
et 2oy, Yo nAEgole BRI} Fre
AL & F o IDEAL Al&EHE +93l8 fol5=
o] A ZE AFLE YA wWE RBE 1,
2, 3dME 100%Y & BFES JEH, B& 49
M= 42%9 FEREES Jebdch d7]elA IDEAL

AlzEe BB 4o AEGol vRERol AAE
AFgoe AL ¢ & Stk
¥ 5% 62 B34 11EJUE HrAFED REAHE
E IHT WA ATE RAE ¢ 5 ATk AESO
A4 HAZE Al Hop 22 AELE JAANFS
E(RE 1,29 BEAFEC] u5548), 11X1E HFH
FEo] & Byl ol 7 AWE AHAMY HEE
T ESS Y 5 gtk wEy BE 13 20944 ¥ 7
£ AFES JeEh3, BE 504 & BE HJHES
71E A7EL Andoez e 11¥0E H
R B =R Ak 1Y
, WY F& BEAFTES e,
B poAe 22 FEAYES VErdTh EE 2R ]
A RE 50 AA IDEAL Al2HF FAH AERS]
EIXE vehdd,
AES B3] B =F9 71ye] 7|& dFo ulg)
BEREYLS ¢ F AU = 2 =59 sy o
FEdE AEE9 FHo] 43S & F AUk

548

B =fdxe g AR &l BT J1AIsE
B RS 94 ZIHE AdsATh B =§89 7
<+ ‘§o] FEF FEL AY'E T LR
A3 o] FEES YY) BAHEY €
st BAS AAJHY EAE AFHoz AstAth
93t EAe &0i9 FAH, FdaF, oFF, 7E
A, APE 534L olgsiged, A HHLE o
E% iAo A 8o B HELY
S} HAEEN T BALHEAT ANASEd 71w of
JEFHLE AT B =89 /e BAAHS

5 7€ 479 vuwdy A% NIJE HEPYE

AEE Freq C-value FGM DL SVM MEM IDEAL
0% 100% 100% 100% 100% 100% 100% 100%
20% 78.3% 75.1% 81.4% 93.6% 96.4% 94.6% 94.7% 100%
40% 75.1% 71.7% 75.7% 92.9% 92.7% 92.2% 95.2% 100%
60% 70.4% 66.4% 73.4% 92.7% 88.5% 90.9% 94.9% 100%
80% 63.8% 66.5% 70.0% 89.9% 83.3% 83.9% 93.2% 100%
100% 66.4% 66.4% 66.4% 66.5% 66.5% 67.3% 66.4% 100%

11pt-avg 74.6% 72.8% 76.8% 90.6% 88.8% 90.2% 92.3% 100%

E 6 7€ 34799 viaddds S EASE

Segment Freq C-val FGM DL SVM MEM IDEAL
1 78.75% 73.97% 79.62% 92.92% 95.38% 93.65% 95.60% 100%
2 70.31% 66.98% 70.28% 93.21% 82.66% 89.16% 94.47% 100%
3 63.39% 58.38% 68.21% 83.05% 74.58% 83.92% 87.94% 100%
4 61.93% 66.59% 61.00% 53.14% 68.27% 60.09% 46.05% 42%
5 57.60% 66.11% 52.88% 9.86% 11.06% 9.43% 8.31% 0%
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