2020 2ziel EAlst s iz =2 M272 M|[15 (2020, 5)

e n AP SVME o] 83
S A AAA A A% BR

ZeH], oW, HAE F5A

“wrlvistal A e B ey

“rhau] AR 7o 4=

daanv319@kookmin.ac.kr, hyunyoung2@kookmin.ac.kr,
hoonzinope@dahami.com, sskang@kookmin.ac.kr

Automatic Bias Classification of Political News Articles
by using Morpheme Embedding and SVM

Dan-Bi Cho*, Hyun-Young Lee", Ji-Hoon Park™, Seung-Shik Kang”
“Dept. of Computer Science, Kookmin University
“Dahami Communications Co.

a o}
9o %S ol 8@ AN 4 APY BRE 9Aste] AR 2 NS FUSL, Y A 9
dolelg TESA S dolEe FHES wF AP Au S HEE 67) ABKY oA 4R A
RS oA B HolEZ THEAUL. 2 Ak £ BHOR A oliE FlA AAA 4FH WA
A BRio] e AN 1S ARSI ool B Frx ANES FHAUT. 1 AN 11580009 s @
49 doltls Tasitlon Aad HEy LRE AR v 2dE @A, e s o

% 2 432 A YUk 99l guge

N 2u= 1;;
Vector Machine)& ©l8-3te] A4 AFY &7 *a‘fé% TR A3z 75%9

O
o
lﬂo
Jl
Md
o

=
1A Wi or Sgstlon, SVM(Support
%

1. M2 gharol = ol dr Tt FEjA The] E&o] T o
98 T84S 24 =2 A f8 2HZES A ouE 28 & Jdoh[b] # =iddA s XA

EZ g8 xdete WEHE FAdstE Ve AR Akl AP &7 APAdA Feh @9 ESs)

b FololM s B ouE xdst= HA o £ ol &gt ghaio] Y WHES Attt

AR "ol e EZo duwidrh[12] 53,

HAle Y RdoAs ESS AS54Q0 WE It 2. 3X[x HEYgMo 7 ZE

Aoz B ¢jEglon ARt [34] skip~gramD-2 o4 ©9 EITS ARSI T4
ool AWy WS TF-IDE9F #Zo] wo] 2Zo] o] WHERY FH dolgE o3t WA o=

A Edete NEFE 7We R dudsts By AEZQ My Fko] ZAZbe] YA Ql dolEs W

I FH G2 5FYH dolE o Fete] WEHE 4 HE ZdSTh[3] ol dojEntrt 512l Wy

stie s St oS 7|Whe] Hd W o ® ol S @9str] wiEel ofd R dHSH HRE

t}.[6] o & 7] qko] SRR VMo R F3tshA] ZstEE ofdE FAste A de E

Mikolov(2013)7} #¢ket CBOW(Continuous Bag Of 25 d9 ¥WHE FAst e FHA ddS Aks

Words)¢t  skip-gram®  word2vec®}  GloVe, =

FastText s©°] Auvh[34,7] tHF-i2] Aol o]} A A AWM ge skip-gramS A3 wdw 7+

g o F 7Nk dugo] B =2 AeS YE Zko] o]zt ofdo] ofd FEjA w9 EFOR

Ao dejx dom([8], Kim(2014)% Santos(2014) dEET v stael s FEHAE £47]2

= old v EF£9 do] duygdoR skip-gram<

Abgate]l AdS Wdeklvh[1,2] 1) gensime ©]€39 window size 5 min-count I,
F o]l ojo o a ool o] oA negative sampling 5, ns_exponent 0.752] skip-gram o &

o Pejage 2Fon olgolr) ol PN T 0 gl A g 7y

(https://radimrehurek.com/gensim/)

- 451 -



2020 22|l EAlsteLEN 3| ==F M272 H[12 (2020, 5)

Okt® wAstd [, =, “grar’, ‘o, ‘Zkhlel 4
Bl Edo] AAdHy, ot dEn dude] d
A a9 19 2

m(t-2)

mit-1)

mit+1)

mit+2)

Input layer  hidden layer output layer

(29 1) skip-gram< ©] &3 FeH A o

st dolgH ME TA%E EE {ml, m2, m

3,-mThel thate] F4l ©@o] co] WMHE Ve, %
T A7) &3t T o] so WEHE Vsetal @
H, 4 o] EF mcst FW o] EF msé| &
4 #E #2 softmax g E ARMEW (D)3 ol
AolEtt ol B4 3 ()5 AMNET W TF
olf o AV|vkE Al Bl Eo] AR ¥ TE Wilo] &
Ak, &40 AME Hd FES FAHLER
AlFSHE negative sampling 71H o] HAgFE A}
&3k ATh[9]
PlmJm,) = M 0
Y explo,v,)
m=1

A AP ekl AaiMe A4 HEHE
Tt o stk FElA dudS FE A+
A dHa EEEY IHE (vl v2, .., vl
8w, 4 WE VE average(vl, v2, ..., vn) %
o] B WEES Hyow AT olAH IFH
A dHMEEs Ed 24 WHE A Rde 1
g 29} #Zo] dAsAth

g 9 HolHE 714 e

A ggel A MEEd $F

2) https://konlpy-ko.readthedocs.io/ko/v0.4.3/
3) SVM= Cornell dsto]A] F+d3d SVM-Light 2d-&
AR&3 AT} (http//svmlight.joachims.org/)

:]1’
kol &3t 714 WME Y scorer= 0X2th 2
Aok SVMe] ®7F 2d& HAsetr] 9l
+ hinge loss& AF&3F9ow, (3)7}

I 1
ok SVME o3t &4 3k Haslhe)

N

o

0 ifs, =s;+1

; o — 1 ;
=y 5578, 1 otherwise

(3)
= Z max (0, s;—s, +1)

]

<

i

3. g A "It
3.1 Hlole 7%

4AH P APPSR

2 RRa] As GAA
e Gehlls 7958 gz R /AE 2
£ystel volHE FHdth BE AP An
g dEats 6/ ARAS FradA AAH A4

A=2 F& A = o FE3A Y
719Es AE, A, Fo dols JFor F53
dom % 1579 719EE 7)Fo =2 3to] 11,5847
o] 7Ixke et AR A ALA dd" 7)€

=N el R
1570= &3 2

—_
-
o,
ol
o
32
o
2
-
ox
=
N
o
iy

4) https://namu.wiki/w/%F:20193 %20AF

- 452 -



2020 2ziel EAlst s iz =2 M272 M|[15 (2020, 5)

<E 1> AAA AP A4 B33t o 5 <E 2> Bl ¥ FH AAD B2 4
B AR Train(9,267) | Test(2,317)
1A 5,792 5,792 Hannanum 201,139 79,450
=3 F 122,544 163,264 Komoran 62,181 35,325
o4 2,082,330 2,748,160 Okt 114,594 57,998
<E 3> SVME o83 AAA AFAH 7 Ad=(%)
Hannanum Komoran Okt
100 200 300 100 200 300 100 200 300
100 69.23 69.57 71.21 72.59 72.42 72.64 71.69 72.42 72.81
200 70.18 69.36 69.83 73.93 74.28 74.71 73.72 72.77 73.41
300 65.69 71.86 68.80 73.24 74.06 74.75 74.54 75.27 7458
400 70.69 71.56 67.33 75.18 75.31 75.44 73.50 75.70 72.90
500 73.72 66.98 74.02 75.49 75.49 74.41 74.94 75.57 75.31
- AE: T, olyu, £IY, EFE X S H9 o, Hannanum® dse°] 7H¢ vA e
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