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Abstract

2 Ao F71 h22 5] 9190 Rt A7) olol A1 ek, TAGNE AR
ARE o|§T A7} FE ol FYO, BAL AAE Ausla BEelo] T LnEE
283 A7} o] Fof R 1 Utk FTHE dlSche HEo] A AR 9 A FHEA Fo]
A 4 Qo olget RYlS Vo w oA AAE T 4 QA HAL, & o Ay olal skt
S & 4 Qe 7INte] = 4 Sk ey 71EY] AFEE TRl BA glo] e
YrE RAS Bgstol 2oh FES BRols BAE shFaisor), Bolsl mulele] utebd
g2 s 2 4 7] dlwel o Z=Hele] Ao Sl tiFe A4S ol ohaste] &
A Erlo] A-gotnzt st @5]3 Aol Aotd 4 Utk wEpA 2 Ao 8K FA
BAE vjgon B mujald] 4okt 7340 A BAT AEYele] F71e] UP, DOWN
2 J &5t BAE AN E A} gith AP EAH(Distributed Representation) 7|Wro 2 7t
4 4 (Sentiment analysis) & Shof B 7 @ A\7H5E A3e] 37} e | 5E Pt 2
718t F7F AE5ES ol & 6714 B/ eSS AFgote] £ AeS Hluda, 24t 84
WHOE AV w e BF ASe 2 4 AU AZS AN F7F o 52 2008 ~ 20099 £
=8 71 We] B3 7199 A #A1E 29 I 0= o] 73t whef A 2419 A&
718k SH, o8 A4 %7t S} BlRBS W Ft BBT BA LAY gAol vt
AL T AL BAHLE. o9} ol B o F7] Al o N of2 At
A or FofAAA AF O AFAENA AEE Algol & 4 A2 Aoz 7|[de & 3,
WA AJZESL 7|Rto & 7t of| S5 SHA| HW A4S Foll 710 S5 7t woll Hol & &
0] AAAZAA S5 AA Ao AT Aoz oAFEL. olH T B By /ML BE
stof WeE W AHAA F7hIF AL B 38 AR O FRnsight) B AL 5
e Ao At

719 E.: stock price change prediction, distributed representation, sentiment analysis, 8-K

financial reports, model-based, visualization-based
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1 Introduction

T8 woFllA o FIHE St At ok 82 AR E AA7EA] FA el AFEo] gt
7 ATl = F7F A5 fsiA AFA ARE ol&t ook R o] &3
F71e] A AAE A, vlA] A A& B AA BA AR 5] HaE AREAHE]. |
714 (Efficient Market Hypothesis)o| A= A& =
2], Fama(1968)[7]= o] 14594 = Fesitt 25t 9
HAZog o]Fo|A gh=dl, EAQ A Yro=w HA F4] 714
moving average(ARIMA)®} -2 A A E REl-S #-85lo] F£4] 714 of|=(Stock price prediction)
A7} o] FolA 2] Tt T A5 Zobe] dEFE, o5 59 4172 2% (neural network),
OJAPA A L} (decision tree), A 3EZE HWE] M Al (support vector machine) 5-& A-§35}to] F7} o=
BUEE GPHLL oIl AZSL F71 Al o] S 28 ISR
of ohFet oot mdl 9 QIF A5 o] g & o] ghx|ut,
3 =) e Z1dish7] of it 18y ol ¢S
Al wiEiof] loi A EAZE Qo] AFollA B-EEA] et wEbA dA AF-SolM=
S 5 HAE Hlo|HE E45t] F7F o5 A7t
o FgHl 2 Qltt. [10]. ElAE HolE oA UEh= 54
FARAL 5] 7 (sentiment)& WS 1AL, o] T
of oA F7F o5 Tt Yo g AR L it TRt F7} oS 459
e, o5 5% 9 2d(deep learning) 52 ©]-83 RAEL Fof thefsHA
Ao AR E= ol 7t mH|Qle] whehA thE A siAE 4= Qled,
: StsotA 2 A% @58 45l ol & ek whEbA
Sto] mElZ 55kl o] & HIF O 2 A5-& B4 5k A7t o] Fol Ao jith
]%ﬂﬂ 8-K A A& o]-&5to 54| o] F F719] UP, DOWN
S A=skaL F712 1 S (insight)& DA} ottt 8-K 5A] £45 24t
(Distributed Representation) 7|9t o 2 7+ B A (Sentiment Analy51s)% Sho] el 9 x]7]
Pk ezl Ag St At ket A B 1) £} el 5 chabel RS Bl AR
ST A R ARATAA B 7 AT Dok §1 2B migean)
ol 9 W 8T RUS o F7ho] Yake dEsle] o ulol 2kl
Baseline) © 2 AF-8-5}31, Multinomial Naive Bayes(MNB), Support Vector Machines(SVM) 2!
[16])©] NBSVM(SVM with NB feature)2 5A] EAo] 2-gsto] 1 AxS v wajH 12}
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2 Related Work

w8 Al A2 tlolEERt ofyzt 9|2 E HoJEE o]-gste] F7t oS Higt
L5 o] Fof A Al it AA| AH|AFe] A4S UE o] F= wABut ofyz A Al A o]
EefUgli SNS, B2 59| doleta) olgatel F7t ozl BaE| T QT o] GAE
tlolE o] E4 HHEo] thefstAl i 9 A8 541 QUTHIE, 12].

HAE HolEE o)gsto] 57} clSel] SEE] AT uf ket FAE dofe, )2
LA 29 Y3E, 24 BA®Eak opUg B2, SNS 5 /1Al HAE BEA71A] F7} 4
8 AL, B2 Aol ds Fde ol F AT Lee(2014)[10]= w]=2] S&P 1500 7] 4]
FA] A E 0]-85}o] Earning surprise, Recent movement, Volatility, Event category 5 71]]

| 239F 7] BA B odoj& Qg <l(Linguistics features)S A off 71 o=
2 492 F5) Gt 9lo]d 212 Bdo] £7}5}0] Random Forest(RF)
A(UP, STAY, DOWN)2 0|20]3 dlo]el 5 253 JHngqu;l
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Bollen(2011)[3]& twitter Ho]EE 27} HFH O 2 public moodE &% 3}t HA Opinion-
Finder& %3] public mood& 27] 2] 2} (positive vs. negative) 2 AL, S| 2 google-profile
of Mood states(GPOMS)E ©]-85} 67§12] 2} (calm, alert, sure, vital, kind, and happy)=
public mood& ZAJt}. o] H-E o]-85}o] Granger causality analysis@} Self-Organizing Fuzzy
Neural Network Hc}‘ﬂ* % 535l DJIAS] £7}9] UP, DOWN df|=of ARSI, 1 A3} 86.7%2]
dE A58 ds 11, Mean Average Percentage Error(MAPE)7} 6%0]4 ZHAsH=s 21H=
Uebuict.

Liu(2015)[11]+= ExFAre] A7 4] AR 554 (stock market liquidity) 2] time-series vari-
ation Ato]e] WAof tsl] A+, Granger-causes testE ol 11 FFo] FojhS HEFt
Time series regressione £l E2FALe] Ao E5| F4] AAS] AgjwF Z719} price effect 2]
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B2 289 1) H53 91x0] AL S olgstel, OJu](semantic) FHER ok} 74
ARE 240 T4 o5 Bde] 9 W AHgste] BAG. 93 AR deolHE gol A4
5= IMDB tlo]8lE olg5te] 5000749 ol AbaL FEske] A§Hek. &1 M (log-linear)
ReS 3e5lo] 7140 AL of|=5}o] LDA(Latent Dirichlet Allocation) 2t SFAME A2
Pe % UL, A HHE BEFORA Tol o] AulE 5T 4 Gk TolSEut opjet B
oA H5T TolS AT 4 Gl Bol7hA Ml Holr Bl AAtEE A S & 5
QASlTh. ke 7 AR FEWO T AP ol ol Hold FF BEIHsA o] Ak

Wang(2012)[[6]= AWHHOR GAES Bt RA] lolA Hlolx slelos Tgut

Naive Bayes(NB), Support Vector Machines(SVM)o] oj®H d|o]g Aloju} XA A= state-of-
the-art o} A350] £ UERH: A€ vion B3pe melo] G4 £ 452 ek 2ol

oPetT Zg3hct. AL83 HolEl= Hlolel 14 A] o] A5 RT-s, CR, MPQA, IMDB 5
Cler ole A FEAT, 2 B4 Aol 71 BASHHE BAR FRoted A@dL). v)@et
HFHE2E.0 220 Wol ZiErE] 11 Q1= E56H rule-based AT} -2 Tree-CRF[14], Recursive
Autoencoder (RAE) [15], RAE-pretrain[5], voting, rule 52| HrH 23} v|w Yt} 1 A1} NBOJ
Q4% ol87 SVMS| Aol dAIZ FA Hehle 248 & 4 AUk NBe| A9E dAR BA
Ao7F B2 A OIA g5l a1, SVME] B-%-olli= w4 9] Zol7t 31 ZAf tisiA 5ol Fot.

=
Socher(2013)[15:& To] Sht2 #e] Fbo] E@sH: 212 Tl Afo]<] T4

EETERES!
L @ARS 2] 916 Ho] 7h0] PAS 744 E e (treobank) S FalA Fase] AoH
HHH-& A oFITt. Recursive Neural Tensor Network(RNTN)E A|QF5lo] =2 L =0 9l thof 9]
HEE 1 ot 9] i =SS o]-&5to] Altsto] shte] tho] HlE 7t 1 dolE dEste] mddE
4 QSR ATEES ANAT. T A% s0.7%e) ARES 4S5 919lT, 5ol BHRo| 2
7R 4790 F4e o dagEel vHls) st 27 4 Aot

3 Methods

=
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Stock Price Change Prediction

Model Based Visualization Based

Sentiment Analysis
through Distributed Representation

719 1: Diagram of Stock Price Change Prediction

3.1 Distributed Representation
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The cat sit on the table

Myﬁg_sn on the board".l
Sitting on table, my ‘cat mewed at me |

dog
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predictor® FA%E AAZ3 2w ndl-S sk&A7Ith Encoders= discretest]] B ¢
tiste] 453 HE = Hekstal, o L predictorS 3] 9]0 Do]EL o =g}
F919] o] Bt vt F dol= AR H|Set A4 HEE AYZE encoder?} Sh5E A

oI5 7he] Aelsh Helgrt. o] 34e 19 Bt ol wANT
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encoder Predictor

[=Softmax e i

x ER¥HL One hot representation word vector. Input laver size equals with no. of terms

ke pi<d Encoded word vector

ERv¥ Context prediction prob. Output layer size also equals with no. of terms

19 3: Skipgram 24

uf Agotere] dold 2
olElE Tol5e] Wgto A7 ;s
S HEHE SoA B & 4 A "t o] & ol 73 Hlol"HE
dlole 2 2T 4= A ot

o] gt word2veco]| paragraph vectors(PV) ARE 18 (e} Zo

]
Tojot A MHE FAlo] sl 22 g1kl BE T 4 Qi Aol St



]_

)
o
o

—

o

1
—

o,
™, word2vec
o} upet

ol sk

)

=S
1—

]

o

[e)

w71E
a

supervised PV

L= S ==
Zd

o} gt 2 Aol

o

X,
1+2

o] £ dH= md=

1=
1—

1

+

51
A wE et ol et Zes WE A Aol A

X,
1

=

5k

@)

X,
1

Paragraph
id

)

Paragraph Matrix-----» [I;‘:I
e

2 BdH= Zo] 89 5H= BeE A

Average/Concatenate

Classifier

Z1¥] 4: Distributed model using paragraph vectors

134 word2veco| Lt PVE] 799
“good” 3} “bad’ 7} 2|7} Hlo] e T74Fe] 2 ol Yok e
supervised PV tho] 9}

ofm|o} 72 ez}l

=
>

o ok N ) uk mH TR of g <] =L W T
FRsioRRIC o fPEf
X = . = —
XL P ALy g ® s By
R A - iy g
K W o
A A i S S Sl T B
LR Py B X 5> M T A
IR L o = N w A
Wuﬂwq@ﬂL it L_L,w./_ © __oa,.DLL.E ol o T
r P X a2
I TR B I
,D.l 7,_|_,_AI7A ,._,.NOD._ E._o__u 0| ﬂﬁn_lﬂ N W DE
o TS om e R Mo
x ﬁnflwoumﬂ%ﬂl%]a/a ﬂqmﬂrq_m,_an
— £l
ol B W_mm %E > ~ ED o <k ol dUIM _W_ o B B
70 E,ﬂlo_acfﬂ#mﬂ@ﬁ o ® 7o
p  B3zEEiioe miiiRT
Gl EreRe R e TwiPlgs
N Noar g g T g i~ Ho & O
W yA,mlu_ﬂ_Al_z_._-o,uDlz_l iy o ~olﬂ._.‘_q‘wll,__._%L o
K Prgawlsg Toaol® o
mv mmw%imwmaﬂm%ﬂrﬂ ﬂm_n_ﬁweidﬂ
N 3

o U Ex o Hmer WE oz T 7
- pd gl b aew Tlzw®z
(ary! . f — ~|—|
i T o ow __ﬁ}owaf M_%%mﬂe_eﬂ

. SR zoEiR o23iif
X ﬂLﬂW_/MMMzTTJoEEa ﬂﬂwﬁlqmﬂ
il _%q__WAT oo MO o ogmm__m R E o

7o o e
e oy e PEEL o Ho g o 1_mr_ =
O W N N D T T MR
T ERESL 7% FIiTsic
b 2 = < T oo U T o P %
+ 1 o X = " _ il
DE © WI R_u 1EM ¥ z_._| __oo 7o) AJ % el E_e . ~_%. mﬁ N
T o2 yyrriofon CE T e
oo 2 X o| o e_a%zt ol 2 - o o
o 5 TR AN K DT g

0 o = = 5 ~ o o W o o
I B T T w0 A S oo & uln
®oow S o e R ot = T
o ) oo, | AT S vl B R O M w

TRl

T

=

o] 4

=

[€)

o] % china, korea, sinking



b’ )
\ X a
\ R
\ $ -~ Y v Y
X\ -7 e X 5 ‘4 2
4 - a . = ° a'
X. '/, \ 'x., L] *
S | Y Ys Y
- -~ . ] - 1
~ » \
X, A\
.z H d
a9 5 FAE 24
classes+words+docs
1.0F
sinking
0.5F
0.0 -1 . 25(53@’& Patee ot \AAeaEat)
C-8K-2
0.5r duina korea
10
-2 -1 0 1 2

olg} Zo] gol, B4, 2~ ARE shte] F3bo] Yehfo] EA7}
9l9) B2 o A\7skste] BEY Aol

HeRtE A4S 9 % 9

ol e Heti=A]

e S

3.3 Model Based Prediction

H

g 7Ee] 7t dlS5S ASiAM o UHES ARt dSES wolAt . A2 HAE
T 2ACIA gol AMEEAL e gL

T = !
Aol A ‘”WJ sev =0 gk B4, FYI#E o]-8ske] w4 (parsing)t Tl
o e

12 Wse Agelel Bi wel] At ojn) Agel BB REle TRl AUt 57}
w2 22X 2 wﬂtﬂ(m) B2 % %S A0 Qe RF RUS 5o 7710 3PS o
=510 o] & H|o|A el o g Abggitt. ESF Multinomial Naive Bayes(MNB), Support Vector

Machines(SVM) % Wang(2012)[16]2] NBSVM(SVM with NB feature)—o— TA BAo A-L35}
3, vpxato 2 BIREAA AN 24 Mou uF A%7h4 1 A9ES BadR T ek 7
duelzel A e -~ THAGIA O Aol

3.3.1 Random Forest

=

Fi 942 (ensemble) W9 & shtes, o3 /o] AR YRS GAEso] shto] B
2 wet wyolth sty HlolE A wiyii = ..., N9 Zo] FAHL, of Holy AL
gale] Brje] E2E WET olu] 7 ¥t F2 FZ(replacement)E 7H551) she] B
random sample seto] a4 B7o] B8 wEr. Sgo] T Fof, BE AR YR A 11e
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o off Wol AMEEE= 37 RF o 2 22 AH T (logistic function)

s B
S Eo) WA BES 5T 5 AUt 3, ol Alo] MRS A dlEshs Zo] ohel, 4
WA 88 o] Z5h mHlo]th(Cox, 1958). X=xA Y=0, Y=1% 85| H]&4] Odds ratio®]
2 3 AY 39 Yo g oS5k, ol 4 (1)t 2t
yi = log (1 fip ) Bo + Bray + Pamz + ... + Bnin + €4, € ~ 1dN(0,07) (1)
9ol M-S pioll B Aog Yetlo] o]F =X AF eheetal gold 4 UL, A (2)7F
2ol thehd 4 glt

exp(Bo + Pr1 + Pota + ... + Bntn)

p=PY =1lz) = o : 2)
1+ exp(ﬁo + Bix1 + foxs + ... + ,ann)

9ol &HE 2 0 ~ 19] gt2 Z=Hl, 7I1E8 (criteria) o AsIal p > oW S 1, p<a
o SFdL 0= Rt LR Akt v-go] Ail, s 7F 4al, ofd W7t G Bol
T o At sfjAo] 4% Aol AR, LAY BFS 7L o] AT A U2
% 9l Bxlo] gt
3.3.3 Multinomial Naive Bayes
MNB dlo]E|7} F0i218 1) 7 ¥i4-So] Exlolebs Agaiold of@ Ze) Ao &3 5L 1t
Btil= 207 g2 o] 83 &7 Zdolth n7fjo] H4r g Hole 7t L, K9] 227t
oAt e W, FeA ko] £ 2% 85 AT 2ol e 5 9lnt.

p(Cr)p(z|C)

p(Cklx1, 22, ...y ) = p(Cilz) = o

o] o4 BEmi AR HolHoH 2Eehe gtolng ZeAd BAY tE, B

—
FES o]gote] g BdS THE 4 gLy, 7t fiEo] F]o]7] wfie] 1 Fef= Aot 2ol
[l

P(Cr, 21, T2, oy ) = P(Ck)p(21|Ck)p(22|Cy.) ... (20| Cr) = p(Ci )L p(4|C) (4)



o 51, A9 Bl HAT 4 515

§ = argmazien,gyp(CRTTp(wi|Cy) (5)

MNBE RE 50| SRolzhe /4€ ALgal7] tho] dlofe) Aol wet s Aag
W W] AIE, of FES ngoR Seao) BEES 174U BER 2HT & A Hol
gole] Alo] A4 AL v-go] A3, mue] sbge] e AgelE BFokT BF o] Frhs

el A

3.3.4 Support Vector Machine

SVM=2 Holel & ¥lE2 ZAsto] Mg FIbofl Yehial, o] Wy 332 sholn E2 9l (hyper-
plane) 71702 BESHE W2 weky, stolx] Eejale A [§)3 2ol EAHC
wlz +b=0 (6)

Vg APk 9 wsel Aolel e
A2 22 2] A A (optimal boundary)
A I E HE (support vectors)2til gt

o] AZE WEL} cloln E)|Ql Aol AL E 1/wE YEhd 4 331, 2/wE vhXl(margin)
A

olety B2, vba g Hrjstetis stold Ee91e S HAst BAS A (1) Zo] AT 5
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AT

min wlw

v (7)
subject to  y;(wlx; +b) > 1

SVME 22291 9182 A2atehs P SolA oHn Yt hon 945 whl B e pE
% qlehe Aol glek. deiut dlolel 7t AX W B 54 ul-go] XA B Bgo] et

3.3.5 SVM with NB features -NBSVM

NBSVME SVMi} 2 malg ALgot o, 42 4ol Fej2 wasto] AL WA o, = rof
E AFESHEY], 9714 12 271 7H-E H|-E(log count ratio)E Jn|stal 1 Al oyt .

p/lpll
<q/!lq|h> ®

Ae] AofA p = a+ Ziy=1fi, 4 = a+ Ziy,——1[i°] 1, o= smoothing parametero|t}. E3
interpolation parameter(3)E ©]-8&% w'E Tha A3 Zo] Al4tsto] Relof AG-3YTh

~—

= (1 =p)w+ pw (

NeJ
~

>
filo

1714 @ wo] B 27](magnitude)o] L, @ = [Jwl|1/|V|2 A4t5te] 78 4= 9t 910 =
ol-gote] SVMS ALgol7] 59 &re|ze] o] Ak 2 gl

4 Experiments and results

4.1 Data descriptions

B AE Hlo|E]E g Aol 28617 Qal nl S&P o] ZA] Ho]ElQl 8-K financial reportd &
ol gste] 77} o] ZS 51304} Bk ol id, A%, FRF HAUA o[ ¥IE (bankrupteies, lay-
offs, the election of a director, a change in credit, etc), 3A] A& 5O o]Fojx It} Hlo|g 9]
T4 71742 2002 ~ 2012 0], 47]2] 7)o gt F-A] Ho]E % AL 4718] 719 S AE=

3 [l Aok

4

o] B0 th5t ¥ F4] 7122 Yahoo! Financd oA gHstal, o] 7| A AL vl
°2 &9 ¥4 A2 Aot F7ke] ALY fH] F7Kclose price) & T 7e] Z4(UP, DOWN)=
Uetio] £ W42 A8 o] o, /8 FEo] F7he] MEol A S&P 500 X|4:2] W2 WA

Z2o] A tH] 3% AL T, S&P 500 2|57 ALY ojE] 1.5%
& 1.5%°]7 . o] vpgFo g HH3d Wxo] 1%Hct 29
ow DOWN' e 2 theholet.

"http://nlp.stanford.edu/~sidaw/home/
http://finance.yahoo.com/
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I 1: Company lists

Ticker Symbol Company Name # Doc
C Citigroup Inc 513
WEFC Wells Fargo & Co 427
GS Goldman Sachs Group Inc 257
JPM JP Morgan Chase & Co 835
# Total Doc 2,032

7t A9 BAe FRoto] 2} Btk B4 Aol F7ket B4 F9 F71E olgato] & A
2

7]
(labeling)& St 21 A3 UP, DOWN©] sigst= 2742 &

22z 2 H 2Pl &t
LEraL, o] % Hofl A= UP positive, DOWN2 negative2 # 5] AHg-SHES St

E 2: The number of sentences

positive | negative

# of sentences | 25,476,446 | 27,114,006

4.2 Experiments settings

o] A ML AgIHE HAE HolEt e AXelt Basit Dot Bk A S o)
or 11 7Vst stopwordsE A ASHY, TheFst £24HE ‘qum’ 0.2 HFRELE S 7Sl A A 2 uke &6

Aol AR ERF 71E =8 A¥et Hlashy] sl 71E =2l gt mEtnEE ddlz
o]

E 3: Parameters
Mehtods SVM NBSVM
Parameters | C C « 15}
Value 0.1 1 1 0.25

C%: training error?} flatness Ato] 9] tradeoffE 2 % 5}+= ot2tn]Ejo|H, at= NBSVMOo]| A A&
%] smoothing parameter©] 1, = NBSVM2] interpolation parameter& 2]u|stct. EoF A 5-S
71517 YA 10-fold cross-validation2 AHE-SHTE.

4.3 Prediction of price percent change after 8-K report announcement

Y3t dlolE 7t Ao w2k SVME ok

AL 3 A F7] WEHE Arnt AEe
o] B MNBE olgdte] Aok 710 WEAL Aun

AZto] @3 H2A, Bl A shg AlZFo
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ottt o714 MNBZE A2SF o] ©ho] = unigram, bigram © 2 = 7}x] 2y o 2 npAlgich ZA|7}
TV A 1~ 5Y o] F719] UP, DOWN-S 717} of| &35t Axbr} & [} Zet.

X 4: Prediction accuracy according to # days

1 day | 2 days | 3 days | 4 days | 5 days
MNB-Uni | 60.95 | 59.11 58.62 59.41 58.97
MNB-Bi 62.63 | 58.57 60.39 62.43 61.84

mo] Ao} go] FAVL ET I b Fohe] WFo] vlma g 5
shel § % U9k 2k ofuieh unigram BT} bigrame] o] € $& AL sheld % 9lgich of
A2 o R FAFED k(1 day) 9] F7be] Ml 7P S gl Frk AHet,

o
1 day] HisfA E& dale]ge 485t I 42 eI, 1 Avhs B 5RF £

3 5: Prediction accuracy

Methods Accuracy
Unigram(LR) 54.65
Unigram(RF) 59.21
MNB-Uni 62.33
MNB-Bi 64.91
SVM-Uni 63.41
SVM-Bi 63.80
NBSVM-Uni 62.87
NBSVM-Bi 65.67
Distributed Representation 68.54

Unigram© 2 term features 1|2 AFES 3¢ LRE RFQ] Ao X 27 Yehvt+= A
2 &9l & 4 it TS MNBXHtH= SVMO] AL0] o £31, NB featured SVMo]| Y-& ®HH o]
A5o] Zo}. T [do} npt71 A 2 unigram E ok bigram o] A50] B 4| L}E}Url:]- HAA A o7
Aol M = 2 Distributed Representation B2 ARgoto] Tolo] 37
iz BV v o e =2 7 o7 SFol T}, Hul ofy g} Distributed RepresentahonJ
computation A1V 9.9 ol dlole] 2717k A Heks £ AL BE Azt 92 2 9)
Aoz Az,

O ot Kl
Mo -Jo &
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4.4 Sentiment of 8-K report announcement and visualization of stock price

F¢ NS O THQlat 2 2t B4 SgPAolx] 9, 1G] A H o7 F4] 740
P& vt ol2et B4 vt e SA19 A2 AR AL, o] AT 4] 7HA 9] At
g& AmHEgkth 47]9] 719 Foll WFCell tiafiAl F-891717F AAE 2008 ~ 20091 9] 213 7t
Z4) 744 Azske 2t 13 Bt 2ok

2008.01 -
° A
o 200804 / 2008.11
e ® .
2007.12 \ / | / ®.
3 | /4 201001
2008.06 | 2009.07
)y
o 2009.02

(oo - o oo o 2o o Xo R o R oo go Lo R o Fo XoRo o R oo R o Ro Ll
13 8: Stock price of WFC

9] T E B 2008E Axof F717F shebstrtrt 2008 SO ThA] T @ 27
A1ZF5Y AT, 2008 09€-S 71 o2 H AAAER F-89171¢ @A WFC] 7171 2] spediet. 11
T 20099 A F7H7Y Bl EAIE B, 2009 SHEEY] o] F 2 JPYAIE 22 FEHIE F7F 550
o|ojHrt. o] 7|7t Bt FAIO AAE AlAE AL, FA N0 FAR 284 FojA AZRLE

SR, 19 [ 9 [oet 2t
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Year: 2008, Month: 01 - 02
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Year: 2009, Month: 01 - 02
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B2l A A AAY §19] T LA xFof Y ‘o1, ‘el 2 FeA HRE

ZAO R ‘c-1"2 negative 2 A0, ‘c1’-& positive S| Ao |t} oA o 2 T A|H ‘trnWFC-8K-
XXXXXE 7 717 E9re] B4 £49] 24& EART. vhso2 Xk 2 717 Fo W
SA 2AE0 Bt e Aol AT Aoltt. [Figure 2]°] 7} S5} H|5:51HA] 20081 AJHE
719l /g0l negativesttt7} 05 ~ 0682 7|5 2 & positivedt FA17F o] 2 g2 Hehd
218 9l o 4 oIk Bk obje} 099 ol F R BT negativedt BAIS0] Bo] WL
20099 &= A7 ol e A F-5-9171 9] FF ez Qs FAI7) negativedt FE = e} SHHEZ| 7}
SJ5A) positivedt 5E2 olo] A AR Fels ekl AL skl o 4 9l

4.5 Visualization: sentiment of 8-K report announcement of each company

HAE ol A= shto] 7]9dell thefiA 717 s 2] Wske Amuclar, olH HoAs 7gEs
A FAOl Hiet A4S Al sfESkA, I At O “ot.
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713 11: Total Sentiment of Each Company
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19 12: Stock Price of Citigroup Inc.

19 [12]} Fo] 719] C= 2008 ~ 20098 =8 $17] | 71 A &2 o= Hefsto] AAY7HA] F7}

So] SlEE|x] o G Ao Sl r

lok

5 Conclusion

2 A AL 029 470 7] Qo] Tt A A HlolHE o] §ste] F7} WS o= s Bttt
AgE A ASEL A £A Y BAE BlolHE o] 831, EHlo] FAT a7je] 7gle] F7b
HI9ES UP, DOWNOZ 5 H9] Sd2 Bi BAR sho] sjdsl moleh £ dpel i o
BYE 79o 2 £74E o Seh wdl |uhe] F7h ek oS W A28t J|uto 2 S g
fZot HEOR T kA FE Ee Axdch B J]e] 3o} 22 5] 918) Ae e B
ATEEL 1 7 EH O R BAES unigram© 2 Hol2 npslo] LR, RF Relo] g2 W42
AFgstel el ZnuE BEHUT, BAE B A Wo|x eel o Fha Bl AHEElE MNB, SVM,
NBSVM 2322 Zo] thshH unigram, bigram 742 0.2 1o W42 Helste] o5 mdlo]
FGYT Aoz BAF BA RS olgete] /1o WS oS augrth 1 A B
BA RS O 290 s JSEE A 3, sHashed] A7kl Zbg A dels AL
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