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This paper presents a methodology for predicting the KOSPI index using a news data-based sentiment analysis
model and a deep learning-based time series prediction model. The closing price of the KOSPI index was used
as a target variable, and macroeconomic indicators such as the gold price and market sentiment indicators such
as sentiment scores were used as independent variables. We collected and preprocessed the KOSPI-related news
data and used them in calculating the sentiment score by using the title or the summarized article. Subsequently,
the KLUE-BERT model-based sentiment score by date and the KoFinBERT model-based sentiment score by
date were extracted. LSTM, GRU, CNN-LSTM, and CNN-GRU were used as time series prediction models. As
a result of conducting an experiment by combination of variables and models, the best performance was
achieved when KLUE-BERT is applied on the summarized article and the CNN-GRU model were used.
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LA & A G Frto FFE FA Aot 2 71EY FUH A S
Hd dFES FE VISR AR 7 Y ES a9kt
COVID-19 717t AAA HHAA F24 A Aol AA  (Agrawal et al, 2019). 71 &3 B4 2 347 F7} o]HE &8
A HJAL FAAE0] b FUHEA F4 Aol g & g4 wgo] F71E o Zate FHECR B3 FAE Hol
Aol AA L itk W& FAZE A BHAAL e FA A & 22 Exsts 2" HE E2(Momentum Factor), A
Z ol A 01'75 A Fd &S A7) HalMe FA NG AN 7t 22 EAetE 87 e FAF(Value Factor) 5°] 9lth
l 55 Botete Alo] TRt &, A28 A4 AWtd 72 o2 PHEL BAE 4 AZY WEAS & Aga)
AFAE ASE U FA 2 2& 2 F U Aol A B3t F7} o 29| @47} YTHKang, 2022).
o} &2 A& 714 (Efficient Market Hypothesis)©] & 4] A] o= AFE A4 AdolE AYste AdFA S /e
Fo 74Aol 48 W), Ao EAste LE BAEE ofwl W o] A3 A SNS, F2, Emﬁ 5 HY2E 243 A€ o
E3A Yok o] Eo|Th(Fama, 1965). &, F7F Yoll= $&, 27} &wreiA AAH T YTh(White, 1988; Schumacher and
oo 22 BA Ax, AY G B D ol T 7198 A Chen, 2009; Han, 2021). 7143 BE Y F25 £33 T o)
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21 $AA 2dS FLF IS A

F7hdlolel = AAE dolHeks Aol 2gtste] A=
AAE 5 FHES &8ate] F71 J5E st A0
TR AT 53], AAE vlolE oA dA Aei7t A9
Fejel o &gtk 7Hste NAEE dSste 273 A%
7 (Autoregressive Process)oll Al A E WHESS Wol &
AT XA 02 217] 3] F(Auto-Regressive, AR model), ©]
FH(Moving Average, MA), #7137 ] &% T (Auto-Re-
gressive Moving Average, ARMA), #7132 o] &+
(Auto-Regressive Integrated Moving Average, ARIMA) E2¢]
EA T ARED & @A AH 9 & F& S, A A Y
et =Y W dAstd S MFY APxFor 5

Gy AAL el S RS LY I2T 255 241

W49 ghe o =3 2o th(Yule, 1927). MAR 2 &4
AN e T4 g, A4 A B4 3 (white noise,

F)N)ES SHHTE A, sYr Y =
& WY ghe d3ste Rdoth ARMA 232
MARD A AL 58 AFES BT E835he
B AA L wlelE 7k Azt AR
/¢4 (stationary) & 7} StEZ o
A HolEdl= A&atr] oo AL AR, o2
A E s ARIMA R D v A 44 (nonstationary) Al A G
dolHE A44e U= tolHE WEd H, ARMA %
HES 283 wdo|th(Box et al., 2015).

Ao ANAE Holg 3% BdS &3t F7HAF, 59
Y #E dEstee ddFd d77F FHH AT ASEAN-S
AN oS dEd AT s ARED T Bl 2 Y 2 7]
A A oFE =&l Smooth Transition Auto-Regressive(STAR)
PHES g8t o] FERHPAA(Random Walk
Process)? £4¢] YEtUA ¢b 55 B THLiew ef al., 2003).
71&H BA o] AAE o] & A HIHE ATollA = MA
RAS &8st A7tEE FILAF ghe dSete A&
Z Y3 H THWong et al., 2003). 7+ A7} ofd | F59
F7HE &3 AT E FAHA =, of dFAAE ARIMA
S F8ato] AT FAA A EA8HE 5671 S5 F7}
g 933t 2 A5 YEES £218 At (Mondal et al.,

2014). T, ol sk 2L FAH 2 7)o Y EL vl
4R, 314 59 54 dehitE 7byol B4
2, A HolBsks B4 %t B gtk B3, £ U4
S9 HY 202 T4 WFES 23] o] md
MY 2D TE8] o Frhe BAHO 24T,

AAE dlol8 o] F7Hd T2 2 Y Fol EAshs 3 4
B E &-&3th(Elman, 1990). LSTM(Long-Short Ter
S RNNS & /2 AF2 HolHE Agsty B2
(Long-Term Dependencies)S E3Z 02 858 4 glom,
memory cell, input gate, forget gate, output gate = 744 5 o] T},
LSTM -2 memory cell-& 53l A 2+ A|ZE QA | A - FEf & F
AT PR ARE FATFO2R 7] A EN EAES A A
CHHochreiter and Schmidhuber, 1997). GRU(Gated Recurrent
Unit)= RNNY 3 572 update gate$} reset gateZ T4 H T},
LSTMET B} ZHe3h 728 7hA) 3 gl o.m, A4k v g-o] 27
EA T H ¢ 5 S Boly E314 0 2 A5 th(Chung et al.,
2014). LSTM 7|¥kS] A A D o & B & S5 8 o 4 & A4t

SAGT Ao T

B
o =
=
=2

< 43 3}= Z(convolution layer)
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Figure 1. The Architecture of CNN+LSTM & CNN+GRU (Hwang and Shin, 2020)

LSTMES Z83 & rt = aﬂ—’;‘— %7}
U $ktH(Hwang and Shin, 2020). LSTM
A AN 2A Y EA & A8k Tl 013%%
o olH & Y] A fé}*“ A E
WS F5T F AT o5 F
Ao A AL dlolE o ZFH FFo
A mdg st S8 Al7zll°ﬂ o=
ANEG AT E g Held ZES 4834 IBMY
2 7hA WA A HE & Zroh & A AT
L E"Z* A TV did $AE
1988). T3+ F7} o] 2 R 2 M LSTMS 2 £ 1
< 93 aHsfoF & thekdt stejrg A WJr e
AAd 23 PHE AGSE dFdMe F
LSTM A& A H ¢ male & *E%ZM FE = A ¢s}
% THJung and Kim, 2020). CNN 7|9+ 2 Q35 &-&3) A
at7] 93 EA &

e

=l
180 =

F[l‘

Itho

223 o

F7HE 45

7}01-9\‘?\13}(Hosemzade and Haratlzadeh 2019). o1& ?l' Ho“?ﬂ‘ 2E
o )= %_74];(4 Ulij:]g 3 a3 UE]]E_T;]. 51_75:} S Hu
b 3, RS 8] g Mo Ad e R %4‘15‘}

ol

2 T »-1

o= A3l 9 SLEM F7HASA NG FoARE ] ¥hE
< A8 aetA st A F7} EolH 8t
A7} EA T

2377 B4 28 B4R 2 AT

AT 7)€ Al w2, SNS, 1% B e} e
ZE HolE 7] AR TE FRAM F7H A5 AT &
Lt A=t solua §lom 719 F7ke 4 7 AFTE
o FHBATE U5 & 4 ATh(Schumacher and Chen, 2009).
AN EQ S 1E @ w2 olH 9 7 BA& o] &3 H Y
18 TS 20 ASe Drep A AL 271 2
F7F A S P A= 5k°ﬂEHSH vl g #A S 2le st
HTHKang et al.,, 2022). Bl 2Eo| tis| A ZAHHFE UHsz‘sH?F
ARBEA ndo)= AAH S 2 <l BERT, 2§ corpus &

AN of

rlr b

o

3} AbAet<s 249l FinBERT, FinBERT Y] gh=o] A 24l
KoFinBERT7} A3t} KLUE-BERTE ) &3¢ d+=o] &

SAE 3 9 AA L3 & Pre-Trained® $=7o] BERT =@
o[ ThPark ef al, 2021). ST BT BEA 4TIM B4,
6.5B token & & TAF ] 31, 52 o A Fine- Tunlng~ Zl
Pt} o] & FE3toq T2 FHE E} l"@r‘TEr, =7 /‘}

Aol 32, WA A4, A F
T OYE AU 53@7‘»1"“47 Xﬁﬁ%"ﬁ
A& 19 %= 845 Bl ©] B £ Fine-Tuning &
o}, FinBERT+ Pre-Training®l BERT OJC%E'_E*‘ o & =% &
8} 25X Z Futrhter Pre-Training< 8 3 R 2 5§ T
o 4] NLP #¥ taskE 48 3+Th(Araci, 2019). KoFinBERT+
FinBERT 22| 7'd& &0 taske] 283 & ot
KoFinBERT+ Pre-Training® Ao 2d S &34 ¢ =1
ol ZHAEF taskol Fine-Tuning® X2 o|Tth(Cho, 2023).
KoFinBERT+= KoBERT @& AHg-ato] A7 37 #& A&
7179 ZARA AEEE H2ES AFE /N E
(Hyeon et al., 2022). KoFinBERTE A E#H¥ ko-sober-
ta-multitask(Gan, 2022) E_t“i AE S NP & 3)A AT
#d 714k g 58 Aevtee] sAFAIFTEe AR
Zhd g g v o] HAl & 7]‘?_}2§BERT7]‘?} AR EFE T3
€ Bdoltt «®A 7} SUketa dth ek o] 9

%HQAQHiTﬁﬂéﬂ%ﬁQWEAQ%ﬂi

New York Times®| YA ZAAHSE E%‘S}_ﬂ LSTMEE
NAYE dEe TP A7 Aot silg o
A A4E 2235910 3 g2 ucéy_q.
o] A3}E B th(Shayan, 2022).

3.97 %

B g A dolH F71 3 ANBA A & dlolE o
B4 HolE Rl 12 HolE S 28dta Hefd B 7]k 3
239 A5 6% mdg T L ATA Agkehe 37}
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AF o2 mdo] g HA A F2EE <Figure 2> 2oh. 31 w2 HO|H A A+ =E
WA, QA 12 dol B SUskel WAe B 2% HHg e oo
2 LI A

4% 5, 0|2 74 B4 590l KLUE-BERT, KoFingERTo] (1) 772 & 887 5 A2 (Summarization & Preprocessing)
QJelste] o) 74 A2 s wa AR AN A PORORO(Pl‘atforfn Of neuRal mOdels _for natuRal language

- ~ ~ rOcessin )E %B.g]_o:] =R q] Q0 6]- ;é} o 2= = N o}“
AR} 223 A5 AH Y HolEE £ o & AAy P ghe = ot T e
3 7‘%;}%% /\]_%a_q_ :L\j/]:ﬂ % = 7]]/] = X‘]E] 7{4.2 /\]74] Jq'zé% —”F“Jﬂ?}ﬂr. 5H% ?/}OIEF%E]—E KaKaoBrainoﬂﬁ 7H‘Q'§l’
o golE o= melo] I Qe o7 Fe3e o= nH g2 AHolA e o] B2 E Text Classification, Sequence
9.9 253 Tagging, Seq2seq, Misc”] 5= A ¥ 8+ Th(Heo et al., 2021). ©] &
[CAR=1 T .

SquSeq«] Text Summarization -8 11, Abstractive summa-
rizationS task 2 A A 5F] o 2] EAS 3 EAOE Q o5l += 7]

Data Crawling & Lo aF
Keyword Filtering o= ]‘o J‘E}

B - 2) 24 Z] 4+ ZZ(Sentiment Scoring)
J Summarizing & Sentiment
7‘ Preprocessing Scoring A E.ﬂ ] 0] E—] 7]‘14 =) /\4 S 2 Eg 0}7] _r] §H KLUE-BERT
‘ : L] E%‘Jr KoFinBERT =4 & 34 %E}. KLUE-BERT+= AHA 8H5

r
Macro

Economic
Da

o 5] P }'—’ pesody | gl G} BERT RUZ, 3§ Er2lo] )2 AG37 ol P
| 27t ot A S8 72 71 A SRR A IFH O R 2

i ugaua gl o Al & &-&-3TH(Malo et al., 2014). 7] & E| o] E} 4l 0]
[ [Prediction Modeling] ] tH ﬂ oz ﬂ 01 9 O-] ‘:H i ——?:‘ ?_]_',Q.i 7151,'}12% t:ﬂ'% E“ O] E1 /i]
e B X} 01 4319 Fine-Tuning & ¥ 8 8-TH(Y o0, 2022). 0] & F§ 74

o] E] Al ©. 2 Fine- Tunmg% 29S8 A T2 HAE H o]
B A A4E 2&2d 4 3/ R/SH tE FERS

|: Predicted Kospi price J

Figure 2. The Overall Architecture

[Original article]
President Moon Jae-in's Blue House AMajor Group Heads Emphasize Securing New Growth Engines in the New Year by "Tumning Crisis into Opportunity" The heads of major conglomerate groups
have emphasized securing new future growth engines in the new year 2021, saying they should tum the looming crisis into an amid growing They that change
and innovation are urgently needed to survive in the global business environment, which has been disrupted by the novel coronavirus (COVID-19). Samsung Electronics ice Craiman Les Jaes
yong began his first management action of the new year on the first working day of the new year by visiting a semiconductor business without delivering a separate New Year's speech. Samsung
Electronics Vice Chairman Lee Jae-yong began his first management action of the new year on the first working day of the new year by visiting a semiconductor business without a separate New
Year's speech. After attending a ceremony to inaugurate the foundry (semiconductor Wita Gongsan) production facility at Pyeongtaek Plant 2 in Gyeonggi Province, he reviewed the mid- and long-
term strategy with the semiconductor division presidents. The Pyeongtaek 2 plant is an advanced complex production line that produces D-RAM, next-generation V-NAND, and uitra-fine foundry
products. After producing memory semiconductors last year, the plant began to deliver facilities for foundry production this year. Vice Chairman Lee started his first management action in the new
year. After attending the ceremony to inaugurate the foundry (semiconductor contract manufacturing) production facilities at the Pyeongtaek 2 plant in Gyeonggi-do, he reviewed the mid-term
strategy with the semiconductor division presidents. The choice of Pyeongtack Plant 2 as a high-tech complex that produces D-RAM, next-generation v-nand, and ultra-fine foundry products

the of the semiconductor business, which s its flagship business, and is an expression of its intention to further consolidate its position in the semiconductor business by
improving the competitiveness of ultra-gap technology products. President Moon Remains Silent on Amnesty TheoryPresident Moon Jae-in has remained silent on former President Lee Myung-
bak's amnesty theory and the COVID-19 outbreak at the Seoul East Detention Center. Instead, the Cheong Wa Dae has taken the lead in clarifying Moon's intentions. While opposition parties have
been demanding that Moon clarify his stance on both issues, he is unlikely to do so for the time being. According to the Cheong Wa Dae on Thursday, Moon has no separate position on pardoning
the two former presidents. The reasoning is that it is too early o discuss pardons as only Lee's sentence has been finalized. Park's sentencing by the Supreme Court is scheduled for Sept. 14
Translated with www.Deepl.com/Translator (free version)

[Article Summary]
‘Samsung Electronics Vice Chairman Lee Jae-yong kicked off the new year on Thursday with a visitto a semiconductor plant without a separate New Year's speech, and the KOSP hit a record high

in the afternoon as retail investors turned net buyers in the stock market '

Figure 3. Examples of News Data Summary Using Pororo

Date Content positive negative neutral Eentnent Date (o117 i
score Score
20210104 | Samsung, Hynix Report Side-by- 0.2 0.7 0.1 -0.5 20210104 0.5
side...Semiconductor Strength
20210104 | Real estate market outlook negative 03 05 0.2 0.2 20210105 0.3
20210104 | KOSPI super strong on first trading day of the 0.5 04 0.1 0.1 20210106 01
new year...above 2,900

Figure 4. The Example of Sentiment Score by KLUE-BERT

Sentiment Daily Sentiment
Date Content ero Date Score
20210104 | Samsung, Hynix Report Side-by- 1 20210104 0.33
side...Semiconductor Strength
20210105 0.31
20210104 | Real estate market outlook negative -1
20210106 -0.17
20210104 | KOSPI super strong on first trading day of 1
the new year...above 2,900

Figure 5. The Example of Sentiment Score by KoFinBERT
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B AU BRYGE SFHA F4 AR oY AGA T =T
o AF dolHE dAE Al7Hopen), F7Hclose), I7Hhigh), A

154 304 o] &t o[ &3} thr ' 154 3027HA) <] Hl o]l & 3
ﬂﬂi FHste] PR 1% Z -score J 718+ T W20
FHA = 1 £ 243 =0 KoFinBERT 7]4H] TextCla551ﬁcat10n
Plpehnefli FAHAE ol A A HFE 253
o}, 29 outputl FAH-1, TH 0, 542 +12 v 3k £ 13}
224 1A A4 E At KLUE-BERT S PR HA &2 &

47}1]&];(4"]7]-;% 7@—?3 E—%‘:’]’?\i—]— 'IT———H] ]H]iﬂi\:iﬂ =1 2~ o B = <73
Y48 YU BUAE AR AU, T P Lo BFHE 1 i O VAR FERATE A

EHA FFL( AA= 12 24820 o3 ElolE = 4 B E = 7] W, dESE W
&) R ,JJ-T:‘_X - | = £4F5< L. 0}“: -"]’75] Eﬂo}oi\:]‘ <Table 1> O]‘ﬂtﬂ’ _‘,].XJ Oi /\;]
g ool ¥ o] < o] & B WS et

]

>Jlm
oY ox m>

7Hlow), A F(volume)S TR £ ARE A
T Fol& W93l7] 913l Naver DATALABS o] 8314
A7} ulE] AR E 712 Yol A E v & FloJHE &
3t 3G dlolEl = 717 Wl A4 47k 7H8 Bk Ee
71%(100) 0.2 3t 99 AMEFS JH o2 HS dolH
oty =&, G2 apiS o] &5ta] L AA A A E dlo|

3137 A% o2 29y 1959 37 Welsh A7 Axe) W7l dEne 44
dolEol td AAel Al ow 27Yd(Scaling e A3}
B AT 275 9 9w, 98 A AF ole 1
e ooy SEd ol HolHel 242 93 AH5Rs] 2AYE
GEE PANSE B8] 227 A% dS RAS TG _ ’
: _ A8 RAFE e B om Al A8 e
o AA A B 5 EE & ok 9 <Figure 6> 2T} A& dolE Y HAazke 0, Ahzt £ MinMax Scaling ©. &
'E' mviax scaling =
S EYASE 229 A% AL B A LB s e e e e ¢
B8, 2AATol AT QB Wre BoAAe pe g o0 e AT EE T ST,
W W57l A TAR S 227 o238 4%a7] A 5
WHFEL SANATAHCZEH TsAH) g 74 42 72 ol $3 9 A4
1 L& W= 59 I(TAH)Y ZA3 X Z71E AL S
Z}* P MTEIE (i 1H)9) 223 ]TE’] E} ' 20219 19 19 2E 20234 69 309747 2] Wold] Fx
stel TS £ 0B E &4 J% golHE HEY. of 1, ) e LN
AA AE S FEL RE HEE2 4317 &7 2 ZA Sd AY 59 7|AHE tsto] <Table 2>9 3 Fst= A
;o] o P PTS TO I R T O e sqsdn ol 79109 2 FAH 83 34 A% )
[e] oA

& YAl g5 Z?r?éﬂr EYQYS A 58990 3l
Fete HolHE &8st 318 729 9& HMEM]
A ‘:’/\«4’ ‘F 230200, ‘kospi’ 5= VN HEZ THAE
HYNA 2299 FHE FodoHT &84T 5 9}
% A, 1 A3 F 135910702 HolHE FHsH T
] A W0l E) o) Cleaning 491 ¢ 54 5527 AA, o
i F4& A A, URL A|A, B8 AlA, L6 AA 59 A
AeE $AHGT o) W, B ATE 34 GBS B
A Fdste 202 BERolE AT v E&0l9 HAE

9] dolEiE oz u}n a9 312 d2ae wag
& Fyad.

—l> b mlm

il

(U Mz
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Table 1. Macroeconomic Indicatiors and Stock Index Data Schema

Date Kospi dji us500 ex AM gold oil research interest | consumer | real estate
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S B85 FIIE AAstA o] & AHeste A= T3t
ATt

ghmo] Al B w2 HolH Y FHA BAVE
A &3 o] A AFA A= open-korean-text(Okt) e & H4
717k 718 sl Edthe 97 237 A 3T (Hyeon ef
al,2022). 3T ATFolA = Fej & BA47]9] 5 H7L &
SE YJHi FA7Y FY A BE w9 SHE 123t
ATk wetA, & A7l E FEA E47]1= Oky(Twitter,

2014)F 4 }Oiq'- 4 EZEY FANE HAT ¥, 79
o3ttt AGE = FAL AL FEAL ALY FALE 2E
© A EE AAZ A FAZ A4S FYRE EZEY A
oz A3t sk el & 9 FA e A, A sk
B8 AA Y 74 79 AAYE APF $ Fr4H<
A7t Hos FES £507 Ag3tY . ®=3 Pororot}
o] B g9 Text Summarlzatloni FasiA gt 2R A
A7t ¢ad 2R 44 F24 2oS APYsaint. 1A
g 3 el ¢EdE & ‘3] o|E} 8] 27| u}= <Table 2>}
2.

Table 2. Preprocessed News Data Schema

pub_date : summarize | preprocess
- | title url content
time _content | _content

FECEES LIRS

HFAH O E AESHA | vlolEe F7H 2 AANZA vlolE,
T2 ulolH A A, oW AAF dlolE otk U 7] E L
2 HlolHE T892, Date W& X283t 427) 9] H4
58970 9] B o7 FA T 0] F I 23] E7Kkospi_close) S Al
9] gk I 23] A 7Kkospi_open), 23] I7Kkospi_high), T3]
A 7Hkospi_low), 23] A# & (kospi_volume) HMFE 3FF4
AZAA BB A S FA A, A S Aol o] ' e A

&3l o 57 W&ol ot

HAZ dolEHA 78S A
THE A AW W EdA, s3] 2 WF
AAsAT. 2 &, F A% "y 2 Aa3ATE 09 o
o, kospi_close?} A& AA 7} B 2 WS 2] Aste] ¥
o AFE 11AZ 42T #A PO 2 Random Forest
Regressorg &83t] M4 $85E ﬂ?_fﬂ%ﬂ], 0.00004
o mj§ e 2958 Y E F
stk 1 A3 HF volEo &&3 Heye J—’\J] a7}
(kospi_high), TH-E2A 4 AF &F(dji_vol), S&P500A] 5 A
7HUS500 low), S&P5004 < A2 #FH(US500 vol), 7+ A7k
(oil_open), fr7F A&l #F(oil_vol), T8 #7Hgold low), A/l
3-8 A7Hex JP low), 3= 7];‘1 (ko_interest), 23] 7
A ¥ & Z(research_kospi), 774 % 40|t}

N
2
1
K
o
rlo
g o
dlo
N
L
iy

ELEL EFPECE R

44 23 A4

(1) KLUE-BERT &€ 7] 7}

4

KLUE-BERTE EF9] 23],

A B30) 8 A4 B BERT/ W
2o YU ULE Aol 2E] A
A7 H8T
¥ tﬂ O] El(Yoo, 2022)

C N
=

oy o
oo ol
of

oL L LR LA T m
o oxl r‘E. S
o

VI N
>
N
. é’ﬂ

>
= = N
e o
L‘m_Hﬂé
M)

&8

M

EM

ko Aol T,

4 84F 229 A5 S

A
X

297), 2
wdolt 8

ﬁ%«

<Figure 7>-& KLUE-BERT & 2
= o] A]9} KLUE-BERTE #48-3
s}

524
g A

245

El
A

&
s}
o, &
%9

2
H
°

g
=

& g ol

o 52 delds
2o telAl 34,
220 R el 24k
DY 2 e

uu]] /\1 7]'76 3l Ea

8t 44 %j

st 99 24 4

Date

Content

Positive | Negative

Neutral

Sentiment
score

20210104

Samsung, Hynix Report Side-by-
side...Semiconductor Strength

0.

7 02

0.1

05

20210104

Real estate market outlook negative

0.

3 05

0.2

0.2

20210104

KOSPI super strong on first trading
day of the new year...above 2,900

0.

5 04

0.1

0.1

Date

Daily Sentiment Score

20210104

0.13

KLUE-BERT / Summarize_Content

0075

0050

0025

0000

0025

-0050

0075

Sentiment Score_summarize_content Kospi KLVEBERT

KLUE-BERT / Title

Sentiment_Score_title_Kospi_ KLUEBERT

WL W06 N NRK 209 BN

2000 02106 02111 202204 20209 202302

Figure 7. (top): Examples of Calculating Sentiment Score By
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Date Content o —
20210104 Samsung, Hynix Report Side-by- 1
side...Semiconductor Strength
20210104 Real estate market outlook negative -1
20210104 KOSPI super strong on first trading day of 1
the new year...above 2,800
Date Daily Sentiment Score
20210104 0.33

KoFinNBERT / Title
Sentiment_Score_title_Kospi_KOFINBERT

— z nom_sentiment st
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Figure 8. (top): Examples of Calculating Sentiment Score by
KoFinBERT, (bottom): Examples of Daily
KoFinBERT-based Sentiment Score

B)NAE dli

ANAE & Zd S f&%é}ﬂ g vlole 74 A2 o
Bl ge -k %i-r i 7%17“%1 e A dedsR
TAE HolHE AT ofw) T& W4 220 F7HE =
A TR AFGSA G 02N YE MFE 2T AFE o
Z3 =5 9T o) gA T4 AA dHolHE £ volH
(traln)g} E| 2 E d| o] E(test) & Ut 2 A dlo] 82 85% 5
Foll AFE3t U A 15% S H2E0] A3t 2d o 23
o] stebvlE gh& 3] flsl A EE wlolE Y 30%E AF
H| o] i (validation) 2 AH-&-3FSATh %A 59U 9] Bl 0Bl & HE O
E TS 9 F7HE o Set 25 HolHE At AAE
d& ATFE Y A Rd & 7| FoR o] FAH o 5
AL A2 AF 5 A= 57}7} ohd, 44 Ao 23
A5t A3 A5 o S0 oW G FEFE MA A 2
FaglonE mH9 ﬂﬂﬂlﬁ—t—i?ﬁﬂfﬂ T egS 293
= R S R R 2 R S R e
84~ ReLU, Dropout H] €2 0.3 0.2 148} 1L CNN o] o]
o AY 371=256, A Ao 2E 302 2 A 8 3ol max pool-
ing(pooling size =2)= W A3t Hth. 744 3 k<5 dlo]H A2 8
53 A4 29 H7ES ) A train/validation/test 2 LA BT,
99} 2ol HlolEH & U FAA G oS nd g S A3t

i
J

l

4537 AR

3|9 2do A5 H7F AEZ MSE(Mean Squared Error),

Junyeong Lee - Jehyuk Lee

RMSE(Root Mean Squared Error), MAPE(Mean Absolute
Percentage Error) & AH8-3t S TH MSE= A A&t} ol &4k A
o1& AlEs) Bed& T gholth RMSEE MSE Alg <
A3 o s AAgH AR el 2 et e R o] A
g 97stohE o] Ho] Ath MAPEE AAI# T oS4k 2ol
€ ddgios Mg § Fakete] HEE ok o] & vl
(0)2 AT oz oAE HAER YEh] o 28
Aot 747+9] A& 4 (1)~ (3)% 2ot

1 n

MSE= gE(Y,-,f{v) (1)
i=1

RMSE= /MSE )

)7
MAPE= @E | d 3)
37 H7F A RE 7HEo 2 o] = md o] 8¢ Q A(train
loss), 45 S A(validation loss)E &UstAth A5 22 = &
F HolHE g5d Bdo] A& & dolgdA A5 U
B B2 AA| Shego] by A A=A s AT HEA
S HNE S

o2 MSEZ} 7} ZHe md & AdE g, A
o= MSE, RMSE, MAPEE =% 3

4.6 A3 AA

B AFgAM H Lo mdg 753 A<
2= CPU 8 Core, RAM 16GB, FGPU 1 UNIT(3.2 GiB)< %A
g Aola, AHEHE Held golBdy ¥ AZE &
PyTorch7} AHEE T & AFAAE F 67e 97 EAE
AAste A8ES T4

stedlol &7

Table 3. Examples of Labeled Sentence

Label Example Sentence
+1 Stocks were positive today, with shares rising
(Positive)  |on the back of strong earnings.
0 The financial markets have been a mixed bag
(Neutral)  |lately.
-1 Stocks markets are volatile due o a slowing
(Negative) |economy and uncertain political situation.

01 e AU o o, vlolH = T4 28%, T8 13%, &
A 59% =2 T =] lth <Table 4> 91 vlolE E0l9l&
A& YEPAT Bl E Z18517] 93 train:test = 8:2F2 UF
014 A%< 8% 1, KLUE-BERTY fine-tuningAl 100 epoch &
et &5 X33k AL, mini-batch®] 7]+ 32, dropout 0.5
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2 A8} 3-class classification Z2-& 8H531 .

Table 4. Compare to Previous Method

Previous Method Proposed Method

. . Summarize the text
Derive sentiment .
Method to calculate into one sentence

. scores for news
sentiment score

. and derive a
titles

sentiment score

Number of Macro
. 3 5
economics index

Time-series

LSTM
Prediction Model

CNN+GRU

(A 2] 2 24 Aot 229 Frleke] AaaA
74 A4E KLUE-BERT 7]k BE QoF 7+4
KLUE-BERT 7|4} A & 744 %<, KoFinBERT 7] ¥}<]
80k 744 M= KoFinBERT 7]4+e) A2 744 A4 WA
T = o] 9tk kospi_closet 713 4T AA T =& 74

HAL Bl nE A4S 133

oxl
4

rf
Mo

o o
4

PEDEEEEEPRERE:

43804 AFAE v 2ol & AT E 371 A% o
2] BE W4E BeeE 04, HEIAH0) 5L W% F
LEF} L WS 5L AASE 34 5 AN WSS A9
CERLEE R ERLEE P EEE EREY
AW G v EA B3] A3, W5 AL AL )
o 1A bt e m AL vl st eloh

(9% 452 2R A5 ZHEET A3 45 Fl

48 4ol AE 24 A5 WEE AL WMo 48R o
e Wl o2 4% S Hmat ol 2 Fal, fx 1A 7
A A%57h 29 A% d 3] FE 93 Faldng o
W, 24 A (48 20014 HlasklE 4744 Y E g
Hiol 2o S A8

(A9 514712 AAE 2D & 4704 24 288 42 A5
g2l

NAE 29 Z+=LSTM, GRU, CNN + LSTM, CNN + GRUE
AL, 724 4 W4 25 KLUE-BERT 7] ¥ke) B2 @ oF 7}
%3 %4 KLUE-BERT 7]9+8] A & 7+4 A <+ KoFinBERT 7]/t
o] 2% 2ok 714 %, KoFinBERT 7]4ke] A1 & 24 A 45 A}
LIk F 16719 2FE RS & 4 A& A8t 71
Aol 2 Rl & A Ag 282 93

m
d

o
3
o

(Ad 6] A3 =
NEATE F, w2 AR A AN BA AxE 2
ato] FAATE d ST AT7F EA ETh(Han, 2020). T2,

g AT Atk FHES £ =AM Altste T
B2 9 7HA AojA o] EAsEEH, o= <Table 4> H A8
Atk 71E W Al e e A8skd A5 vl
W3R

5. 4% A%

5.1 484 28 4% 8

<Table 5>+ ¥ =
KoFinBERT =&& &&3514 <& u,
ZA3olth, KoFinBERTE
fine-tuning® A#H&2 L8430
geld 4= Qi

Table 5. Sentiment Classifcation Result

KLUE-BERT KoFinBERT
Accuracy 0.854 0.776
Precision 0.838 0.802
Recall 0.837 0.777
F1 0.837 0.783

5.2 518 3R Agee) 320 $719tke] AR

<Table 6> 5+ 7}A W79 24 £4 2l 5 7k WA
o g 2E dHolHAle 23eA BT 47HA 44 dot
Kospi_close9}o] 4 #AA & e 7] 4 Text versiond
of 9= #E F, summarize_content= 7 EEES & FHO
Z 9op Ao A AE AT AHE o], title>
2 AR da 44 drE e 43E v 44
T4 222 KLUE-BERT’, #4 &4 Ed& 48 HolH
T 2ohd B & AHEE A wE 2 A ske] FaBATE

Table 6. Correlation between Kospi Index and Sentiment Score

Model Text version Correlation
title 0.148
KoFinBERT
summarize content 0.196
title 0.193
KLUE-BERT
summarize content 0.243

5.3 HF dole A e 4A

<Table 7>& AZ Ho|HAE TAF 7] YalA W A
W2 47122 A¥e B AT gETAA0 2o WS A7)
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A FAE7 G WS E AAYS W /M EL A5 S Table 9. Performance of Sentiment Score & Prediction Model
Byt g S e A 427019 "M 119 Combination
222 A2 AHE
W AT At Sentiment Text Prediction
. MSE MAPE
Model Version Model
Table 7. Performance by Feature Selection Method LSTM 318622 1.89%
Selected Features MSE . GRU 3446.07 1.96%
All Features 10404.85 title CNN-LSTM | 2261.03 1.61%
w/o multicollinearity features 4836.22 CNN-GRU 2015.43 1.16%
KoFinBERT
w/o low importance features 6478.19 LSTM 4440.08 2.11%
w/o multicollinearity & low importance features 4121.39 summarize GRU 3781.84 2.06%
content CNN-LSTM | 4796.32 2.28%
CNN-GRU 1978.98 1.43%
<Table 8> d A5 W4 E 23S ujo 23eiA & il GRU 236233 | 1.59%
_ } itle
e W] dF d5s Hlad Aoty 4 A-E ZE CNN-LSTM | 512731 | 2.49%
T gst9l< W MSE, MAPE #to] Z4d A 0% Hop 72 CNN-GRU | 2477.74 | 1.63%
O HEZREH 428 B M5t A5 dS Aol IFHY  KLUE-BERT LSTM 14193.22 | 4.02%
. . (]
G vAe, 2l YRS HAEHE AL 5 9 | e
o 2, AAY 27k o2 70l glelA] Ao} Ae 7]%o] summarize | ORY Sl W
Z298/ #4803 48 2 9t content CNN-LSTM | 3410.06 1.88%
R | .
CNN-GRU 1909.83 1.38%

Table 8. Performance of Including/excluding Sentiment Score

sentiment score usage MSE MAPE Training Data
—— Actual Price
w/o sentiment score 32752.79 5.83% 3200 1 Predicted Price
w/ sentiment score 2176.14 1.52% 30001
2800 1
- = 2600 \
55471 AAD 29 & 47kA) 24 230 2 A el A
2400 1 Ay
<Table 9>= AAE 2l 244 A W] 23 16744 A
2200 4
9 A%5& Uehdth A2 02 ONN gojoj & %3te o =

) 100 200 300 400 500

rw ’3%0] 014 I KLUE-BERT 74 £4 nd2 243

u;H /%] ‘So] = Q_ 74 g‘]_o]{g_ fl_ 9;1 . J_L]__ GRU7]' LSTM o Testing Data
Hop 2 45 S BojEth 282 0 2 KLUE-BERT 7] ¥ ool — e rce ﬁ/ﬁ\
2 20 7% Aok CNN-GRU 22 & A3 & o 714
28 o2 452 BAT o 50U AAG S A . /\M
O 93 728 72 Yle 29 GRUS| AHHA <l ok
e BAY 5 IUTh EF, ONN Fojof & BA AN WA 1 W\ ,
W50 54¢ 3237 ol AAD 22 A9 A 8% 1V
ol t d&stA o] FoF S & & Atk wEkA 71 & LSTM, =
(RU%%E%%W%ﬂﬂ%%éﬂﬂwﬂ“bﬁ”ﬂﬂ =]
g 5 9& A0 2 84}, <Figure 9> KLUE-BERTZ ’ - v " "
BHEO gokg B odt @xé %2 523 . Figure 9. Actual & Predicted Price Prediction Result Using
CNN-GRURZ S 883}o] 27} 242 o =3 A3} 03t KLUE-BERT and CNN-GRU Model (top): Training Data,
g = ol (bottom): Test Data
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LSTMS A &3t3< et 24 Aol F49S & + Sith
Table 10. Performance Evalution Results Based on the
Application of the Emotional Score Model
Model MSE | MAPE
Previous Method
) . 247774 | 1.63%
(sentiment score from the title)
Proposed Method
) ) 1909.83 | 1.38%
(sentiment score from the summarized text)
Table 11. Performance Evalution Results Based on
Macroeconomic Indicators Used
Model MSE | MAPE
Previous Method 3083.81 | 2.48%
(Index: gold, oil, currency)
Proposed Method
(Index: gold, oil, currency, interest rate, | 1655.14 | 2.51%
kospi index)

Table 12, Performace Evaluation Results Based on Model Structure

Model MSE MAPE
Previ Meth
revious Method 14193.22 4.02%
(Model: LSTM)
P d Method
roposed Metho 2477.74 1.63%
(Model: CNN-GRU)
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