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A 5.1.2 2 HE3}AA

o]% A 5.1.3 Aol A similarity score % importance scoreZ
%-83}o] candidate keywordE 12 23849 Ttl. Y scores
seed keyword, text, candidate keywordS ZtZ} ¥Eg| &2 Z33 F ol
7] FARSl fAE R AArECE wEkbA seed keyword, text, candidate
keywordE 717} 9WE 3lst= 34 o] H Q3. KLUE-RoBERTa/large,
KPF-BERT, KB-ALBERT®| & 3714 Abd sl dojRdE ALg-sho
R et s B e e

KLUEE 3%=o] dojrdol XFS Hrlstry] ¢33 HZxo=w whe
sharo] zpdojolsl] HixmtA dlo]HAleltk. KLUE-RoBERTa/large+
gto]  Hlo]E A(MODU, CC-100-Kor, NAMUWIKI, NEWSCRAWL,
PETITION)S Al43}e] RoBERTa o}7|ElHE 7jwto=z Ald &h5at
Adlejwdoltt.  swelulgel 47k 337MAlel  @ehe,  KLUE
Gt Ee) thebgl NLP 3o d AMdom Be 45S nelth

i

KPF-BERTE @A &3 &Ado] B{3 2000~2021d H7l=
ZIAE 8dT A 7 1A AAE gs FEd of 4dwh A3 BERT
oFIEAE VIWto® AR 35k <lojmdo|tt BERTE #4838 7|&
o]l mdlee S7IMId § 4 & FE ShEskedl Wk,
TR A AE ARREte] VIAIFC dAe Holal gr7|Abel

53ty mdo|t),

KB-ALBERTE KB ZwWl28oA AFs= AA/2¢ TH o
S3he ALBERT op7|®1A 7|Wke] gh=rof <lojrdejtt, w4 w1t
AHE oF 15GBY #+A S Fr1A o R S5t vt Y =welo gt
$HA FE= o 25GBe dub ZdQle] HAER AR g
AF-8-3t 3 T %% Euﬂ(ﬂﬁ A BolEo]l AFARAA W HAA
UEE d¥bAl Ae-xh & 9F 50,0007 HAE A9 oIS
AR TE s ST REAS ARSSte] e U AMlEstdE FHA
4 Ays AFsi

AV

|

y

welsa g e vew} g,

Stepl. Seed keyword, text, candidate keywordE& EZ3}3F &
747t ALA sk lolwEl g BrpAlIL

Step2. 574 layer(last hidden state, embedding layer)<
Z=HME 5L pooling(max pooling, mean pooling)dte] # g 8}3lc},

chpet

455 1#3t7] 918 Model, Layer, Pooling 2ol ule}h
& 879 B-=

Axtste] ARESFATHE 4).

12 ___:rk | _k:i_ -I_-li



X 4. Model, Layer, Pooling®] @& 87}1x 9¢ 3 #A

Case Model Layer Pooling
1 KLUE/RoBERTa-large Last Hidden State Max Pooling
2 KLUE/RoBERTa-large Last Hidden State Mean Pooling
3 KLUE/RoBERTa-large Embedding Layer Max Pooling
4 KLUE/RoBERTa-large Embedding Layer Mean Pooling
5 KPF/BERT Last Hidden State Max Pooling
6 KPF/BERT Last Hidden State Mean Pooling
7 KB/ALBERT Last Hidden State Max Pooling
8 KB/ALBERT Last Hidden State Mean Pooling

A 5.1.3 B 1xF 2= 32]9 (Similarity score, Importance score)

% 13,318709 candidate keywordel] w3t 1z 238439
7150 2 similarity score % importance score = 27}A] metricS
A3t

Similarity score= ®E3}H  candidate keyword®} seed
keyword®] FAR fAE=R AARSY dld 23 olE  candidate
keyword”} seed keyword¢} dwtyd fFAFEA] YER = A 3Eolal, seed
keyword®} FEolA F@Alo] A& candidate keywordE A|9]d=
T2 AMSE T

Importance scoret= #E]3}¥ candidate keyword®} text?] FARSI
FALE= R AR sl 2~30]E candidate keyword”} textoll Al o] =
A2 T83% doldA Yehdl= A xeolth. 3 text7t KOSPI<k
HdHE Zolgdta JPEES W, SiY #hel =SS candidate
keyword7} KOSPI®F #A7F i texte] FoUE&S >Esirta
Gt = Qo

a9 4+ AR I (KLUE-RoBERTa/large, KPF-BERT, KB-
ALBERT), layer(last hidden state, embedding layer), pooling(max,
mean) WA wE F 871X #HE I H-o] 3t similarity score$}
importance score?] WX E uYEeld I¥oltt O¥ 45 HA¥EW
Aojxd layer, pooling W2l we} similarity score®} importance
score®] W7} Folst S AT 4 Q.

wjmoll F A1 vlazp of Hoh, weba] thekst
AsZ uystr] 98] ddoj=d, layer, pooling WAl W& F 87}
WE st o] thalA, similarity score®} importance score’} R
A9l 5% o &3 s=  candidate keywordE 77 ZHEHsla

' St 8

T A ZARD FARE el WEEe el uhet
27]



g dete] 12k 242 Ay AR
12 ~=38d 239} original seed keywordE &3 g3dte] A2

KOSPI #¢ 719 =gl ouo| A generated keyword® o]&& ]
AF8-3t}. Generated keyword®] 715+ & 8287lo)11 % 59F T},

14 ; .H 2 1_'_” [



Distribution of Similarity score by (model, layer, pooling)

B (klue roberta, embedding layer, mean pooling)
357 W0 (klue roberta, last hidden state, mean pooling)
BN (kpf bert, last hidden state, mean pooling)
304 ™ (kb albert, last hidden state, mean pooling)
B (klue roberta, embedding layer, max pooling)
B (kluer roberta, last hidden state, max pooling)
254 mn (kpf bert, last hidden state, max pooling)
z (kb albert, last hidden state, max pooling)
E
& 20+
I
v
=
2151
10 4
5
0 T

-0.4 -0.2 0.0 0.2 0.4 0.6 0.8 1.0
similarity score

Distribution of Importance score by (model, layer, pooling)

mmm (klue roberta, embedding layer, mean pooling)
80 (klue roberta, last hidden state, mean pooling)
W (kpf bert, last hidden state, mean pooling)
20+ mmm (kb albert, last hidden state, mean pooling)
B (klue roberta, embedding layer, max pooling)
B (klue roberta, last hidden state, max pooling)
0 (kpf bert, last hidden state, max pooling)
3z 15 4 mmm (kb albert, last hidden state, max pooling)
&
T
o
£
v
=
g 107
5 4
oA

-0.6 -0.4 -0.2 0.0 0.2 0.4 0.6 0.8 1.0
importance score

a3 4, 8714 WE 3} #Ad wWE similarity score ¥ importance score ¥
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X 5. Generated keyword

Generated keyword (828)

ESG(H A4 A 3}), GDP, S&P 500, banned stocks, brokerage stocks, low priced stocks, old stock holder
s, securities networks, simulated stock trading, stock code, stock market quotations, 7}4, 7}&, 7Hd, 7+
AR, FEA AR, FEPAAE, TR, 7EA, R, &), AdlEn od, d S, o, AL A, AC]L A, A
Al, A, AE, AFE, A, AdAE A, Ak ZA, AR, AAAR, BRAE, A, BA, AA el E, A4
o, BAREE, BAS, ALA, AE, AkA, Ak, AR, AFMND, 1=, 1EHAE, 18, Zx, FF, F
SAE, FEE, TR, 35, FAF], 3, B, Ak, wE], AW, B, w2, 1S4, T,
T, A, AN R, FE, 7L aulEAN, SRS, aRds, 9ed, a9Fes)E, 539, A
O, ageE, aEelE, 22AIHA, 22, |8, e, 78, 587, 8%, 589, 894, 58
A, F=, 713, 198A, 718AL, 7%, 7195, 71AL 71, VA, 715, 71, 7197 193, 71E, )
ToEl, Z1ZEJLE, Zletaa, AA, W, vxvlE, vad, |, delzE gk, s, uigAl, e, ESA, |l
w29e], ¥, F&TAl, WAl v, A, By, 2=, U, toloE, tha 54, tha s, ol
9], 9, g, g9, gk, g, AL S AL, G, o, oAk, i d, diAl, diE, e d, diEh, ois
W=, digbd A, digetE, d), deleulo] s, B3R, 57t = EAE, 571d%57], w2, 4, sshAAdE, R
Wi FEEs, EfolH, EYZE, F, T5F, txvdeld, taEdel tlaEH o], tlEH oA, tlEHelE
o, wiE, geold, gtastolyl s, o], golEY, j, & i, golojs, HEYT, Fulgts, g2 E,
delz, vp23, npa3g, "R, vkgb, mloly, wholy 2, wil, mptbA], wdlex®, ek, wigd, wigrhA
welzhet, wxe], Wixev|ol, wAlR], wEp] 2 WA WA, WAFE, W, dsE, AT, RUHY, =
e, 2, B2, 55, 53X, 77], 770 F984, 7954, Fooex, 79794, &4, =7h 24 &
Awd, v=, vsA, s, mE)l, wRk mlEek, A, A, A d Rt v, A E], wjA], A, e
8, nAg, vE, s, 22 vfole] s, nle] e wpo]l Qufj s ghE wked  wkA| s, Wbk whelx] wbg
AN, ghelE], B, A, o)Al E, wid, aids, v, wiEE], WA TEE, WAl wek ) W, WAy o)
W, WUl S22, w2z, WA, AX e, By Bh BEA BEl, BFAN, REstn, NPy, ney, 548
B, EEs), K, 5O, FyE], B, B8 BEAkd, B, B RS, B4 297 ST EHA,
= v, Biso], nEle-A, vgold, vEAE vFA velE E5 ESAQ, EFF, vAFAL B, b)E,
=y vy, v EFRL, v, BldlolE, AR, A7), AbgE, ARl ARE, ARE-E, ARERE, ARS-TIohEiu]of
A, Abel, AVE, ALEL, ARSI A AT, kA, AbSd, A LE, AT, A EA, AL A, A
AR AEEA, e, B, dE, ARATEE, A, A A7 AL AE, Als, AR =g, A
Aw, AdeAY, Aed A=, Adstsd, A", Ay, A7, A3, A9, AR, A, A7) AEAC], AlE, AlE
, 2719, 25, A5AL &, 2, AW, AE, AR, 2HAETIAE, 230, ANEA|, AZEge], &
d, 5, F, FEREY], TR, FUA, FId, Fo, FAE, FY, FE, T FETA, FEA, 799,
ATIEE ~ATYPE, ABEY, 2UIE, 2UEE ~ER], A2ESA ARCOQ, AEF|D, AEYL AED
W, 2 ZE =, $54T, AL AT, AAIG, AFAL AL AlEE, AlEE o), AR A, A, Als
A=, AAAL, AAANSR, A5 AFEAFH, AE, A, J7FEE, ofZnlo] E| ofAJo}, ofo]r]of, ool k]
ofAlo| =, o}7|Bl A, o}:R], o}F R, ofx e T, ofAabrh, ofs), b, tERolt daE|E, dHEY], &
w, 43, dustal, tssly, oA, okelsh, ofg7b], A, FA 3, ofE, B, of 9, AT, o], &
HolE, ARk, dUxR], oo]HE, dfiz, dERH A, oy, dgd ARF A, 9, AT
o)

il o o -

o

AFHHBA, R, 059 A, ool FANY, A, Sopalx, exetel e, el 81, sl5el, ol
=9, EAeu =, s|Feleuly, 87, S, $FEE, S, A4, dgeds, 944, 94, 49, 9, 9
g, 7103, ARB, b SRS, B, HEE, 49, A R, FE98 29, 4 §4, %, o

gt

&, o], o Xk, o], oA, oAl o, o|5, o|uA|, oAl o]FZew], o]gg|o}, o]d}, o]3, o]F, ©]
29, Ql, AFAE, AFEF7], AGARNE, QIANE, AA4E JUAEIR, Q14 <12, AF# oA, A& A&, A&
Tk, o, dAEY, AEUV}, Akl ¥, 9w, A, dF, JulE, JodF, A, AF, AV|AE(EE
F), AE, AsHET), Ak, A, AL, 2pRFe], Y, ARtdte], Aaheg, AARA, A, AT
of, A-&Fd, AEel, AN, ANFH, AY, ARRZ, A5, A, A5k, AEZ:2 A, [A7], "ArdER, A
N2F, e, A, A5, A ARAY, AAZE AR, AAE, AARE AR, A9, A9, A,
AApg, Azbstd, Aabd, AE, As), A, Arlds, AR, Al AR, AR, AR FA, A, AT
&, BT, AA, A, ARRA, ALNE, AF, 2, 2Y, 2, 28, 2, 2H, 27, EA4, TAAL J4
F7h, T, FIRAFAE, 7, TR, 798, 72, 79, 72, FAAY, FAARNA, FAR0, FAAE,
FAAR G, FAFH, FAAL, FE, F0E], F, FEY, T, T T, T, T5, T, T4,
FHAR, FX=, FelE, T, AL FAANL, FAANE, FAFA G, A, AA, AW, A9, A4
Adw, AFIAL, AAY, AT, AFgA 7], Ay, I, JAIR, F 23, @]9, 2, 2ol
, ARl AY, A=A, A, A, A, AR, AP, Advke, AR, AAFA, dsEA, Hd, Ad, Adiue
AdS, Aid, Aok AN, A, HAx, A=, HAAT, AASE, HIt, Fol, FF, A, ABA, 1A
A, 7ivel, A9d, AeEe, AeEyoel, AFUE, ALRWE, AFE, Z2 Y19, ZAY, IAEF AN,
Z2BE RS, 23, FEAL, ANZE, Fke-E, FEHORIE, 7| X222 B4 BAFH, HY], HasEA, ¥
Abz, dEuld, B3}, B3k, B4, Fab, FApeh ARk, FA4A, Edand, EAAA Eed, Edd
B, EE, EF, B4, g 24, ot by, diaba), stel WA, stold, iy, stEWAY, e, oy
thel, dde, A=A}, Fo)ai, FAIEH, Hx AAFE, WS, W, WA, WrrEE, TELUEE, XEEY
o, X3, FaA Exg, Ldlo|fa g s EgixfolR el My AR XF LW X X
BAA, ZR2Az T2, TRAY, TRAE veed TN, Zejue], Zejuq], ajg Fehay
ZHE, Selolof, Tsixl, He A, I, Hepdyof, sk, st=glo], gk, sk, 8h9-2, stolnE =, S
steFzd, oA, S, k2], Sharo], S, ST EEE, o, AW, ok x|, F, 5, 4, i,
PEgk, 59, AYFE, Y, dF, d52F, Y, TFVA, FHlolA, FE, &, A&A, s E =

FARE, FAT, SN 924

T PSR
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Al 5.1.4 2 2z} 2339 (Correlation)

-

aEsta A4S EAV|ZF Fote] generated keyworde Hlo]H|
AT KOSPIel  Foj& FaAAAE  ALtsth. olwf  keyword
HAgFo] KOSPIO| wkgs= Ak 25 au#fste] 1~109] lags

10709 AAAAE 25 A, 10709 A#AaA e dAdzk =
A gks A3t g kel 0.5 o] A¢l generated keywordWhHS-
Aegste] 224 298 A2 AR

—_

-

1, 22 23849S 58 Y= 713t Feke] KOSPIe] &8% 713
AR AMEE W3 S 7FA = KOSPI ## keywordE 98
ATH X 6, 7S HAAR EAVIFS A keywordE =TI
Az}tolty. KOSPIZF skl = X =

AAE dEas b 2 AAA
kel w2 23999 keyword T 71ake] el elsst 2
angol glol nalT. ol AF AT B BA S
Ho]:oﬂ}ﬂ_,_ o e gt

X
vl
o MT% Aoz A7,

AlZ1Z A, ks, AL AR

3t g 7
#2295 49 10719 keywordelth. % 7]
& 5

o olgret A BARL AN 5 Ak

X 6.(2020.01.01 ~ 2020.03.01) 7|7t F<te] Ay KOSPIY A##AA
71% A9 10719 719=

Keyword Max_lag Max_abs_corr
SEE] 3 0.843637
TUA 1 0.811066
11X 1 0.810843
up 2~ 2 0.805925
Ho] A5 1 0.797280

FAoEL 1 0.797144

R 3 0.796805
45 3 0.789430
o-& 5 0.780595

SR 3 0.780333

T 7S (2022.01.01 ~ 2022.12.31) 717+& 71Fo= @S w9
22k ~A29%" 49 10719 keyworde]t}h, WEPH A, Ho]lafE Feo
_C';

A g el solig, ARAART), @R,
AR RY o) Gt HYrIRe] A2}-1907E WIFE &
& qlr}

17 -':lﬂ-._i 'k|:.' .I_..ii .



71E 49 10719 719 =

. (2022.01.01 ~ 2022.12.31) 717t &<+ A4 ZF3} KOSPIE

PAE

ot

Keyword Max_lag Max_abs_corr
A7V EE 1 0.867734
A o] 5 7 0.850718

o1 7 0.780638

T2} 1 0.744987

H EFH 2~ 7 0.738880
ALs] A A 2 77| 2 0.738270
2119 10 0.734242
Al = 1 0.731982
oA A 6 0.725220
A e 25 7 0.717162

18
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A 5.2 B KOSPI 9=

Al 5.2.1 2 dHolgHA AZ

B Ao KOSPI o= 23 o® LSTMS AM&8t i LSTM
wdo] sky W HFo] AEE = dlolEAlS Sliding Window WAlS
Agste] A ZsA Y. Window sizeb KOSPI o= <A FHashs=
tolele] A7]E omgth. 7Y, 14, 30¥9] 37HA AF= et
A3ty 299l inpute window size¥ &<ke] KOSPI #7} dHlo]H
9 AAARA 71FE A top-k7 7Y = AMEko|th, el targetd
th&-e] KOSPI Z7}olt}. oju mele] KOSPI &7 HolE e 7|9 =
AMeEe] @7t vr27] wjEo]  input¥} target X5 min-max
scalingS &3l -1 ~1 B2 WFHA A3}

42w dx dolHE g5l AgsE Aol AAwlel U
avle] YT 71 A7 dolEE W el stuolHE Sug 4
gths el gAw, WA Fusk Ao FAg v F Advs
wao] gtk olel whal ®E /1] dolHE AT FAATY G52
T 5 ks el WA, SAsdelHe ol Ak wiel Atk

)

Z
n9L
< o

oo SgElelEe] ke 1 ~ 7dOoE W¥she] tiFEh

=] =
astedeh, Ao Ap88k KOSPI &7F 2 HAF dHolH+= #® 83
2oy, ZF 459 80%E Train data=, 14-Di7\] 20%% Validation data®
AH&-stol o

¥ 8. 7|7t wE 7749 5oy

Dataset Period
1 year Dataset 1 year (2022.01.01 ~ 2023.01.26)
2 year Dataset 2 year (2021.01.01 ~ 2023.01.26)
3 year Dataset 3 year (2020.01.01 ~ 2023.01.26)
4 year Dataset 4 year (2019.01.01 ~ 2023.01.26)
5 year Dataset 5 year (2018.01.01 ~ 2023.01.26)
6 year Dataset 6 year (2017.01.01 ~ 2023.01.26)
7 year Dataset 7 year (2016.02.01 ~ 2023.01.26)

A 5.2.2 2 242 shg 9 o)A AEn|E 7Y

thekst stolHutetu|HE AFEste] dHlolHA A7|(1~7wW)ell
Validation loss(MSE) 7|%¢] H=Z slolygein|g %34S 37 ¢

P

19 -":lﬂ-_i 'k:-' -]
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e APt stolH vty FdAlel gk sho] v vebv|E =

E 9. KOSPI 4= LSTM 23 3}o]H vtgn]g

Hyperparameter Meaning Values
thed KOSPIE ¢ =37 918 Fard o)«
look_back glolEle] ol (=window size) 7, 14, 30
KOSPI o ZAlol AH8-8 AaAF 715 39
top_k Sere A2 0,1,3,5
batch_size Batch size 16, 32
Ir Learning rate 0.1, 0.01
num_layers LSTM 2499 layerd 1,2
h_dim LSTM E29] layer?] A3 7] 16, 32
epochs Epochs 50

Grid search WA o2 RE slolyaen|e %3S arels)A
A712l(1~73) dHeolgAl vty 196We Ag, F 1372W< g
&gt Validation IOSS(MSE) 71, 85 dlolgAle Av|d uh
HA o spolHuebry x9S F 109 #oh

il mlo )

¥ 10. Validation loss(MSE) 715, <& Hlo|EAl Ao wE A9
stolH gty =%

Dataset | look_back | top_k | batch_size Ir num_layer | h_dim | epochs | Val loss

1 year 7 0 32 0.1 1 32 49 0.003055
2 year 7 3 32 0.01 2 32 32 0.002234
3 year 30 0 32 0.1 1 32 38 0.0008077
4 year 14 3 32 0.01 2 32 46 0.0008746
5 year 30 5 32 0.01 2 16 36 0.0009195
6 year 14 1 32 0.01 1 16 40 0.0009771
7 year 14 1 32 0.01 2 32 35 0.0009475

M$XH524ﬂﬂH?”7leﬂlaﬂﬂ;ﬂ abelstetulel o

o= KOSPI 01]7‘ LSTM

9 O
P—Eﬂ_a

O~ =
‘i.*a

o] Z& WS AMES olfE (1) 7t 7|zhEE HAslE RdS
Aedn, () ASdnA G dh AE Adel delde =
tsAE o, W AR dHelHl= dddor #e TleAE

20 :'—!-l i _-|-|i .-:_I]
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o)) $18l A ol .

Al 5.2.3 @ A3 1 - Seed keyword vs generated keyword

ol Al 5.1 HKOSPI ##H 7]19= H3 shHoA  AHgtsk

719 =7 FEHJAEA A1y 3 APS Hdsieirt. KOSPI
o % LSTM =9 inpute@ KOSPI F7} dolg 2 AJaaA 7|+
A9 top-571e] 7I9IE AMES AMEs] thede KOSPL F7He
o Z3skith. olwl top-5719 ZIFIESY SRS GElsty HIS
HaP gt Casel seed keywordolA 2]l top-5712 7]|¥=S AFESH
7dg-0]aL, Case2% generated keywordelAe] top-571¢ 7]¥=&
A& A §-o] T
top~k=5= A3} 7] uwtol| top-kE AL E‘r rE
slo] 3 1t e} r] § o] “HH =2 3}01313}3}“]3 TS Eéﬁ H A
A" A e MSEE Hlwstgith, A= & 119 ;‘éﬂﬂ‘ﬂ
¥ 11. gFHolg =79 W& caseld case2 olA1e] MSE
Dataset size MSE(Case 1) MSE(Case 2)
1 year 0.003129 0.003218
2 year 0.002874 0.002789
3 year 0.0008992 0.0008311
4 year 0.0009015 0.0008863
5 year 0.0009279 0.0009195
6 year 0.001003 0.0009868
7 year 0.000962 0.0009678

7ol ZF A= AL = 5702, 3, 4, 5, 61 d)A casel Kt}
o 7

case27} H q5S 71553 Caselo] B £ AHeS 7|53
199 A5-= shFdolge o] Aa, 7de]l A9+ caseld} case2?]

MSE #el7} vhe dxe] ws) 74 A 4e 2@ @ case2d]
q=0] casel? A=rHu o Fod ¢ 9},

g A AHRE =8 generated keyword?} seed keyword tiH]
KOSPI 4S5 Adgds & F 3, ¢4 A 5.1 H(EKOSPI #4
719= Ag oA A= KOSPI #d 719= Hg gAo] z+
HAts A4 JriatsRE 483 ¢ Q.

21 A 2-th



A 5.2.4 2 A3 2 — Ensemble

71 E mdE3 7|7k 77 RdS AFES Ensemble 2 E 9]
AeS vlaetr] 93 A3ds Jaskglth (2022.12.08 ~ 2023.01.20)9
fFat= 309 E<ke] KOSPIE, 2022.12.08 71+ H 1, 2, 3, 4, 5, 6,
7d Ete] HolHE SEdolHE ARES] EES stEete] oS3l
nel gEAlel AREgE slolH et E e #2310 oA TE 7
71708 dlolEle el HA FtelHtetuE] zgelth o]F 7/ mde
o= ZA3ES ddEste] AMFA A HE 8/ 2de o=
A= 9 5~12 2 1% 129 A Ho] 9l

KOSPI Price Prediction

2425 {

2400 4

23754
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Abstract

KOSPI Keyword Set Expansion
using NLP Model
&
KOSPI Prediction
using Keyword Search Index

Woojin Ko
The Department of Statistics
The Graduate School

Seoul National University

This paper consists of two study topics.

First, we study the expansion of KOSPI keyword set using NL
P model. Starting from KOSPI related 159 original seed keywords,
we collect text and candidate keywords. Then using NLP models
KLUE-RoBERTa/large, KPF-BERT and KB-ALBERT, we vectorize
seed keywords, text and candidate keywords. Calculating cosine si
milarity between embedding vectors, we get similarity/importance
score and by utilizing these scores at 1st screening we extract 8
28 generated keywords. Also, by proceeding 2nd screening on the
basis of correlation between search index of generated keywords
and KOSPI, we get keyword set highly related with KOSPI.
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Next, we study KOSPI prediction using search index of KOSPI
related keywords. As a prediction model we use LSTM. We condu
ct experiments in various length setting of training data from 1 y
ear to 7 year and try to find the best combination of hyperparam
eter for each length of data. As a result of experiment, we could
find that KOSPI prediction performance of using search index of n
ewly generated keywords is better than using search index of see
d keywords, which means keyword set expansion task was well ¢
arried out. In addition, an ensemble model which combined 7 diffe
rent models for each length of training data shows much improve
d prediction performance. It implies giving a large weight to the d

ata which is close to the day we want to predict is useful.

Keywords : KOSPI, NLP, Keyword Extraction, Stock Prediction,
Search Index, Deep Learning
Student Number : 2020—27834
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