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[Abstract]

The stock index is used not only as an economic indicator for a country, but also as an indicator for
investment judgment, which is why research into predicting the stock index is ongoing. The task of predicting
the stock price index involves technical, basic, and psychological factors, and it is also necessary to consider
complex factors for prediction accuracy. Therefore, it is necessary to study the model for predicting the stock
price index by selecting and reflecting technical and auxiliary factors that affect the fluctuation of the stock
price according to the stock price. Most of the existing studies related to this are forecasting studies that
use news information or macroeconomic indicators that create market fluctuations, or reflect only a few combinations
of indicators. In this paper, this we propose to present an effective combination of the news information
sentiment analysis and various macroeconomic indicators in order to predict the US Dow Jones Index. After
Crawling more than 93,000 business news from the New York Times for two years, the sentiment results
analyzed using the latest natural language processing techniques BERT and NLTK, along with five macroeconomic
indicators, gold prices, oil prices, and five foreign exchange rates affecting the US economy Combination
was applied to the prediction algorithm LSTM, which is known to be the most suitable for combining numeric
and text information. As a result of experimenting with various combinations, the combination of DJI, NLTK,
BERT, OIL, GOLD, and EURUSD in the DJI index prediction yielded the smallest MSE value.
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Fig. 1. VADER Methods and Process approach Overview[22]
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II. Related Work

1. Stock prediction using Sentiment analysis
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Table 1. Dow Jones Index

DJ_Close DJ_High DJ_Low DJ_Open DJ_Volume
Count 503 503 503 503 503

Mean 25694 25827 25547 25693 320007512

Std 1165 1123 1212 1167 98774147

Min 22445 22879 21713 21858 155970000

25% 24877 24994 24709 24851 250492500

50% 25649 25775 25497 25657 298735000

75% 26447 26535 26322 26438 361730000

Max 28645 28702 28609 28675 900510000

Table 2. Example of Changing News data Date
Headline Date Prediction Date
Thanks to a new musicaIr,egsee;shlavdo;ist:rvie;igner may finally get the 2018-12-01T11:00 2018-12-01
The season’s scents of fir and pine evoke primal experiences, and .

remind us what we may lose. 2018-12-01T19:30 2018-12-02

0 100 00 a0 a0

12 M EURUSD_close|
1 M"WM

70
QY _close]
65

0 100 00 0 a0

. MMW;M
s

0 100 00 a0 an

0

0il_close|
@
0

0 100 N B a0

Fig. 4. Macro Variables Close price
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ARIMA B0} o5 o] Hojute Zle =Asith29]. =
2l LSTM2 &A1 7141 48] ofujx|u Atelol S A12]s}

=0 a&xoln, S4stL GAARl 549 HolHES
th2= o g2lstthe 2e waWc30]. obx|eh i‘ TLr
A gojget AAE HlojElE F&tolr] Ast dar

=2 od

\

XMEdsl7] 95 LSTM, ANN, SVR Z1710] AL vy Ay
LSTM ®f20] 7V £2 oF 25 B th24].

2 =2oME AAE A B1gd dolEHl FAS
e s3] Hel =8 AT Solie 7V Hol 2
ol&= LSTMS ®HEcz Aflsto] 24509 A7
9]=4(Long Term Dependency) 242 a8802 A
2lstal 7]E o5 SIS S5tALA} ST

III. Data

ol AofA= theEAXISDow Jones Index: DJI)
9] 712 dlIEs] Yol /A HlolEeF AAIZAIR| & T

OJE}S ofgA Akl AASH=A] Bt

1. Dow Jones Index

DJI9] £7}F= Yahoo FinanceE o]&3to] 441519
tt. d}o]Ho] Pandas Data Reader Moduleg -E4f
get_data_yahoo APIS A}&sto] 201849 1€ 14EH
20199 12% 3197HK]9 R|&5 sk 5 503Y
=0oro] LAZEIHAdjusted close), Z7Hclose), A7}
(low), 127Hhigh), A]7Hopen), 2fizHvolume)S I=
2] SitHTable 1).
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News Headline | Text Pre-process ——»| Sentiment Analysis

Prediction
(DJI Close)

Deep Learning
(LSTM)

Macro *
Ecomonomic »-(  Pre-process
Factors
Fig. 5. Model Pipe line
DJIE P <~ News, + Gold, + Oil, + Ex, (Eq. 1)
2. News Data o] Ao m AREs] Yot B WHe AWt &
LA fo]e+= New York Times APIE E3f 20184 =30 MA| 7/1Q= Fig. 55 Esf &olgh 4 9lck

19 1988 20199 129 3197}1X] 8]=UA(Business)
H80o] A2 HA|(Headline) Hloj8| 2 2AIE|Qjc) 44!
H HolEe Al A, g%t % ARE R, 7IAL URL
2 o]20jxl gAEo AA] T, & 70127 939527
o] giol&] oA DII9] ol % 7[7tof] 5ol S adat &
01_9_010 K]ﬂo} 5030]; x%a]o} . /;| KOI— }71— /\]7}
ol I 16A1%E t}eo] 154 598 7HX| Hlo]E7} o
229 £7F 27|50l TS vlRl=z AR BHA|
dlol&9] ER-E vt} FoitkTable 2).

3. Macroeconomic Data
| A eolef A colE el 4 3
Y97t 88 AFEsSHY o, o] Yahoo Finance?]
Yahoof1nanc1als Moduleg o]&3sto] 4 RS 474
St 71 Crude Oil (‘'CL=F)& tj®sk= A 7}HA|
4F 5 Al sy 71%0] He ol=Y gimAgd
A90] WTI (West Texas Intermediate)S AFE-3H%CE
a2 Ul gAet Rlo] 712 57i=9 ghg, 57HK| 9
B ARESH] Sl =, A&, B, iUt 2 REY
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'EURUSD=X')E 2}t 27415tdth(Fig. 4). D9} opkzt
Al= 5030] thst 2t gh89] Adjusted close, close,
low, high, open priceg $41519itH

o

IV. The Proposed Scheme

o|# Atof|A= v fo]E] ol A0l A]A|E Hlo]H
CREARIRDI), 3 F71e 5749 #hgg e

1. Methods

UA gt vieh 2ol DIl 710 ¥ e Fa%
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A el Ot £ WS WA ARt 4
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MSE=— 3} (Y,~ V)

i=1

RMSE =3/ MSE

2 7ol SRS 0% DIl o5 Yok P2
A W0l 7k Bt Cjolst HA| AR Be] Al
Kofe oI 71 o503 LSTME. 56l AAToHA} ik
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jE
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2. News Analysis

%A HeadlineS NewYorkTimesod 44 3.
NLTK VADER®} BERTOf AHESH| 96 NLTK Z&2
olgste] Apst U MR Axz= G}Oﬂq PosterS’—}
WordNetLemmatizers ©o]&st 017} 9. da
</t &, =80l(Stopward)E AIA OJUr. 0]“41 2=
AEE Tolo] oY FHIZ X7 HY A 2AE
Zu|7} =t

H =304 AFESH NLTK VADER &5 2419 &
oohE Adleh & AP TIRte R A A A0 34
1 24, 53 ©olY 7Rl et 48 A4 iV,
0] Compoundingo]2tll s} B =2ois o
YHRl o2 A5k Compounding Heloll Tt 374, £
At 248 BE519th &, Compounding 4fo] 0.25
0201]/\1 0.2 AtoJo]H Z/JEd
0, Compoundlng 7P0] -0.24c}t Yo HAS oln|st
-12 AN B Ao SR8 93,952709] L
At & 2R 31,2807), £ 36,6977), 2R 25,975
¥ ow vlg2 st 4 33.3%, 31 39.1%, +
7 27.6%= AA= .

> rlr ¢

Table 3. Summary of Variable Combination Results

BERT ZH2 Oi+% Hoj8] AS AR shgsto] 7
St Fine-tuningS 3l o8] 71x] Ao} &2 &A=
NEE 4 Q== AQHEUTH23] 2 A7 IFoIA
BERT+ Basic (Transformer black = 12, Hidden
layer = 768, Attention head = 12) /42 AFE3to] 7
g dlolEo] QL& dlolE & AMISlEsIgitt. Batch size
= 8, Epoch = 100, learning rate = 0.001, dropout
rate = 0.39 o] A& =(accuracy)’} 0.830=2 75t
2 Z20E 4304 AMISkS ® BERTZ A9 w2
51]0151 93,952710f] tiet A =4 /5 AlegstRAL

% 9395278 & G4 10,9657, £ 38,13171, ¥4
448557]14 AWS Aot 7H7to] vlg2 A 11.7%

3 40.6% T 47.71%0|c}. 2} 71Ar2 AAEE 3L 5
2l Hxjo

4, 82 i Gl ®#e 4E dAez oA
compounding }o] &+ do]E| 2 AF&stgict

7’ $49) ATES DIl o5 4] 3 W4 ALE
gt Ra 71 A4 242 BERT, NLTK,

~

O
BERT+NLTK 37}X] Bi2 SIEj2 ApR35}dry.

3. Prediction model based on Deep learning

Do} £7t5 oI55t ] st vlgd dlolEet AA|E H
olElg £s7Iol 7P Erdaictn 2eidl deld el
B2l LSTM A18ick 98 W8 35301 5|
9ol 242} rse x} Y2 Hpglon], NLTK
VADER®} BERTO] + 714, 3A) 33k 71, 5717] 3h&
%, R A= i?ﬁ}@l Aedstct(Fig. 6).

Batch Size
Combination Loss
32 64 128 256 512
Dow Jones (DJ) MSE 0.001058 0.000846 0.000755 0.000625 0.000564
RMSE 0.032537 0.029100 0.027493 0.025009 0.023752
bJ + NLTK + BERT MSE 0.001420 0.001077 0.000676 0.000516 0.000436
RMSE 0.037693 0.032825 0.026016 0.022715 0.020903
DJ + Gold + Oil + ALL Currency MSE 0.000913 0.000647 0.000416 0.000256 0.000202
RMSE 0.030225 0.025442 0.020406 0.016011 0.014227
DJ + NLTK + BERT + Gold + Qil MSE 0.000710 0.000479 0.000451 0.000245 0.000187
+ ALL Currency RMSE 0.026649 0.021891 0.021251 0.015668 0.013696
DJ + NLTK + BERT + Gold + Qil MSE 0.000917 0.000482 0.000550 0.000199 0.000148
+ EUR RMSE 0.030288 0.021969 0.023460 0.014112 0.012181
BERT MSE 0.038951 0.030013 0.016581 0.008398 0.004648
RMSE 0.197361 0.173243 0.128769 0.091641 0.068181
NLTK MSE 0.019886 0.017425 0.012136 0.005093 0.002781
RMSE 0.141018 0.132005 0.110166 0.071371 0.052744




54  Journal of The Korea Society of Computer and Information

News Exchange
(E];ELI;\F’}() Gold Gil Currency 5
_T

LST™M -t

I Dow Jones I

Fig. 6. Deep learning prediction method

&5l 00flA] 1A0]
Oﬂ U5t Training
7} to]E] Al vjA]
37](batch 81ze) 32, 64, 128 256 2l 5122 Lo &
45t9ct LSTMO] U=gre 3xp(size, timestamp,
feature)0.2 L]0 aHwe] & 2ol
timestamp = 30, feature= QJ=2iZto] £=22 oju|si},
Epoch+= 2]t} 200, Forget gate < dropout 0.2, &4
3} 3hx(activation function)+= s}o] -2 & E(tanh)
2 Argst9ith o8l uA} 8= Targeto] 7§47t DI &
7} shjol oz, Denseoll] £27ke 3 7l AAstar,
Qeizio] e LSTM 20] 452 S745b] s oS
%t Test Hlo|E{Q] QAREZ AHESH] MSEZa RMSES
AFESHYILE R E o] R3S AlSEIlon ek 9)
L uiso] X3 ulmat A Table. 33} 2t
U Zah, DJIgh AR AHE3S 29 NLTKe} BERT
7217t e R g2 ARRSE Aat ojs] MSE @ RMSEQ]
| &7 USton(Fig. 7), DJI®} NLTK ¥ BERTZ %
ZAH= DJI9F ARESE Adkd ot MSE Zto] 0.000128
%giq, o] ﬂﬂ}é E35} NLTK?} BERTZ 31

s1zet

0

l'

Mol M2 ded xk8-S 5l
oZ 7Pt AR MSE 79l
= ZA| 2% 97t 18] u e 5
EUR/US % % } NLTK VADER®} BERT2] 7} %]
#3to|Qic}(Fig. 8)(Table. 3).
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V. Conclusions
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Fig. 7. Dow Jones Index Prediction
(Only DJI)
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Fig. 8. Dow Jones Index Prediction
(DJI + BERT + NLTK + Gold + Oil + EURUSD)
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