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Zo| AR 229 So dFor T4 f7ks Skt A2 o
Al f7 detel A&EY oA elwe) A diA S
Baw Qsle] AgaA EAZ F/kiT wHe] ouA £ET A
mez7lo] faslo] FgA AxpEe] Flsiel, ARV B5 Fom
BAANZAD] A sk fle] See qUA $YTH FET

Al 25 dFE F71 "zl f7F Sl it A5HQ ATt o) F

aey, f7F Sl S viXE 89 Felle OPEC7E ko] 2%,
FEAGY B, 2298 2L dZe] ol 9regise] Fgol
A AgsA drk. e AAL delHd frte s SlE
ARIMA 22 GARCH E3 T AAIE &4 AFE 77} o FolzARE,
< E°] 71418+ (Machine Learning)”|%

4 7

55 AW e WFE 239 Feature® 835t Qlt}. o & £9]
F7A) - F3W(2009)& WTI 7} <& 23 o2 ARIMA 288 283}
o] 1984~2004Q7HA] % 844712l WTI 7} 714& o] &3t f7te] F
AL dSsidnt. o5 A3 23, 3d(1287]) < 9719 A5 %

3] o=, &gt AAgke] el 1.83~18.07%= HH&ow
10%9] o5 eaprt EASt sHANE, AJAIE 49 5474 T
o)t AFEA frtel GIE nAE gl e dTF=e Sl Erbs
sithe @Al o] At
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Semi-Supervised Learning(SSL)S Z&3lo] vkl Q1S AW
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119 28Y7AE #7} 3712 2016 1€ 49FFH 2016\ 49 29¢
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Agated A4 FAE WTI #71 «52de] dx

71E Aol E F7F o5 23l ARIMA % =

slo] FEHGRL f7h ololdll dFE FE TS} 295 AYusr 2
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2o AZE ZEU9E o8] g7} slEtels 2412 Byt gote] S8

&°] S=mAA ] wAe FAHAA IS Fola, AR 4=
T UEE f7FE dSste Aol 2ad dAoltt. wEbA, 2 AFE Sl
AARSG o= 9 HAo] 7]8ke] Google Trends Data® o]-&3te] f71
Tl Y= T 890F EFstaxt gt S, WTT f7t oS 23 elA
A T, o B ARRHes 283 239 A58 7t ]
RFRIE7} & thole] Ao F4] WS F7iet B3] o583 v
s W, Aol FAE F7IE BE 9 o S=o] JHEEAE A5

2 = AL o 2o Al = AS5EF 2 HolHE AlA
slx, AMANAE Adaptive LASSO, Ridge Regression, Random
Forest, LSTM & t&kst dSE3 S o] &ste] F43 A7E A H
oS A3 FAGT rA|e g ANgd = 283 & dFE Bt

=E3 AAR S ARG

I. 455 4 dlo¥
1. SiTHE o AZDY

(1) Adaptive LASSO 2&

LASSO Regression 282 HAAF5HHY 2] 27k biasE 58

H
oM A AT, dF ALEE 1Y F don, ¥ Addo
2A72] @& 4 ot AN bias7t Ao A W Y A4
o] FFHA &S F U dHo] EATY. Adaptive LASSO+= LASSO
o] 3% biasE F°]7] g WHog A& o} o] FoRit

1 ~
QBIX,y,w) = §||y—Xﬁ||2+)\ij|5j|7 where w; = 3,171
j
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Machine Learningt Google Trends DataZ 0|28t {7} of

S|AATE 271589 4421 7HeR] WY we] 2717} 09l 7ke o

+ penaltyE Be] i, 0°] obd 3|#A Sl A= penaltyES A7
£t} Adaptive LASSO 239 #He O LASSOEY ¢ A& 49 ¥
T2 ¢ 22 MSEZF AFEHo] 52| HdE™, @ Training AH=7F
Zeta, HlaA Noiserl A2 w FEsHA W45 A giti= Heolot,

(2) Ridge Regression 28

Ridge Regression 28-< HAAFHY w)-$ GASA T, 2 Al &
S UGS Aol TS ARe 21T HA%T 5 YEE AAE
ot} olg] AT} o] A w40l A7} FAFAHR Y AHAH F 3o o

ot o

= AdF= dg<s oA A

1 P 2 P P
1=1 j=

Jj=1 j=1

Z A=0 Y 1, penaltyd2 a7/} glem 2 Ridge Regression &
< H2AFFHAE A =, A= o0 Y o, shrinkage penalty
9] ogko] #A] 31, Ridge Regression AT FEA+= 0o 777}
Ridge Regression 289 AL A= FAslst= &4l penaltyE
FOo 84 Bt} smoothsHl AlFE A¥E & ke Holoh

(3) Random Forest 2&

Random Forest 232 Decision Tree?] EFET J=E
71 918l, o2l 7ol Treed At 242 Treed 5= F Z3stH
25 Uge #2258 7K At of (a9 1) Random Forest &
o F25 HolFm it}

WiAeow dY WIS Tt 2 Treerttt FHAZ]E HolE7t
t2A4 J8=H, Treed] M47t B2Ts FAdes MAHAR, 71&717}
wHshs Aol EAstA "t
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(38 1) Random Forest #Z=(Random Forest structure)

Random Forest Simplified
Instance
Random Forest ////‘/ / \\\\\
@ (‘{?‘X
AN db&bdbob PASPANPAND
Tree-1 Tree-2 Tree-n
Class-A Class-B Class-B
| Majority-Voting |
Final-Class

(4) Long-Short Term Memory(LSTM) 2%

71&9] Recurrent Neural Networks(RNN) ¢ag]&or HEAYsh=
A 7187] &4 A4 (Gradient Vanishing Problem) & #loisl7] <
gt WPHo R AAEAT. 717 aH FAE, 2YFo] B 05 HAE

242 Bel AHF %Q% LApF AA Fol50] 5ol
A e fﬂ%—% omlahs, LSTM €xel52 (28 2)9t 2o 471e] 4=
28 AT A 2HOlE(Cell State)gl Ee]& zdwlolo] MES ARg-s}
), Z} gle HEE Fddr ok (2" 2)= LSTM 289 ol A
2]

(a8 2) LSTMQ| HIoIE| XM2| L2|E(Data processing algorithm for LSTM)

he
Output f
Cron oy - | ¢, —¥» Vector
— s } 4 n .
Cell state : 1 QO Operation
an
i or - Gate
). X
ft Ct
he—q - h,
Input
Xt
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2. HO|E

B Ao 20049 1¥€5E 20209 1227412 WTI f7ke] o9
AAE AsE FHEAFE ARSI FADRAIGA AakA] o] wet
WTIH, Brentf, FHlelf2 ER/EH, o] 5 WTIe AT gAk~ F4+
2, 45 3 AER AU 50 ddd 4TS F= AxelH, vl= o
TEAAAYA(NYMEX) ol|A] 1983dFE 45

F7kel Aslol e WEE 2] A8 frleh #
Azt Fo ygle] M & A vl=r O At Yaker/ AR/ aE
FUF T F 10709 dolElE it ok (E 1) WTI

&= flal AT ¥ 2l2E, 5] 8 EXFE HolEr

(E 1) WTI &7} 0|52 s&i5l7] sl &gt Y 2|AE(List of variables and

data sources used in analysis to forecast WTI crude oil price)

NO Cllo|E{H 7| X

1 WTI 7+ Uy Opinet
2 3 M7 & Y L EIA
3 Qe M7 & MutEf 2y EIA
4 iAo M7 F Akt =L EIA
5 AtRLC(ol2tH|0} M7 & ALk L EIA
6 O|= A{et Akt 2y EIA
7 Oj= AEt 2|2 =L EIA
8 o= Mgt &2t L EIA
9 ol= Mgt sz 2y EIA
10 /e g Uy NAVER 22
11 Google Trends Data - ‘oil’ 2 Google
12 Google Trends Data - ‘crude’ 2y Google

. EIAE Energy Information Administration < 2ju|g}.
Note: EIA stands for Energy Information Administration.

FTEHF] WTL #71e] Hlole 57l oA, duuiez 48d
S| F7I7F ol7] wiZel, dlely 717t 4]l HolHE €
oA E dHlelH® ®igsto] ARGkt &3t #7F B4

A 1= FAE A8k Google Trends Datag W= E-8313iTh

o

Google Trends Data® Fo]zl 717t E<F Googled] A <A &35}
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AAA 371 2008 TEHE 12979 gl A7I=, f7)
°F 68.9% 3tEtslsl e 01 A7l E W= F5917] ARE AA 7]
7} gstElo] M ot Ak FHA sHE]= 20149 6€5E
20169 19714 sidats A7I=E, 7t 70.0% stbislon, %
A SACE 3 FF o] ddoldnt. w3, 22Y A A F
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Machine LearningZ} Google Trends DataZ o|&st |7} oS &

27]E 2020 195E 497149 sldete 71zte 2, f7b7) 84.0% st
gelglon, ZEY 192 Qlgle] oyA] &aHE = AA /A BE
& AFAA FA f7F ok B oolyAl 8 s skl (F 2)E
F77F 60% o1’ stFelg| Al7lel Wi WTI f7F MSES HolFn
k.

-

(& 2) WTI 77} HHSE(Changes in WTI crude oil prices)

2008.7~2008.12

2014.6~2016.1

2020.1~2020.4

TIKHS) HMSE(%) TIKS) HES(%) TIKS) HEE(%)
WTI [133.4—41.4/ -68.9 |105.2—31.5| -70.0 62.7-31.5 -84.0
B Ao E 201449 695 20164 1971Ke] WTT Bl 218714}
£ ST T, f7 S I 5D MY WS e bolE FE]

Google Trends Data2] %

2140}

Folgk WTT H7tetke] <

(ehf)
(
ot

PH—Q

TR

o
9
o
ﬂoﬁ‘
o

12
ol
-
o

2} gtk (O’ 4)9] Xﬂ’ﬂ% vlel o] Web scraping WTI
f7F #H AETAE F 532000 FEHEeH, f7F B Ale]EQ]

Investing.comell WTI #&

A7 R wol Fe 7]
A MBS giate =z 38t D

el
°
o
o
N

(38l 4) Web scraping &1} 01|A|(Example of web scraping)

Natural gas futures higher in U.S. trade

Ivesting

aoan "

{'Jun 03, 2014 01:10PM ET": 'Investing.com - Natural gas futures were
\ higher in US. trade on Tuesday.#n#nOn the New York Mercantile
| Exchange, Natural gas futures for July delivery traded at USD4.633 per
million British thermal units at time of writing rising 0.47%}n¥nit
earlier traded at a session high USD4.662 per million British thermal
units. Natural gas was likely to find support at USD4.489 and resistance
at USD4.665.%nWnUS Dollar Index, which tracks the performance of the
greenback versus a basket of six other major currencies, fell 0.16% to
trade at USD80.56.ni¥nElsewhere on the Nymex, Crude oil for July
delivery rose 0.02% to trade at USD102.49 a barrel while Heating oil for
July delivery fell 0.54% to trade at USD2.8618 per gallon.’}

trade at
tovade at

for July delvery fell 0.54%

1) www.investing.com/commodities/crude-oil.




FHE 7N T A dolE FE] fE 92E EAE B ES
(token) ©9IZ #2]3 ¥, Natural Language Toolkit(NLTK)®] “g<]
g ol 8] (Stop word) B|2EE Abgsle] 805 AASH. (2
5= BE&olE A 04] AlE HolFa glew, (18 6)& E8ol7} Al
AH ©ols F WA FEdte] AAekaL vt

(a8 5) 2801 MA olAl(Example of stop words removal)

U

notwhich betweenb gnce
@ W haotm v‘in(wuto
nd W of a% in
dide.but
thisW !J;

(38 6) HAl == 0|Al[(Example of noun phrase extraction)

Or for from before

!flm

jobs™'“l*mexpectations

support
report

galsy 1‘ qmat;ta ‘ r'és1stah'&'e"1ce " Q
mﬁi tur%§§

yor o —
JUWharrel:

session n

market

ot (& 32 F=d WA T B9 3749 HHl ool HI=S HoF
Roem, ‘oil'e]l 20,5493 2 7 T HIESFE HolFa glon Ot

O & ‘crude”} 9,5863 2 F AR =& HIEFE HAAFa 95
AT,

R

o)
=

tlo
&
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(& 3) AHI &to] F&E(Top3) (High frequency words extraction (Top3))

29l Elof Bl
1 oil 20,549
2 crude 9,686
3 futures 8,624

#7119 AEIAE Fhs] 323 dolg Jked RIwvE 7P
=2 F @ol(0il ‘crude)E 722 AN JI9E FA1E A58k Google
Trend Data® A3t 718 dS3sh7] e As= Abgate] f7t
o] dSEE NI F deA BT

1. ZH0lE 2 AlZs 77t o= Za}

7 dlS 239 383 H sl vlustaar F 419 d5 =Y
Ag3sle] 232 Root Mean Squared Error(RMSE)E W w3kt
Aol] AHE-S HlolH = 2004 1958 20199 12¢€71]9] €4 HolH
£ gFdlelH (Training Set) & ARSI, 20208 1945 20204 12
A71219] "HolElE BlAEdo]E (Test Set) 2 A&ttt A+ 7ME A
171 glal ARelH e Feae Wsh £ a2 B S A
F Vg Msst e dole] ale] FAE MR F/HREE )

daptive LASSO %3, Ridge Regression, Random Forest

ttlo

e

il

ol
r-m

NN olN
i l
-~

Ju ]

N

o} A2 714 dF Bl Bo] 82 I LSTM dudEs 24
st 2o o5 Blasiitt2) A4 TH % w8 ¥ FIHCHE
83 A7HE S dake v (A D Zrh

2) AFElEE (E Dol AL uish Lo], FHASE 1) WIT #7128 o] §315)
o, ARESR 2) 33 A8 2 ANE - 10) 9/28 gl dgels HolHE
olgal 2R e

10
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(38 7) HEOI0|EZH AK2SI0 F£HE ol 28 Z3al(Estimation results from
forecasting models using structured data only)

Adaptive LASSO Ridge Regression

i

Random Forest LSTM

Al A

% Ay, Adaptive LASSO R2&e RMSEE 9.160°19, Ridge
Regression 289 RMSE+ 9.753& uElyttt =3 Random Forest
3ol RMSEE 10.796, LSTM 23<] RMSEE 11.3392 4=
ot 4 27s s, Af FF 2 o 3 ZPolEs &8st
F712% 3 Adaptive LASSO R&9] o =o] 7} & Aow urﬁ}y;
om 1 2= Ridge Regression 2%, Random Forest &, v}
2o [STM 2¥9 ¢o g d&3o] £ oz Yt}

s AedlMe AF 35 2 Fa2 #d FIPuolEl Wk ofyz} Google
Trends Datag AFH&std f7IR3 S dSsta FFdolHs A

7A5e] 2sg vlmsel THA,

2. MEOO|EI”t Google Trends DataZ &M AtEst

w7t o= Zat

ofi

F7b ) B ARIAL F WA e WolQl oil'e] Ao} FA

(Google Trend Data)E& F713 §7128 o= Aae (O™ &) o]
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e

(38 8) MEOIO|E{Q} HIFHMHIOIE|Q! ‘oil'] HAHO FMIZ &l AIR510] £HE 0l
23 Znl(Estimation results from forecasting models using both
structured data and unstructured data (oil’))

Adaptive LASSO Ridge Regression
) ' ) : date '
Random Forest LSTM

WMWM

2y 34 27, Adaptive LASSO R3] RMSEE 9.056, Ridge
Regression ®3<2] RMSE+ 11.3202 YElstth. T3 Random Forest
=ge] RMSEE 10.722%, LSTM 23° RMSEE 8.828% T4 =%
o 4 A3E Aeskard, AR 38 2 78 v FYdeld % v d
dlelEQl oil o] FAe] FAE &4 f71RE T LSTM =239 59
o] 714 F& oz Jehdon, I tgo® Adaptive LASSO =¥,
Random Forest 23, nlx]2to 2 Ridge Regression 532 £02 4
Zgo] & F o2 YET

olgff (™ ol F7t k7] &<t ARTIAL F HeT =2 7 Toldl
‘0il'¢}t ‘crude®] Moy F=M|(Google Trends Data)E& F713t f7128

& A7} AAE o] et
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(agl 9) MEOHIo|EIQt HIAEOIOIEIQ! ‘oil’, ‘crude’E &H AL23510{ £Hst 0| 2
A1l (Estimation results from forecasting models using both
structured data and unstructured data (‘oil’ and ‘crude’))

Adaptive LASSO Ridge Regression
) date date
Random Forest LSTM

A A

% Z¥, Adaptive LASSO =3 RMSEE 10.564, Ridge
Regression E&<¢] RMSEE 12.5392 uElsth F3F Random
Forest =39 RMSEE 10.780%, LSTM E3<e RMSE+ 9.420°2.2
FHEAT. 4 AAE FelekAbd, AR 38 2 78 o FIdelH
2 v FUolEl 0il % ‘crude’® Ao FAE &3 fUIREY F
LSTM RE&e d5ge] 7P $2& ez ussion, 1O teo=
Adaptive LASSO %3, Random Forest =3, wkX|2eZ Ridge
Regression 239 o2 dZHo] £ Foz Yelyit

F7F S 2E82 FEHlHE AR R 717} stebr] st A&7
Al T RIETE 2 do] 2705 AAste] HAo] FAE HeE 718 2
o] o &g Hlwg A= (GE ol AAIEAUT

AR 3H 2 2 Bd JYdolEE 283 23] RMSEE Adaptive
LASSO, Ridge Regression, Random Forest, LSTM T2.2 YA 3
A=At} b, Adaptive LASSO 23] RMSEZF 7 w7] wjio]
4708 BE F dS5go] 7MY £2 Eolgtn & Uk FFdolH e}
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f7b el Bt ARIAE F P HlEr A FEE o] il
Google Trends Data® F713F 23e] RMSEE LSTM, Adaptive
LASSO, Random Forest, Ridge Regression 22 WA F = ATk
u2bd, LSTM 23] RMSEZF 7 $71 wiiell 4709] o5 28 5 o
Z8o] 71 22 Byolgtn & 4 it

(E 4) ®71 0= 28 H1H(RMSE) H|w(Comparison among the results from
forecasting models (RMSE))

Adaptive Ridge Random
LASSO Regression Forest LST™M
i) d&oolH 9.160 9.7563 10.796 11.339
i) & +d|dH
Coil) HlolE] 9.066 11.320 10.722 8.828
i) dg+d|1dY
Coil'. ‘crude’) HlolE] 10.564 12.539 10.780 9.420
F11) FFdlol", i) ¥&+49A 2‘é(oﬂ ) ©lele, i) FF+uEE (oil’, ‘crude) Tlol¥
£ AH835te 7L7‘ FAe 47K 28 F 7P 9+ RMSE#S 7HHle 282 BoldA=

._L}\]E oh—;]_
Note: The lowest value of RMSE among four forecasting models is in bold using
i) Structured data, ii) Structured + Unstructured (oil) data, and iii)
Structured + Unstructured (oil’, ‘crude’) data.

Fgdelg e} {71 ster] B2t 212714 5 H=r) 7 =4 5
o] ‘oil¥ FHAIZ WIEr} =& wo] ‘crude’® Google Trends DataZ
71k 289l RMSEE LSTM, Adaptive LASSO, Random Forest,
Ridge Regression £2.2 Y| 4= A}, wabA], LSTM 2& 2] RMSE
7} 7V ] wiiZel 4709 B3 F Sl P £ B¥olgta & &

r

LSTM €xels 5474 47139 telHE 7193 %M Training Ul
ol vls) 5ol FA Jehds &
23R A ¥Ert =2 o] vil'e
A A3, 4719 23 F Ridge Regression
23S A9 3/ 2o RMSEZF WA Uehdt) oil’ ¥ ol £
AR WE7l =& o] ‘crudeE FUK3F 2o o =Z3}, Adaptive
LASSO, LSTM =3<] RMSE7} GAl Uebsith.
el B AT WTI $712 o= o, A4

ol

—L
=]
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4

8 ¥4
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Forecasting Crude Oil Prices with Google
Trends Data Based on Machine

Learning Methods*

Seonmi Kim™** - Dooyeon Cho™**

Abstract

Forecasting crude oil prices is an important issue, especially for
Korea which is the importer of crude oil, since fluctuations in
crude oil prices may have a negative effect on the economy. This
study investigates some factors that may cause fluctuations in
crude oil prices with macro variables as well as Google Trends
Data. By employing data on oil demand and supply mainly used in
forecasting models for WTI crude oil prices and trends on keywords
highly searched during a period of a decline in oil prices, it
analyzes whether it can improve forecasting power. We find that
including Google Trends Data, besides data on oil demand and
supply, can improve predictive ability over the sample period
January 2004 to December 2020. To compare predictability in
various models, we employ Adaptive LASSO, Ridge Regression,
Random Forest, and LSTM. The results suggest that the LSTM
model outperforms other models when both structured data and
Google Trends Data are jointly used.
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