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A dolg o S0 A il
T oottt o] HAEHE FAA d5s AR FE AMEHE
o] = 2421 (Trend analysis), 3 2% (Smoothing Method),
3 *H (Decomposition Method), ARIMA(Auto—-Regressive Integrated
Moving Average) “12]31 ARCH(Auto-Regressive Conditional
Heteroskedasticity) 2] HHo] o, 1 2o % % &
F-ok(Domain)oll W} Spectral Analysis Y Wavelet Analysis ¢ &2
259 99 (Frequency Domain)ol| A1 9] #2A¥H o]} Auto-correlation
Function 3 £ A7t 99 (Time Domain) .2 F#5 < WHELE Qlth
o] & 1976 d Box ¢ Jenkins o 93a] &7lE ARIMA E3ge] 4%
AL 54 o] Al e v FYEA FAE T

Hgstel el Zshe g Aol Foldta J1E dF w3

T 9
G (Univariate) ¥4 o] 2h= SHAIE HolA Atk [13] o83t 7]+
AAIE 4 W ddS Beks wrlo] 1980 Sims 7F aLokstk

NN R AT o] gd AT AxAL TS

=
AR R3] thd g (Multivariate) HEH|Ex & 4 9=
R

Sl
e,
o

= oo ot v 2
o 2 -4

30

oo Q

VA A&l =H VAR 282 Ay WA A AAeF vszsty
=2 db2 BEX(Impulse Response Analysis)™< 3 t}J& EA

HE7E WA W] mX &= e avs getd ¢ ve d, a8a
F-AF B8] (Variance Composition) & 58] z+ WA W42 W3}
oA 2 WgrE AA WEed e 71 B Al maE
R e WA WgEo]l LAkl w@e] SFAE Hg wheAdS 49
Ry o] YA W v ddA dde] dig ARE A
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A S olths BAY 549 Jbathii4] o] ojsh ge
s AAE B4 "y 258 AA I3A @ o2 e 3A
gol 2o UegomA We 0§ 1o 454s 2 A o
RS AFehe] Foh VAR BPo] g% T WPe mY e mE
HEE YA A2 F 33817 wol g2 AAE dolEete] A
AekolLt <o) w4l glo] Aubdel ez JRashe] BHlH pAS
o]-&3l7] Wl AS5HE = T o] AAE A FofkellA FEA
AbgET FEbAel Ao® gdshd v Zrh[15]
Ri=ARi_1+...+A R + ¢
E
Rtl A1 A1z Agz . Agq Rtl—1 Ay Ay Ay o Ay Rtl—k €1t
R? Ayy Apy Aps . Ay ||RE, Ay Alyy Alys o Ay ||REK €2t

R} [T |As1 Asz Asz o Asn||RE_, [T+ | A3 Alsy Alss o Algn[|RE, [ 1]t
R? Anl Anz An3 Ann R;l_l ,nl A,nz A,n3 A,nn Rglk €nt
0 B L D25 WA £

ke 2L 15E[E AIXE9 7 (VAR(K)

Ry Rep, Rk : 1 xn H~ HIE

A A nxn F+ OJEE/A

el xn A HIEH

VAR B39 #4& aides o3 W 5F3-(White Noise)&
Q

Al2HE A S 7] 2+ Akaike(AIC), Hannan-Quin(HQIC) 2] aL
Schwarz(Bayesian) s©°] $t}.[16]

VAR g2 oA d53sh whep o] By off Be Wias WA
Hyg hFsh7] wied ol" Wrk A wigrolal oW Wrt &4
Wgvielx] sk gt glvlel Byo] wEsAn, dutdow

RS

A AR 29 gkelld 1 oglel AR E WER Ao Aurt o

S wa gpolA el Mew QAnEelA 99l0] B W
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Al 3 % dHolg &4

Al 1A Helg 3 2 AA=

3.1.1. i A3 & dHeolg 3

e
r2
o

| AFEE dolE+= 2019 1€ 19%E 20199 12¥

?
3197 19 B (Web)gol olz AAR kel vr)of
AUEE Ygom 228 AgA ES e 453 A2
6 /WAtel thstol 2 AxAMS} BEIE A AEES NFOR £1S
Agstgon FH8 A A%(Title), Ul4(Content), 1 ¥t}

Jlizkaﬁmim

ZA'l=9] 3 (URL) 9 AAl Al7HPost Date) ol tst JHE
F3H3h 6 MY AHsaF A RAME FEE AE A58 A9 1004 F
A9 HEzAE 7T ARANE 7[R 3 deolge] Ao 7]l
gold =7t AALE Frtetglon HE AEa JANA THE
FETL Qe AR AR, BoR U As A AFRANE 2§
Z 67 AFRAE AASAT 122 F= 121,237 M9 282l 1o

A =g FPsiglon], 7124 A el & Fho] HFHom
64,703 719 HlolE7} E AT Ao AM&H QT

Title Content Site URL Posting Date and Time
How to use Map App on Corolla 2020 SE? _ || have an SE Corolla 2020, and when | select the Map button it says "Navigation app |hitps//www.reddit.com/r/Toyota/commen| 2019.12.31 4:23|
Prius Prime heater question The 2020 Prime owner's manual states on page 510, "To prevent 12-volt battery disc|https;//priuschat.com/threads/prius-prime 2019.12.31 3:06)
Toyota RAV4 Hybrid Adds Juice To Namepla{Toyota RAV4 TRD Off-Road version. TOYOTA Toyota just keeps improving its flagsihttps,//www.forbes.com/sites/dalebuss/204 2019.12.31 3:05|
Toyota RAV4 2019 Video Review The Toyota RAV4 is regarded by many as the original Sports Utility Vehicle, and ove{https,//www.motoring.com au/toyota-rav4 2019.5.17 0:00|
2019 Toyota Tacoma and RAV4 Just ReceivgIf you are looking to buy a new car, one of your most important factors could be how [https,//www.torguenews.com/6626/toyota 2019.5.16 21:51
Japanese Aluminum For Tesla Batteries ExclyTesla Gigafactory in Nevada gets a little boost as the U.S. Commerce Department hghttps://insideevs.com/news/356447/japang 2019.6.25 8:00|
Tesla Semi Test Hints At Towing Capacity: Vi{One of the new videos of the Tesla Semi spotted on the road provides us with an opp https://insideevs.com/news/356428/tesla-s| 2019.6.25 7:56|
New electric Ford Mustang with Tesla-inspiredFord Mustang electric (Image: CHARGE) An all-electric Ford Mustang is set to debutihttps//www.express.co.uk/life-style/cars/1 2019.6.25 6:45|
Model 3 AC only works on "LO" temperature §/So | took my 6 months old model 3 MR that has (had and later updated to 4.1) 2019.2https//teslamotorsclub.com/tmc/threads/1| 2019.6.25 5:56|
Tesla Model 3: A Tesla For The Masses, But {When Tesla first came to market, it did so with an two-seat electric sports{htt; insideevs.com/reviews/356544/vide) 2019.6.25 5:18|
Tesla Model 3 Races Through Boring C imes boring is a good thing. Some may say this video is pretty boring, but we t https;//insideevs.com/news/356275/video- 2019.6.25 5:10,
Tesla Gets Tariff ion For Japan-Sourc(Tesla has been granted a tariff exemption on aluminum it imports from Japan that is ujhttps;//www.carscoops.com/2019/06, [es\a,‘ 2019.6.25 3:00)
Fisker Electric SUV New Teaser Shows Turn|We also get to see the pop-out door handles. When you think of an electric SUV bornjhttps://www.motorl.com/news/354717/fish 2019.6.14 16:21
1 think | just saw a prototype for the it has been a long day and | am just imagining things. Or maybe there is a ma{https.//teslamotorsclub.com/tmc/threads/i 2019.6.14 15:43|
sell my 2019 m3. Please advise how to sell my new model 3. It's less than a month old. Great car, but {https;//teslamotorsclub.com/tmc/threads/d 2019.6.14 15:02)
New Easter Eggs Games Coming to Tesla | Tesla already has a few games in the cars right now. Asteroids, 2048, Missile Comm|https://www.torguenews.com/7908/new-eq 2019.6.14 14:55|
Tesla is delivering 1,000 cars a day en route t(Tesla is trying to achieve record deliveries this quarter. It is counting on the North An|https://electrek.co/2019/06/14/tesla-delive| 2019.6.14 13:29,
TeslaCam Captures The Sudden Fury And DelLast year Tesla made the Model S, Model X and Model 3 front cameras available for ¢https://insideevs.com/news/354707/tesla-d 2019.6.14 12:48
Next-gen Ford Ecosport Based On Ford Fiest{The Ecosport is among the best selling vehicles for Ford in India. The S|https://www.cartog.com/ford-ecosport-ren| 2019.2.25 0:00|
Maruti Baleno Recalled In India — Free ServidGet the Best Drivespark Stories Subscribe Now notificati 2019 Ford Figo Facelift| https://www.drivespark.com/four-wheelers| 2019.2.25 0:00|
X1 Racing E-Sports League Announced — A |Get the Best Drivespark Stories Subscribe Now notificati 2019 Ford Figo Facelift| https://www.drivespark.com/four-wheelers| 2019.2.25 0:00|
Vauxhall Corsa: 2019 supermini spied with prqVauxhall's all-new Corsa has been spotted testing with less disguise, a few weeks af https;//www.autocar.co.uk/car-news/indus 2019.2.25 0:00)
Ford Kuga Vignale review There is no doubt that the continuing popularity of premium SUVs has prompted Ford|https://www.carbuyer.co.uk/news/167418/] 2019.2.25 0:00)
Ford probing possible problems with fuel econ|Ford Motor stated on Thursday it has employed outside experts to probe its vehicle fhttps/speedlux.com/ford-probing-possib 2019.2.25 0:00|

(27 3-1] =4 dolg «A

(D) A9V Y -Volkswagen, ¢FAlo}-Toyota, &1]-GM
(2) 9o =2 AZEAF F7F - Ford
(3) A7)|2A| ZAF — Tesla
(4) =Y A ZAF — Hyundai ) _
15 2 A 2] 'a:ﬂr
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FHE delHE Mxe] Ay #FSe AXA Fi g 4&'&
BT ol AEZF M= A o] 4 Ade] o= 5=
o7& »17] of ¥AJo] Hg3t FJe|l=Z Data Cleansing 2H] 0]
Fostth[17] & Aol = thaak 2ol 3dAdd A 7242
A2 X—}ﬁ% RS Sasg
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ARE wste] $o HolEE RobA AASE YU AHgHAT,
FHHOoR FHe Farel AANE dolge £ AA HelH e 10%
o fel et
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el A deAd 5 W vals) dels Azl #an s E=
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delHE 82 = dvk= Zdel Avh[19] 2y o0& 7|9 =
7 FRAA M E 2] Aol ojA = dolE S0l A
ded T 7IHEE Edetals oy B AlxzAbel ddE A
g duse FEeIAY oY AzANY BAEE Wi vass Ao
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213t Aotk =8 dHele e 7k Fwalrledl FAlek Aol
A= HlolHE AA = WHol obd FA A¥Ae] =2 HolHE
=ole WA om AAgE JgPelon, FA digdo] w2

ol E FE35t7] flste] AxzAPE Ay V=S Ve R Arx]
A FAE 2 e AlFel V' 7INE=E 2Fsk=T) ol
gh dolgE gttt AlzArd dd 7= AL F=elA
Tk AAo] A Au 2=l 2 EWN=(Google Trend)E &85
199 193 A PSS 7IFo =2 3 49 25719 dag o=
=3 v T A7 23tetal = Al A Abs AL

A s Telete]l AAsks WAe FAskdlen ol& Fdte F 81719
Aus AAR L AZAPER 7~18 /9] 719 ERE AEAYS
gttt ol g WAL AR FA Aol FS HolH Y £
7Ha sty FEE dlolEo] FA] AdAde] Foblv= Aol 3

"GENERAL MOTORS.

TOP TOYOTA VOLKSWAGEN TESLA FORD HYUNDAI GENERAL MOTORS CHEVROLET
1 toyotacorolla golfvolkswagen tesla model ford focus tucson hyundai gm chevy
2 toyota2019 golf model 3 ford fiesta tucson gm motors silverado
3 camn polo volkswagen model 3 tesla ford ranger 2019 hyundai gm general motors chevrolet silverado
4  toyotacamry polo tesla stock ford f150 elantra hyundai ford chevrolet cruze
5 rav4 w tesla truck ford mustang santa fe ford general motors ford
6 rav4 toyota volkswagen passat tesla price mustang santa fe hyundai general motors car chevrolet camaro
7 toyotayaris passat tesla model x ford explorer hyundai kona general motorsstrike  camaro
8 toyotacar volkswagen jetta tesla nikola ford transit kona general motors stock chevrolet car
9 honda etta tesla car ford car hyundai car chevrolet chevrolet spark
10 toyotatacoma volkswagen tiguan model s tom ford hyundai accent general motors company chevrolet 2018
11 toyota hilux tiguan tesla model s ford fusion hyundai sonata general motors chevroletchevrolet aveo
12 toyotahybrid volkswagen car model x ford escape hyundai i20 general motors cars toyota
13 used toyota volkswagen beetle tesla cybertruck ford ka accent general motors news chevrolet captiva
14 toyota highlander ford cybertruck ford edge kia general motors jobs chevrolet corvette
15 toyotasupra audi tesla 2019 ford mondeo hyundai i30 general motor nissan
16 supra volkswagen up tesla roadster used ford hyundai j10 general motorscareers gmc
17 toyotacars toyota tesla model y raptor ford hyundai venue general electric motors chevrolet cars
18 nissan volkswagen cars model y ford st toyota toyota equinox chevrolet
19 toyotatundra volkswagen gti tesla news toyota honda chevy onix chevrolet
20 bmw volkswagen caddy tesla cost ford kuga hyundai creta gmc chevrolet onix
21 ford volkswagen touareg new tesla ford truck ford general motorscanada chevrolet impala
22 priustoyota used volkswagen tesla cars ford cars hyundai cars general electric blazer chevrolet
23 toyota4runner gol volkswagen used tesla ford gt creta general motorsindia blazer
24 toyotachr nissan tesla stock price ford ecosport auto hyundai general motorsmexico  tahoe chevrolet
25 switch volkswagen transporter aktietesla ford 250 nissan general motors michigan chevrolet colorado
ford, focus, fiesta, "
toyota, corolla, camry, " silverado, cruze, camaro,
. i volkswagen, vw, golf, ranger, f150, mustang, hyundai, tucson, elantra, N
ravé4, yaris, tacoma, hilux, ) tesla, model, model 3, " ) spark, aveo, captiva,
Key . polo, passat, jetta, explorer, transit, fusion, santa fe, kona, accent, general motors, gm, . .
highlander, supra, ) model x, model s, ¢ . . corvette, equinox, onix,
Word . tiguan, beetle, up, caddy, escape, ka, edge, sonata, i20,i30, 10, chevrolet, chevy, GMC .
tundra, prius, 4runner, cybertruck, model y N impala, blazer, tahoe,
touareg, gol, transporter mondeo, raptor, kuga, venue, creta, kia
chr colorado
ecosport, f250
No. 13 13 7 17 13 S 13
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el (Labeling) & e 2o 2 & Ao s AsAE AEo=
Fo A, B4 713 B Ao sidsts A ul Al (Professional
Media), 4RFAQ1 A2 T3 AEAL AHA], w2 A %—Oﬂ
S Fst= Aut v A (General Media), AH&s2Fe} #HH 5539}
AF&2F 1E(Consumer Group) 18] ¢kA A3k 3 71 & o
fraoll e 3= % ¥+ 7]EF A (Others) olE A 4 7HA 2 1 18 &
Tk wiAle] FE2 dlo]E X (Site URL)ANA Al F49)
gy FEs AQsta oF wAE UEdE T4 FERks
Lelste] e iAo BA S 7ITo R v F8S et
Aol AREE A HolEldA TEE AL 2 wA(FL)
569 = A FZAPERE 258~420 7] AX9 ¥ mjA] 22 7HA =
Ao yetgrow olygt dAe] AAHE ot Hx Fd9 HolH=
& 121,237 Mol A 64,703 =2 F 47% 7HAsSith. 1 9o F7tete]
u]jﬂ_r/}ﬁ]cq]/q ASgkel A2l e W23 (Smoothing) 9t 2 Tlo]H

’

"

o

Hm

1

=
oAt &
=~ =
T= 6

N

Aele E4E st A T dadAelA HE&stdon o %
ol =S o
Rz AL HUHF LT sles 4 719
Volkswagen (1) MNA XCh XtsAH = 12 14,216 7,766 13 VW, Volkswagen, passat, jetta, golf, ...
Toyota (2) CHl BHale 229 1¢ 29,434 14,383 13 Toyota, Lexus, Camry, Collora, Yaris, ...
General Motors (4) 20| %[t} ApSKF M ZEA 13,105 6,605 18 GM, General Motors, Chevy, Chevrolet, ...
Ford (6) MAZIC] ®7| Kb A=A 22,292 12,127 17 Ford, Mustang, Explorer, F-150, ...
Hyundai (5) 22 59 XAsA M= 28 26,695 13,898 13 Hyundai, Kia, Sonata, Elentra, Auzera, ...
Tesla (-) MAZIC] M7\ Kb M =LA 15,495 9,924 7 Tesla, Model 3, Model S, Model X, ...
)2 R 20194 HZA 25 A 121,237 64,703 81
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UM ZIEA] A AT SRd voly AES] VE 4
AR vdo] fEEE AT viAlY HlTo] HAY] A =
58.1%= AFA|3taL o 1 FHE o]o] ALEA} 1EI Aub ufA) 2
H|Zo] Z+2F 18.5%, 18.2% = A3 HlFS A8t &S & &
Atk ol & F8te] Ay VA T 713 viAlel A B E = dd=
Fol AAl Holg 9] 76.6%% s AAeh= AoE e
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uf| 2| o] A
Z2 81.8%% U2 EolRAtla

FORD GM HYUNDAI TESLA TOYOTA VOLKSWAGEN TOTAL
Consumer Group 1362 11.2% 1333 20.2% 1546 11.1% 1525 15.4% 5304 36.9% 906 11.7% 11976 18.5%
General Media 2356 19.4% 892 135% 2347 16.9% 2570 25.9% 2214 15.4% 1407 18.1% 11786 18.2%
Others 899 7.4% 593  9.0% 310 2.2% 682 6.9% 457  3.2% 412 53% 3353 5.2%
Professional Media 7510 61.9% 3787 57.3% 9695 69.8% 5147 51.9% 6408 44.6% 5041 64.9% 37588 58.1%

TOTAL

12127 100.0%

6605 100.0% 13898 100.0%

9924 100.0% 14383 100.0%

7766 100.0%

64703 100.0%

3.2.2.

wlcio] glolg]
uy A Az 7

Uehbs AR Ee] A

R,

[ =

3-31 A=APE vido] £9 2

dole BANE 54

=
=
2
=

ﬂ%

—— FORD

—— HYUNDAI
—— TESLA
—— TOYOTA
— VW

|

ol
‘ AHM"‘ ‘l.-vA“ 0 '!W‘ «‘"\

I 1 b ; I
il

2019-01

2019-03

2019-05

2019-07

2019-09

[JE]U 3-3] Xﬂf,l_/\]_lﬂeﬂ u]qoi %/Kg

20

2019-11

AAE ElolH

Al

2020-01

AT



Professional Media General Media Others Consumer Group Issue
MFR.
Date Count Date Count Date Count Date Count Date Issue
2019-11-18 120 2019-11-18 44 2019-11-18 23 2019-09-26 11 2019-11-18  Electric Mustang SUV Mach-E &7}
2019-04-03 87 2019-04-03 34 2019-01-10 11 2019-02-05 10 2019-04-03  Ford China 2.0 2 &
FORD 2019-01-14 74 2019-07-12 33 2019-04-03 9 2019-03-21 10 2019-01-10 & AMY ZfH(QI/ZFoh YR
2019-04-02 71 2019-06-06 30 2019-08-22 8 2019-08-07 10
2019-01-10 59 2019-01-10 29 2019-10-25 8 2019-05-09 9
2019-07-19 100 2019-07-19 28 2019-07-19 17 2019-03-29 12 2019-07-19  %| 29| Mid-Engine Corvette &7
2019-10-03 46  2019-10-03 13  2019-10-03 11  2019-09-11 11  2019-10-03 327| MX<F -THOj AZ =7}
GM  2019-07-18 42  2019-04-12 11 2019-12-11 11  2019-05-17 10  2019-04-12  X}A|CH Corvette 27§ LM LtE
2019-04-12 39 2019-07-22 11 2019-08-27 10 2019-07-06 10
2019-05-02 39 2019-05-03 10 2019-07-22 9 2019-03-14 10
2019-09-10 94 2019-11-12 22 2019-09-10 7 2019-01-25 14 2019-04-17 A% SUV Vanue 374
2019-04-17 75 2019-05-21 21 2019-01-15 7 2019-12-04 13
HYUNDAI 2019-11-20 74 2019-07-09 20 2019-11-20 7 2019-09-03 12
2019-08-20 73 2019-04-17 20 2019-01-22 5 2019-10-13 12
2019-04-09 66 2019-11-13 19 2019-12-05 5 2019-10-16 12
2019-11-22 91 2019-11-22 64 2019-11-22 22 2019-09-18 14 2019-11-22  AIO|HHEE &tH
2019-03-15 79  2019-03-15 58  2019-03-15 16  2019-04-18 13  2019-03-15 AfE-2 SUVModel Y & E
TESLA  2019-03-01 57  2019-04-24 39  2019-11-23 9 2019-01-30 12 2019-03-01 22}Q! EHOj(LZ 20l H4)/Model 3 7+ WH
2019-04-24 50 2019-04-22 36 2019-03-01 9  2019-03-01 12 2019-04-24 127| AN -2 XXH7000H)
2019-11-21 42 2019-03-01 34 2019-11-26 8 2019-04-29 12
2019-02-07 68 2019-10-11 18 2019-10-11 8  2019-01-14 29  2019-10-11  XbACH =2 F7|K} Mirai 2 E
2019-01-15 68  2019-01-14 18  2019-11-20 6 2019-06-16 26  2019-01-14  Supra 3 7H
TOYOTA 2019-10-11 61 2019-03-14 17 2019-06-07 5 2019-02-05 25
2019-01-14 61  2019-04-03 17  2019-09-09 5 2019-09-11 24
2019-04-30 47  2019-09-27 15  2019-02-07 5 2019-03-27 24
2019-09-10 66  2019-04-15 21  2019-09-11 9 2019-02-27 8 2019-09-10  EV Crossover ID.4 &7}
2019-04-15 57  2019-09-10 20  2019-10-24 7 2019-07-07 8 2019-04-15  Diesel Scandal 2 Q| CEO AT 7[AHE =
\XIE\)SS\I rhks 50 2019-07-12 16  2019-10-11 7 2019-07-10 7 2019-10-24  8A|CH Golf & 274
2019-10-24 49  2019-01-15 16  2019-03-05 7 2019-05-08 7 2019-07-11 Beetle R & CHE WE
2019-07-11 43  2019-07-11 15  2019-09-05 6 2019-10-25 7
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FORD GM HYUNDAI
12000 W Content 12000 - 12000 A
e Title
10000 - 10000 10000 -
8000 - 8000 - 8000 -
6000 6000 - 6000 -
4000 A 4000 - 4000 -
2000 - 2000 - 2000 1
0- 0- 0-
2 [ 2 2 E 2 2 B 2
=] =] =] ] =] )
© 3 ‘G © > b 5] S =
2 2 8 4 2 e e 2 8
= = =
TESLA TOYOTA VOLKSWAGEN
12000 - 12000 12000 A
10000 - 10000 - 10000 A
8000 - 8000 - 8000 1
6000 + 6000 - 6000 -
4000 1 4000 - 4000 1
2000 + 2000 2000 A
0- T 0- 0-
2 [ 2 g [ g 2 [ 2
- I ) - e ) - e
8 : z 2 s 2 2 s 2
g £ @ g & 8 g & ¢
=2 =2 =2
_ vl = =] -l B 31
[2% 3-6] Al&E 2 W&ol we A4+ 43 £%
FORD GM HYUNDAI
Content Title Content Title Content Title
Negative 587 4.8% 994 8.2% 424 6.4% 571 8.6% 788 5.7% 909 6.5%
Neutral 120 1.0% 7199 59.4% 115 1.7% 3972 60.1% 347 2.5% 8215 59.1%
Positive 11420 94.2% 3934 32.4% 6066 91.8% 2062 31.2% 12763 91.8% 4774  34.4%
TOTAL 12127 100.0% 12127 100.0% 6605 100.0% 6605 100.0% 13898 100.0% 13898 100.0%
TESLA TOYOTA VOLKSWAGEN
Content Title Content Title Content Title
Negative 842 8.5% 1178 11.9% 1396 9.7% 1170 8.1% 429 5.5% 484 6.2%
Neutral 110 1.1% 5895 59.4% 553 3.8% 9268 64.4% 93 1.2% 4739  61.0%
Positive 8972 90.4% 2851 28.7% 12434  86.4% 3945 27.4% 7244 93.3% 2543 32.7%
TOTAL 9924 100.0% 9924 100.0% 14383 100.0% 14383 100.0% 7766 100.0% 7766 100.0%
I — = = i=] 1=Rhva
[ 3-5] Al % W&ol & A4 A3 &2
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FORD GM HYUNDAI
10000 10000 10000
B Negative
mm Neutral
8000 = Positive 8000 8000
6000 - 6000 - 6000 -
4000 - 4000 - 4000 1
2000 2000 2000+
0- 0- 0-
g— .S 4 .© g— .© 4 © g— o 4 ©
5 E (@] - 5 E (@] - 5 E @] -
E ¢ 5 E g s £ @ s
S L 5 L 5 L
o o o o o <4
a a o
TESLA TOYOTA VOLKSWAGEN
10000 10000 10000
8000 + 8000 + 8000 -
6000 - 6000 - 6000 -
4000 - 4000 - 4000 -
2000 20001
0- 0-
g— p 4 © g— . 4 © g— © 4 ©
5 o ° 3 5 00® ° 3 5 ® ° 3
E ¢ 5 E ¢ 5 E © 5
S c G S c o 5 c 2
g g g 5 8 5
S L 15 L 15 L
] o o o o <4
a a a
— O & Qo PSR- Y B3z
[1% 3-7] viHo 2 WEe A A 2%
FORD GM HYUNDAI
Consumer  General Oth Professional Consumer  General oth Professional Consumer  General oth Professional
Group Media ers Media Group Media ers Media Group Media ers Media
Positive 1045 2263 874 7238 1022 819 11 3643 1134 2054 295 9280
Neutral 89 7 2 21 101 2 0 12 133 62 5 147
Negative 228 85 23 251 210 71 582 132 279 231 10 268
TOTAL 1362 2355 899 7510 1333 892 593 3787 1546 2347 310 9695
TESLA TOYOTA VOLKSWAGEN
Consumer  General Others Professional Consumer  General Others Professional Consumer  General Others Professional
Group Media Media Group Media Media Group Media Media
Positive 1155 2361 649 4807 3937 1915 427 6155 684 1316 395 4849
Neutral 85 9 0 10 433 81 4 23 67 8 2 16
Negative 279 200 33 330 922 218 26 230 155 83 15 176
TOTAL 1519 2570 682 5147 5292 2214 457 6408 906 1407 412 5041
A — O & [e) H A Y B3z
[.TJL_ 3 6] U]E]Oi 'lTscﬂ) = LH%“] 71:}}2_)]7':—4[ 75 Ui =8
o

26



FORD GM HYUNDAI
10000 10000 10000
B Negative
mm Neutral
8000 = Positive 8000 8000
6000 - 6000 - 6000 -
4000 - 4000 - 4000 1
2000 2000 2000+
0- 0- 0-
g— o 4 .© g— o 4 © g— o 4 ©
O (6] (6]
5 0 °c 3 5 0 °© 3 5 © ° 3
E ¢ 5 E T 5 E T 5
<} L 5 © £ g 6} b
© < o < o <
a a o
TESLA TOYOTA VOLKSWAGEN
10000 10000 10000
8000 + 8000 + 8000 -
6000 - 6000 - 6000 -
4000 - 4000 -
2000 20001
0- 0-
g— © 4 © g— © 4 © g— < 4 ©
° ° ° ° ° kel
5 © ° 3 5 © ° 3 5§ ® ° 3
E © 5 E ¢ 3 E ¢ s
£ 3 § E 3 ; i3 ;
S L 15 L 15 L
] o o o o <4
a a a
— O & X o H A ¥} XL
[29 3-8] wt]o] F&E AF9 A A3 &%
FORD GM HYUNDAI
Consumer  General Oth Professional Consumer  General Oth Professional Consumer  General Oth Professional
Group Media ers Media Group Media ers Media Group Media ers Media
Positive 246 820 303 2565 256 316 236 1254 234 732 120 3688
Neutral 999 1332 521 4347 953 494 327 2198 1107 1396 165 5547
Negative 117 204 75 598 124 82 30 335 205 219 25 460
TOTAL 1362 2356 899 7510 1333 892 593 3787 1546 2347 310 9695
TESLA TOYOTA VOLKSWAGEN
Consumer  General Others Professional Consumer  General Others Professional Consumer  General Others Professional
Group Media Media Group Media Media Group Media Media
Positive 308 710 202 1631 966 661 155 2163 146 480 153 272
Neutral 1048 1527 396 2924 3843 1362 259 3804 679 823 232 3005
Negative 169 333 84 592 495 191 43 441 81 104 27 1764
TOTAL 1525 2570 682 5147 5304 2214 457 6408 906 1407 412 5041
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Sid 29 2 7t
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A W Polarity 9 4% A9 @97 vf$- MEsle] zh
rel AA7F A i AlEI W& Aol L gHA o] A
YUERA 2R % Scoring & A9 744 7he] 1HAo] AjHom mj$-
710l ARFE A3 ASI g Abole] HAXE T Aol rh FEEHA

e S & 5 3

AL
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©
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o

Polarity

1.0 —— Content
—— Title

0.6

0.4

0.2

W N0
N AT A S AYAIN VYW W A
0.0 VAW V

2019-01 2019-03 2019-05 2019-07 2019-09 2019-11 2020-01

Scoring

0.8

0.6 ‘

| >l‘(w

\ M V| ‘

| M m”‘\ il |/ ‘W\‘w' 1
I “Hh“ HY(H‘ Hw‘\‘

0.4

l
| ‘ | !
'H‘ ¥ ‘g»‘ !

(
I \’w ““ \J\ |
02 \\ il ”4’ A)

\
— Content ‘v i
—0.21 —— Title

2019-01 2019-03 2019-05 2019-07 2019-09 2019-11 2020-01

[Z2¥ 3-9] Polarity/Scoring ¥l wE& A AL AAEFE (FORD jit)

F7FR o2 7 AAdEA AR dioly he] AHAAE dolr 7] $18hd]
A& X}E-" ﬁﬁéx—i AAAAES el uf 2 AFE3}E Pearson
W o 7

29 PEE-E



S (X —ux) (Yi—uy)
cov(X)Y) _ m

‘r‘ =
XY Ox Oy Ox Oy

e BEE X o B
ur: ZEEHY Of Bt
ox: DEEFX O HEHI
or. EXEFY O EEHAL
m: GEELS XY

c lati Content Title Standard
orrelation .

Polarity Scoring Polarity Scoring Deviation
Polarity 1 0.450392 0.316759 0.289415 0.025339

Content
Scoring 0.450392 1 0.180023 0.320906 0.114689
Polarity 0.316759 0.180023 1 0.801896 0.051276

Title
Scoring 0.289415 0.320906 0.801896 1 0.138513

[ 3-8] AAEA A3 dlolg 3t AaaA 2 2732k (FORD it)

Aukx © & Pearson Correlation Coefficient o] A A#A4=21 r Zko]

+0.3 AkoJol™ okt ko] HAd A, +0.3 % +0.7 Ato]o]H
FEe ko] AE #A 28l +0.7 3 +1.0 Aolol 73k ko] MY
o2 s sl olE vtF e R B9lS | 7} tlo|H
A i ol 4o HAE #AE Holil Jom o=
T 7HA AAAEA B E 28l A9 e dolE ke 39
kol gdadol dae Hebdta & ¢ AT Al xAPE

N 2 AFHE A Lebkom 1 Ash 2
o3

o

30 -":l'\-\._E _\.I..:_ T |



Al 4 F F7 A8 9F

A

24 Aste} 7t AzALe] F7)

Apole] AR e 57 AR B ARD el A5S APFo A
] 7 0

Zkzkol dlolE 1wol M= F7F MY A Fdetart sl
3 HZAM= A5 =72 Linear Regression ¥ Random Forest
Regressor & AF&3l¥ om, B3R ﬁioﬂ X1+ Logistic Regression ¥}
Random Forest Classifier & AF83t5 3 A5 WH O R = wat

5 (Cross Validation) ¥ & }*OLO}Oq 1P stelet. o 714 AREgH
F7h= =kl mYo] oy 3 713 wde 20199 9 Y
AzAe] F7F 5 A9 T7HE 7IEo® ARgel o Z; Al xALe]

T2 o] A —zr"]/\]ﬂ«] Index™¢] A F7}% o]F nlu HES
HE 7, AF8-3sl3it).

A AWE o] &oto] A XAPE FUF A=
2 4 VAR 59 7]‘*«] —r7} oSRdS

17 4-1 7} 7Lo]

=i o07hA] WFstE deolH 18-S thea )
1) dlo] E1 HF(2): A/ &
2) vio] 738 W4+ 1) ALuAl/L v Al /AR L5/ 7 B+ A A
3) 7AAEA W (2): Polarity/Scoring
L A zApE A F=AA G ALES Market Indexs the# 2t
[Az=A} / T2 A1/ Market Index|
1) FORD / NYSE / S&P 500
2) GENERAL MOTORS / NYSE / S&P 500
3) HYUNDAI / KSE / KOSPI
4) TESLA / NASDAQ / NASDAQ Composite
5) TOYOTA / TSE / NIKKEI 225
6) VOLKSWAGEN / XETR(FWB) / GDAXI :| 3
31 A1 = TH
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Loading the Data

AL Astel A=
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v

Sentiment Analysis

v

Data Cleansing(NaN)

v

(19 4-1] 7} 45

Data
Preprocessing

v

Divide Data into
Training Set & Test Set

v

Run VAR
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Test Accuracy
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Predict Stock Price
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A2 A BEFY BN A7

3= | AxAPE dolHE vHe] ¥R Uil o) E
Polarity ¢} Scoring 5 7H4] W& &dte] A S A3t
agar o] AAAE A d¥w gow wiss AYgew £t
dlolg ko] AIRE e & stEelnh. o dolM = sk Y
dlolB o Al=APE F7heke] BAE 37 FES} 7 d=E 5
HAostedna 1 AddE g Al 7 AxAE Salgl=
TN Market Index H©|HE F7F= &-838to] 2z} doly 1

el AuaAE Lotz 3
SHAIRE B oM AE7 A3E =E6H] fsiA = ol A

o
v@

F7H o2 4 71x] oy A #go] dasiy A HA=
AS3E(NA: Not Available)] A glolt}. 7HEA] dHloly e 49 mt]o
tlolefo] 7] wjiZell ZAL7IFE S HolH 7t vl= AS ko] A EAsHA

opet. vHels fREE JrAS W e vjash go] ArHsl

S5 glol e A AEAPEE =R vehd Rolrh e 77t

tlolBl & A-¢+= ol¢t vhat. 7|ZA o g Fdo|y FFAF ol
FAA o] dejA &= - HolE7F YlaL o] HE o] =P T
FAANGL Aol wEt AlxzAPEE g2 Yetdsd ofk o] xpol 7}
DA A A d 3659 7]Fo® oF 110Y A9 ASgko]
AR FIbe] 9lolA A wlelH o] oF 1/3 o sfdate A4k
Aol A B 9% v & 5 vk AS53s Aeske
W= A4 A53S AADeletion)dhs WHI o] 5 A=

W (Imputation)©] Ed] ek AF3 vpel o] 71 dolele A%
AZgkel 78 AA dolE oA A sk H]Fo] A7]dl o] & AtAIA g
AT Ao 4 wE fMHY AstE hAE 5 o

o] 7lol M= arefskAl kvt Imputation o] -5-ol= o] gk, ol % #k
T 548 @S Avre BY T udd iHEe] A8 T
AL a1 ste] B Oﬂ?d]/ﬂ% B 7 (Interpolation) V& A}-g-3}o]
ASghe Agstalh(25] F HA A2 WHS A dHolH o Al F
o] & (Time Shift)o]th. &4 A7 7Hdo] maw Aol 7%=
tlolB= S o x Al 714 v ettal 7Fgskar glov o=
AA dAdME 25 vE2A yepdt AR7F BAE o] 3 sfloln
N DataFrame gholl A& o2 nlgsls WAL Sato] A4S H5-1= Wy ;



719e] Sela gl weh ARE HSehis Akl WA £
T AR THEE UHl FHA G 3 G FES AP,

7]
kA o7 M= 1Y Ad-
whed flo

39 ZHZ A= Linear Regression ¥ Random Forest Regressor
F A 2Ee Bolo] AR B A B9l BEe Foid
Aozl HelH ¢ & adte] 7|34 AT WHS K=5< K-Fold
SAAFHE gt K-Fold AAAZHE doleel 471 42
ol Hels] AZulolEle] 8 %7k AA Sherol ABEA o] Fol
T UEF sk WHoR T9 5-10 YERd ZIAF dlolH AEES
K7l Rugges Jir 3 aitel 454 dolHDE Ao shas
dolB(K-1) AMERZ 3774 RIS =il oF fHFshe A
HEEsio), ojuf ZF dlo|H e FZFol & o]y 7t ¥7] wftol
T Ko 283 28 Y wAHdSd 5o 59y HIFAHORE oF
Hatsto] g AAtsts WiHolth

Il
¢

N,
ol
o

Data Set
=
Test Train Train Train Train
| Train || Test || Train || Train || Train |
Train Train Test Train Train
| Train || Train || Train || Test || Train |
Train Train Train Train Test

[719) 4-2] 5-Fold nx} A% A%
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Content_Consumer_Polarity -

Content_Professional_Polarity - 0.032

Content_General_Polarity --0.089 0.16

Content_Others_Polarity - 0.16 0.18

Title_Consumer_Polarity - 0.26 0.079

Title_Professional_Polarity --0.017 ' 0.36

Title_General_Polarity --0.032 0.15

Title_Others_Polarity - 0.15 0.041

Content_Consumer_Scoring

Content_Professional_Scoring -0.0058 0.32

Content_General_Scoring - -0.11 0.1

Content_Others_Scoring --0.013 0.069

Title_Consumer_Scoring - 0.25 0.091

Title_Professional_Scoring --0.045 0.31

Title_General_Scoring --0.038 0.13

Title_Others_Scoring - 0.14 0.088
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Al p-value 7b w9~ 2H& g0 E vEbgE G4 S UEbd S
g = AT 2HY FUH A FAIE Holw B F <l A
d(Non-Stationary) "l°]E 2 ADF 714 Z3} A|xAE 923510

< p-value & YWEHAHh o7 = HIARAAE S 7HA = FUF HlolHE
As 7= dHolH= Wsketr] fste] F7tol ol
(Differencing), =1 W3(Log Transformation) 181l =1 H3}H
2HE(Log Transformation and Differencing)®] S %53}

Fob o f-5 gletarat ekgivt. 19 4-4 = FORD jite] +7}
O]E1 of tiate] 9o HHES A& ¥ 1Y =ZE AZsHE o=

ZhA o2 BHks W 2t s AXe W A4S 7 o R 53
T e AA ADF HAA= d 7kt 21 WSk A= p-value
> 0.05 & YehY ZdAdo] glaol SleAar Aty = sk &
Aol A= p-value 7} o5~ 2HAl YR B4 S 7H- o] ERIE AT
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Data Stationary (FORD)

10.5
10.0
9.5
9.0
8.5
8.0

Original

1.0

Original Differencing

2.35
2.30
2.25
2.20
2.15
2.10

Log Transform

0.10

Log Transform Differencing

0.05

0.00

—-0.05

Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
2019

(29 4-4] 57} dlolg] W] w2 A4A (FORD jit)

T o4-3 AR, 22 W, 27 U F AR doly Az P
4§35k A=t e thel Polarity % Scoring o AARA WEE

X value < 0.00001
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TEste]l e AR A g slg AlzARe] F7F dlolE
dste] VAR & Fste] @2k Ao TallE Aojn. o] A3E B
Az 937k b AA et A9e) vEe g Fatkol
e 7H HolE o AgelA 7HE Eae #ED 5 dvh ot
ARe AP F A A F 20 8% F AR A S
Aol ze] o5 mul pRol AHeA G Frh WA vl o
AFAE g F7 e ARG delHE JFoR Ende
FHsIA gk Ok ARG AE e e] AlzAb mE
Hste dlolEfe] gritel whel L FeFAdol oM tEAl v
A7l Hol® 1ol 8 A5 AHe e Wy S v
weske Aol At & 5 QAT
FORD GM HYUNDAI TESLA TOYOTA VOLKSWAGEN
None 0.30621% 0.36155% 0.32421% 0.85892% 0.22197% 0.08173%
Diff 0.36451% 0.30736% 0.37194% 0.79916% 0.26675% 0.17250%
Polari
olarity Log 0.30796% 0.36645% 0.33594% 0.86118% 0.22296% 0.09918%
Log Diff 0.31841% 0.30749% 0.36204% 0.83029% 0.26171% 0.22227%
CONTENT
None 0.37007% 0.35258% 0.44287% 0.88115% 0.22901% 0.11735%
Diff 0.44973% 0.33623% 0.44029% 0.82388% 0.24393% 0.22622%
Scori
coring Log 0.34981% - 0.44423% 0.88032% 0.22957% 0.11983%
Log Diff 0.41469% - 0.42439% 0.84945% 0.24623% 0.22902%
None 0.27360% 0.34689% 0.38799% 0.88110% 0.22402% 0.05525%
Diff 0.38625% 0.31497% 0.44708% 0.86328% 0.22760% 0.16351%
Polarity
Log - - 0.44496% - 0.24040%
Log Diff - - 0.32232% - 0.25738%
TITLE
None 0.28067% 0.32666% 0.40777% 0.85381% 0.23228% 0.04316%
Diff 0.38379% 0.47204% 0.38949% 0.81838% 0.21062% 0.16992%
Scoring
Log
Log Diff 0.30621% 0.36155% 0.32421% 0.85892% 0.22197% 0.08173%
(& 4-3] dloel 443 i VAR 29 o3 4%
T 4-4E 7 AZAPER HEHor vl A4S F 37
HEEQ e A, A=A FAF 18] 3L Market Index ol o &

ADF A& AArg Adoln o AAE tlolE7F AddS 7HAA
eFoka Al AL 719k Market Index 9] 4§ 9] AHES 53519
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(e}
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FORD GM HYUNDAI TESLA TOYOTA VOLKSWAGEN

Original Differencing Original Di ing Original Dif i Original i il Original  Dif il Original Di

Sentiment p-value <0.000001 <0.000001 <0.000001 <0.000001 < 0.000001 <0.000001

ADF Statistic -2.68681 -17.590375 -3.177699 -16.021518 -2.367394 -6.048073 0.048386 -14.47701 -1.180203 -15.143005 -1.18487 -14.718279
Stock
p-value 0.076349 <0.000001 0.021312 <0.000001 0.151151 <0.000001 0.962355 <0.000001 0.682054 <0.000001 0.68007 < 0.000001

ADF Statistic -1.828461 -17.320809 -1.828461 -17.320809 -2.081469 -9.468772 -1.842229 -12.791341 -1.575688 -16.118672 -1.707687 -12.116455
Market Index
p-value 0.366426 <0.000001 0.366426 <0.000001 0.252031 <0.000001 0.359707 <0.000001 0.495794 <0.000001 0.427156 <0.000001

P Critical Values  (1%):-3.457 | (5%):-2.873 | (10%):-2.573

[ 4-4] AZAPE W39 AAA 3 ADF A A A7

4.3.1.2 B4 (Variables)

F WAl 3e A b wgelth B R Fke oS

A% RN AFEEE W ARAL F7} delElst 2} dele]

TF BN A% F A oluh olslel Hstel B AT A

AAG O WEE FAFORA AN FUS YD £ JeAS

was) w3 44T 7 W A4 Fomd el PEow

Fgstad ek FH MR De@ AL 3AAE ARA
.

S1ske] sholAsh ol 7 WMol ot A% s makv)
oA dlolE B4HE 2
Hgahe AL AR

s

Y
~
R

32
£ il
v
o~
S
rr
o)
lo

O
ot oy o
o, % of\

£ frond o
S
%0
r
PR
rlo
O
mlo
i
m o
o 0
S
)

N

N
L o
un)

to -
NS
o - =
o

o4 8
Iﬂﬁi—\.‘;
o o 2

A #A sEo] SErtE AL ofth
F2Ad vjre dAesog oaprt v
o2 F7F "o Hgol thato] s
A3k Mo Tk s AEARE
Aere & F Uk o5 HFshd
ato] A7l = F7F W T

o] F Market Index 7}A] =

me ¢ oX

A =
N
g
=
=
N

°
4 = o
O

.

ol

o =
ofk

i 2 82 ox

ftlo

of © O N = N ofn
L
- Jm o ol

Uy
o 32

{
2
3

nj
o
=2

o
o

nj
= ==
= =

Hronf ¥
/A A G o
o my & M

=

fo M I rlo

% do

@

olr

Lo T o gl
lo

[
-/

2 o

) i

oo N, ox oX
o3l

e o
o &

Oft
o
N
il
=
)

: A& o) 8 3



Data Variable 1 Variable 2 FORD GM HYUNDAI TESLA TOYOTA vw

- - 0.36451% 0.30736% 0.37194% 0.79916% 0.26675% 0.17250%

Index - 0.33368% 0.31362% 0.30647% 0.78472% 0.27484% 0.23637%
NoC - 0.37327% 0.30311% 0.38469% 0.73620% 0.32283% 0.22216%
Polarity Volume - 0.30243% 0.43812% 0.36206% 0.86624% 0.28805% 0.20668%
Index NoC 0.38315% 0.30863% 0.40762% 0.74481% 0.29603% 0.20719%
Index Volume 0.35142% 0.25925% 0.33727% 0.89305% 0.26280% 0.29700%
NoC Volume 0.34847% 0.34044% 0.35610% 0.78941% 0.33237% 0.23344%
CONTENT
- - 0.44973% 0.33623% 0.44029% 0.82388% 0.24393% 0.22622%
Index - 0.41263% 0.29014% 0.43418% 0.79790% 0.24227% 0.20678%
NoC - 0.36503% 0.31023% 0.44814% 0.73947% 0.24890% 0.28823%
Scoring Volume - 0.37747% 0.37004% 0.40923% 0.85741% 0.26359% 0.22774%
Index NoC 0.38228% 0.30245% 0.44654% 0.74126% 0.24179% 0.27205%
Index Volume 0.44291% 0.32711% 0.45014% 0.87243% 0.25263% 0.24839%
NoC Volume 0.40191% 0.33259% 0.44297% 0.78706% 0.26265% 0.28691%
- - 0.38625% 0.31497% 0.44708% 0.86328% 0.22760% 0.16351%
Index - 0.39940% 0.46250% 0.41324% 0.80112% 0.25138% 0.11261%
NoC - 0.42630% 0.34862% 0.45820% 0.80806% 0.26086% 0.18209%
Polarity Volume - 0.36232% 0.35232% 0.46051% 0.91281% 0.25925% 0.15576%
Index NoC 0.44119% 0.48552% 0.48459% 0.75887% 0.25465% 0.17065%
Index Volume 0.37875% 0.34104% 0.45045% 0.86750% 0.26284% 0.20191%
NoC Volume 0.39800% 0.46434% 0.46586% 0.84801% 0.27074% 0.18240%
Time - - 0.38379% 0.47204% 0.38949% 0.81838% 0.21062% 0.16992%
Index - 0.37766% 0.41546% 0.37993% 0.86495% 0.24776% 0.18211%
NoC - 0.40148% 0.48795% 0.41306% 0.78960% 0.28008% 0.16762%
Scoring Volume - 0.38210% 0.42864% 0.41209% 0.86467% 0.23159% 0.14766%
Index NoC 0.41057% 0.62662% 0.43084% 0.78036% 0.22852% 0.20302%
Index Volume 0.38504% 0.43431% 0.38550% 0.90861% 0.26617% 0.16796%
NoC Volume 0.41365% 0.55553% 0.44081% 0.83912% 0.26992% 0.15833%

(3 4-5] 57} W9k VAR B9 04 45
4.3.1.3 dlo]g H&3}(Data Smoothing)

npx e 1 AReRE dlo]E ¥ &3} (Data Smoothing) o] th. H&3}=
dlo]g ulo] EAsts ol=2=2 Qste] WA 4= = AP &
Ta =07 g Hor AMRHEY. a9 4-5+ AR A
olE1E o]%F H(Moving Average, day = 3)H*Y F4 715 AAE

2]
B &3k Locally Weighted Scatter Plot Smoothing, fraction =

o)l 5 ¥ (Moving Average): I+
of FAE setsta v oSehs o dwiAQd Hyg 8t
= ol sddy, 5P b =
¥ YAl Agol s H A ol Avh
= Fu1 =2 Z/m, (t=n-m+ 1) = (Zy+ Zps 1+ Zps ot ...+ Zn—m+1)/I|Tl %
44 A =T



0.03)y*¥o 7 PF&3le AvE HoFa vy 28T Fe oML

ok 4= glo] Y dlolye] xEgHA A= =

(Outlien) &< H&3}sle] dolg o HEAHS
0] o O
2 =1

o e wek BaA eha

o Jm
N 9
oo uéi A

0.225 —— Normal
~—— Moving Average

0.200 — Lowess

kA " " 1“ } %

0.150 i

- YOO T .

0.100

0.075

0.050

2019-01 2019-03 2019-05 2019-07 2019-09 2019-11 2020-01

[28 4-5] 734 dlolH e H&s)t (FORD jil)

s Pt} 715 37249 doly
395 WAL 48300l FAAS SHE Foh Aolcl, Y AcnE
% % o AwHoR doly WAHE 43 ol 1Fol
% AL AA e e ST
2 Hg% 497}

) el A% 2T} RS o 4

¥o,
off |0 oo
=
u
of
-3
o
k1
Hl
o F>
~
o
£
)
bt~
ot
et
ﬂ
)
E

ool o 7bE A E H 8 (Locally Weighted Scatterplot
Smoothing): AHH % FollA FAE Fetstr] 9t Wy oz oA
A5E vl 747t Fitell Al 7k A | 3] (Weighted Linear
Regression)& ARE-slo] 3|34 E 35 WY
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DATA Smoothing FORD GM HYUNDAI TESLA TOYOTA VW

None 0.33368% 0.31362% 0.30647% 0.78472% 0.27484% 0.23637%

Polarity Moving Avg. 0.35071% 0.17479% 0.29094% 0.81894% 0.22703% 0.21825%

LOWESS 0.33537% 0.22165% 0.31241% 0.83362% 0.25911% 0.18022%

CONTENT

None 0.41263% 0.29014% 0.43418% 0.79790% 0.24227% 0.20678%

Scoring Moving Avg. 0.42019% 0.25226% 0.44683% 0.83933% 0.24536% 0.20207%

LOWESS 0.48367% 0.20820% 0.34135% 0.87728% 0.25191% 0.17480%

None 0.39940% 0.46250% 0.41324% 0.80112% 0.25138% 0.11261%

Polarity Moving Avg. 0.39858% 0.55292% 0.35117% 0.79764% 0.22067% 0.17409%

LOWESS 0.41792% 0.28274% 0.31498% 0.87126% 0.27954% 0.13296%

TITLE

None 0.37766% 0.41546% 0.37993% 0.86495% 0.24776% 0.18211%

Scoring Moving Avg. 0.40490% 0.53148% 0.34845% 0.82159% 0.20207% 0.15330%

LOWESS 0.44579% 0.23775% 0.36267% 0.79586% 0.25455% 0.12618%

[% 4-6] vlole] B&al 7| E VAR 2D o4 A%

4.3.2. Aol 4 2 A= Y& BE FrldS

O 5 il = = =
mHe] 7 R ASEH HEel mE F7F A5l kA F7EA <
= o =] = & = O B sL=]
deoly dAz] 2jls §oto] 5 Jd8 =158 Alststal
= 0 =) (@)
e AAHRen T UELS T 4-7 ol e e} 2o,
TE H8IE H|3
0| % 2 (Model) B E| X} 7| 3] F(VAR) 28
.8 = (Variable) 2 E2A At M EAFZF7E, Market Index
ZZ7ZF N2| (Not Available) H 7+ (Interpolation) H7HH M8 S X|F NaN ALy
. . . 2 H|H A} 00| H
G| 0| E{ 4 43} (Stationary) A}2(Differencing) (HIZ=AF 2,<|_7|-, NIg:rkjelt Ilnd‘lex)
0| 0| E| ES} (Smoothing) 7+& 3| (LOWESS / Fraction = 0.03) XM 2R ZAD}
&5/ S H|0|E{ Al (Training/Test Data Set) N /N-10 N: FA| ool E =
2} A4t (Error) (0l = 24- A M 2h)/ A H gL x 200 (%)

4-71 A5 =g 28y =3

P

re
-

o A Ab-g¥H WE x}7] 3] A 2 (Vector Autoregressive Model)-

dele 59 Addd dadAE S4sh= ol
L

n
1o,

ol
2 W M= dadArt A AS5HU=

o
;

oo 8 L orfr
ot Ipy jii g

WS Soto] AAY ZrALE FAHNNE BT [26]



A7) lZwE Y 2AL VFEOR FANMAL FHUFE s
wae] 4 vjgk FORD ite] olAE& & 4-8 o thehd wksl 2,
Coefficient Std. Error T-stat Probability
Constant 0.156319 0.117745 1.328 0.184
Stock Close -0.062312 0.061833 -1.008 0.314
Market Index 0.000039 0.000477 0.081 0.935
Sentiment 8.700759 4.937043 1.762 0.078

» Dependent Variable: Stock Close / Lag of Order: 5

[3% 4-8] F217F40 W3 VAR E3 FA X (FORD jit)

A7) = B A4 24 (Lag of Order) S ZAAsI= WHO=R
AIC(Akaike Information Criterion)®¥H S AF83}1 o o] Z Alsl=
Gl obdlsh 2t obd) A1EE AiE e pE AA A5

AR gt [27]

N

~ 2pm
AIC = log(|Y]) +

m: YE ALY HE 2

p: At
n. 2E8 MEZ AfO|=

7 > 11 &=L —
& S
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Original vs. Predicted Value Forecasting Original vs. Predicted Value Forecasting
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BZ (Appendix)

Al. A ZAME Polarity/Scoring o] W& AAE AAHEX
1) FORD

Polarity

1.0 —— Content
—— Title

0.6
0.4
0.2

0.0

2019-01 2019-03 2019-05 2019-07 2019-09 2019-11 2020-01

Scoring

0.8

0.6

0.4

0.2

0.0

—— Content
=021 —— Title

2019-01 2019-03 2019-05 2019-07 2019-09 2019-11 2020-01

2) GM

Polarity

1.0 —— Content
—— Title

0.8
0.6
0.4
0.2

0.0

-0.2

2019-01 2019-03 2019-05 2019-07 2019-09 2019-11 2020-01

1.0
0.8
0.6
0.4
0.2
0.0
—— Content

—0.21 — Title

Scoring

2019-01 2019-03 2019-05 2019-07 2019-09 2019-11 2020-01
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3) HYUNDAI
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0.2
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Scoring
—— Content
— Title
2019-01 2019-03 2019-05 2019-07 2019-09 2019-11 2020-01
Polarity
—— Content
—— Title
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Scoring
—— Content
—— Title
2019-01 2019-03 2019-05 2019-07 2019-09 2019-11 2020-01
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5) TOYOTA
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ARV VN (VAW s i i A TRV e oy i p e AN
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Scoring
—— Content
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A2. AZ=APE AAAEAZEAT dolg 3 AAAA 2 EFHA
1) FORD
. Content Title Standard
Correlation o
Polarity Scoring Polarity Scoring Deviation
Polarity 1 0.450392 0.316759 0.289415 0.025339
Content
Scoring 0.450392 1 0.180023 0.320906 0.114689
Polarity 0.316759 0.180023 1 0.801896 0.051276
Title
Scoring 0.289415 0.320906 0.801896 1 0.138513
2) GM
. Content Title Standard
Correlation o
Polarity Scoring Polarity Scoring Deviation
Polarity 1 0.596481 0.159431 0.133885 0.031709
Content
Scoring 0.596481 1 0.14489 0.15362 0.165219
Polarity 0.159431 0.14489 1 0.826144 0.066017
Title
Scoring 0.133885 0.15362 0.826144 1 0.175271
3) HYUNDAI
Correlation Content Title standard
Polarity Scoring Polarity Scoring Deviation
Polarity 1 0.265144 0.368107 0.211838 0.039499
Content
Scoring 0.265144 1 0.172376 0.317593 0.09997
Polarity 0.368107 0.172376 1 0.756798 0.052784
Title
Scoring 0.211838 0.317593 0.756798 1 0.118271
4) TESLA
. Content Title Standard
Correlation Deviati
Polarity Scoring Polarity Scoring eviation
Polarity 1 0.632692 0.311676 0.253701 0.025551
Content
Scoring 0.632692 1 0.185831 0.214331 0.132551
Polarity 0.311676 0.185831 1 0.805064 0.055927
Title
Scoring 0.253701 0.214331 0.805064 1 0.153163
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5 TOYOTA

Correlation Content Title standard
Polarity Scoring Polarity Scoring Deviation
Polarity 1 0.634478 0.176339 0.175712 0.026003
Content
Scoring 0.634478 1 0.124141 0.189623 0.127747
Polarity 0.176339 0.124141 1 0.780614 0.034376
Title
Scoring 0.175712 0.189623 0.780614 1 0.100644
6) VW
Correlation Content Title Standard
Polarity Scoring Polarity Scoring Deviation
Polarity 1 0.511905 0.399849 0.215964 0.02962
Content
Scoring 0.511905 1 0.152527 0.130139 0.136028
Polarity 0.399849 0.152527 1 0.731764 0.062594
Title
Scoring 0.215964 0.130139 0.731764 1 0.171084
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2) GM
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Content_General_Scoring --0.028 -0.063 [lU5E -0.094 -0.01 -0.039 0.13 0.054 -0.011

Content_Others_Scoring --0.014 0.0015 -0.011 0.24 0.014 -0.019 -0.014 0.042 0.015
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Abstract

Machine Learning Based Car
Manufacturer Stock Price Analysis
by Online Media Sentiment
Analysis

Minsoo Park
Department of Engineering Practice
Graduate School of Engineering Practice

Seoul National University

Long before implementing the intermediation of value
measurement called currency, mankind has been trading various
types of goods on the major premise of the exchange of equivalent,
and from that, the measurement of the proper value has been an
essential element of economic activity. According to these market
demands, value evaluation methods for various goods have been
researched, in particular, since the world's first stock exchange was
established in Amsterdam, the Netherlands in 1602, the valuation of
companies, that is, the valuation of stocks has become one of the
most actively researched field with the explosive growth in the stock
market. However, most stock valuation methods that have been
developed in the traditional market economy system are focused on
numerical analysis, and although many of these numerical
interpretations provide adequate and excellent analysis results, they
cannot deal with qualitative data and this is pointed out as a limitation
of numerical interpretation.

The purpose of this study is to provide a method for better

analytic results with the implementation of machine leaming—]?as_ed ,
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sentiment analysis made possible by the advances in software and
hardware technologies and to digitize qualitative data and use this
get more accurate stock analysis. To this end, six global automakers
were selected to collect online media data generated during the year
of 2019 based on keywords, and to understand more detailed
analysis media data was collected in and divided into four categories
of professional media, general media, consumer group, and others,
and each media was analyzed by dividing it into titles and contents.
The characteristics of collected media materials were identified
through data featuring and after basic pretreatment they were
divided into regression path and classification path to identify the
analysis trends in stock value prediction. In the regression path,
linear regression and random forest regressors are used to measure
RMSE (Root Mean Square Error) against the movement of the base
stock price. In the classification path, the logistic regression and
random forest classifier are used to compare the null model of the
existing stock price to grasp each trend by checking the prediction
accuracy. Afterward, a prediction model using a vector
autoregression (VAR) model is constructed for practical stock price
analysis, and the prediction performance is evaluated by classifying
each media type and the title and its contents. After which the group
or category’s characteristics were analyzed.

In this study, rather than comprehensively approaching the
movement of the stock market through sentiment analysis, we
analyzed the media data by classifying the media data of
representative companies belonging to the industry, and further
analyzing the differences between the title and content. By analyzing
them together, we suggested the direction of data selection and the
necessity of data categorization in future market analysis research

through emotional analysis.

Keywords : Stock Price Analysis, Machine Learning, Sentiment
Analysis, Car Manufacturer, Online Media Category
Student Number : 2018-22612
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