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2.2.1 Aspect-Based Sentiment Analysis

ABSA(Aspect-Based Sentiment Analysis)¥F U] 9] &4 9 543 #AHH
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TA @9l A 242 ABSA ffoll= thekdh A W] l=Hl ©]S LARA
[11]7F tHE A olth. LARAY A 279 7} A (User’s Rating) & HIE o2 24
W o274 Aspectell thall H7F HgE AMEche WHo=E, AA dRw HAH
Aspects7Fe]  WeightE  Linear Regression 7]8Fo. =2 AFA3}e] 7} Agpectsol] tff gk
BHE EFlth vhA ABSAv A Rating?h= F-338HA ZF FAS] v
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ABSAE A 3714 Z2.3F Subtask® L} =6 ] Pontiki et al. [5]914 &
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7F5 % (Acceleration), $F7d(Safety), AH8- ¥ 2]/d(Base of Use) 5 °ITt.
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Abrol =5 ol #Al aofste AA"E, £A4 AR =2 3 49 UES

A S 2 Seq2Seq(Sequence to Sequence)

W AU F(Attention Mechanism)¥} 7] €83 2dES
wofolth, TRk Seq2Seq RS 7|E
ol Sl Adger Fdsky] 9= HAE AEd 3 4 i gaE
oo w4 e AW 79E dlolELabehol ook Thsdith ShARE &
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=
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FHolrl aof AvE W JsAe wAw, 9% ) mEow AgHths 47}

=
atk tEAQ FE7 HT W 02 TextRank [23]7F Utk TextRanki= ] A~E o

Graph-based Ranking ¢Fil2]ss 7|WFS] PageRankE &-83F Zlo|t}. PageRanki= !
ol EA= steldFAasE v 9 wAel AdiH Tad mE EA e
MRS Foldhs WHoR, MR 7R Q&I Hxr dA" oY Faol
A&l 4 Utk =, PageRank7} 322 Fuo]A= UE § A|ERRH Y5

2]
WAY GE Aol EVE Hol Fhxgt ZoR olsfd 4= Ut} o] 3 PageRank=
B FA el Agate] Q8 o], FQ o] F(Key Phrase), T 4]
Takd e JsAE Fofsks g 20| TextRankolth 34l ©o] HdeEs 9%
g S #18ll, TextRank= F o] 7He] FAM=E AYsh] feide= F

o] A &3 WIXE(Co-occurrence)s AlFsH=d], 7|4 Co-occurrence™ =&

o] 7¥A0] A %}(window)?l Slg=olt}, TextRankS E3l ©hoi, of -

WS(Vi)=(1—-d)+d* > L WS(V;)
E wj-k
Vi €EOut(V;)

WS(Vi): 7 B thojviyell that TextRank %k
wij = = o] i 9} j Atele] Tk
d: damping factor

At 2ol wS(vi)yg AlLket H =& o2 Y3t} dio damping factor=,
PageRankel| Al §] A58 sle Abgto]l a9 Fo|A|& ®HshA] Xetal v
Ho|AZ  o]Fdh=  SEEMN, TextRanklAME T & IR A8(0.85=
AA)stolt oleb o] Zh Z1efro| PageRankE 35sSke] 7t Vertex (Tho] &

Be AN Bgow, AN F we wom AUl 97l 4
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223 74 EA(Sentiment Analysis)

T,
[
(m
N
N,
2,
g
12
r1o
:1M
il
A=)
2%
3
o

Alxbsl= A17F obd NLP Task®] =A4l24, 2t} Human-like PerformanceE 93t
FEAR A WHol Fasitt [24].

A A (Sentiment Analysis)E 918 A WHS ZA 374 JHHAEE
UH=d, A "HAE AAFER) 7IEE 4 B4 (Knowledge(Lexicon)-based
Approaches), T+ WA= 7] A18H5 7|9k 7H43 4] (Statistical & Machine Learning based
Approaches), “12]3L Hybrid Approaches©] T} [25]. A 2(AHd) 7]4F 744 5418 744
o3 &= W 7]¥ke] W5F=, Happy, Sad, Boring?} 2 #H3 774 o3 &9
Al wet aAES ERshAY AojehAl L o3 ARl A S

ol Eiohe Wolth FA&ZIAI S 719k 1M 4] Naive Bayes Y Support
eep Learning 7% S AF&-5}¢]

=< D
+ Aoty whx|utO. 2 Hybrid Approaches™ 919

o] we wHow
ABSA Taskell ™= HHeid 7]9ke] mdo] A&%7] AlAHlon [13], CNN, LSTM
71Hke] tpeFst mdo] AHEH <l 53] o Neural Attention Mechanism-=-
g-83slo] A oSS 913 Representationol] TS Aspect®] FIFHS 7Fslelarz}
SFAAT} [26,27]. ABSA Taskoll A8 Attention 7]WF 2 2= TAN [28], MemNet [29],
BILSTM-ATT-G [30], RAM [31]°] %12, ©]% MGAN(Multi-Grain Attention Network)
[32]15 €83 ABSAE &3l 7 F2& HeS Wtk

12 M 2 1i o



2231  7|AEE 719 A B4

71AI8E 7R 7] &2 (Statistical & Machine Learning Based Sentiment
Analysis)o| gt 7IAIgs 7IRF dag]Fo R HAEA FE3 5AS SEAIA
EHS vgeR 3, 29, w4 @9 A ER/ddSske Aolth ABSA
Taskoll Al F= AREH = 7AISE o] Al % B d S tat 2k

%l WA= CNN(Convolutional Neural Network)© = NLP Taskolx| A}~

N

FgHE Pug mdolth o)X Ei UAEES 134

P R I e
< HAIEE(Multi-Layer Perceptron)®] U=HF o= A8 A WE Aol 7}X|aL

Atk o714

T-Z(Spatial Structure) FE7F FAE THsAd o]

. e,
for =
for - —

video

e B

do -
n't
rent

it

. |

n x k representation of
sentence with static and
non-static channels

L | L |

Convolutional layer with
multiple filter widths and pooling
feature maps

Max-over-time Fully connected layer
with dropout and

softmax output
Figure 2.2 CNN for Sentence Classification [33]
CNN9| 7 & FHe "92E YA 523 N-gram 53 FE5319, AR

1

+ 91 ¥ E(Informative Latent Semantic Representation Vector)E AAsle] o] =

fass

15+ & A(Classification Task)oll 283 4= At} [ layer®] 713421 AAS AJH%H

13 ) _J!ﬂ =



Yoon Kim [33] ©]%- ABSA Taskol| = CNNS 283} @& dA-t50] 9t} [19,34, 35].

T oHAE of|d TIEE FEF gdr] wReE] v E$]F(Bidirectional-Long
Shot Term Memory with Attention)©|TF. LSTM= 7|2 RNNof|A] 2A35)= Ho]H]
dol7} il Fo] & S #AY AHRI7F &A= Vanishing Gradient wA1&
cell state =S T3l =53 <arglFelrh s RNNo|Y LSTMS 9= A E
ARE iR JYstr] wed AaEe] Ad d|s vRtew st B

uelthe @A7h itk o wAS sds: BHoR PUY 8 AL

=
RNN)o] AQFE SO, Bi-RNN2 7]&2] =gk
& PN oliH SN P Bes] o
qgg olF[36], ol% ABSAl TET F& ATHo] ThICH F&

o] &olWit} [37,38].

3

Task©]

73

olr

==

olf
o

Output
Layer

Attention
Layer

‘ Embeddmg
Layer

© Input
Xr Layer

Figure 2.3  Attention-based bidirectional LSTM for classification [36]

A| A= Hierarchical Attention Network(HAN)©]T}. Attention Networks
U] ZH(Decoder)ol| Al &8 ToE o|53k= v A|H(Time Step)ntth, AT oA 2]
AA 49 23S o] g ¥ Fagithe Hol SAoltt o, WA oY 24

A% o BAW wER gushs Zlo] ohie slg AdelN 3% dols)
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g 9Y wol PR £ o PF

ol

14 Erl= Zlo] Attention®] &

olojtjojolt}, 53| - S Word, Sentence Z}Z} Attention LayerS F7}3H O 2 A

sentence
attention

sentence
encoder

word
attention

word
encoder

Figure 2.4  Hierarchical Attention Network for Text Classification [39]

71EHo g e A= To] > T > A 0% 9]o{X|i= Hierarchical
structures 2¥al 7] wiLoll o]#3 EAHS S5 I v UEYIAVT wAE
PN

-

_lOL'
oy
QL
H
M

Fohs dl Aed UEAsa & ¢ S, HAN 3912 ol o5

5)
Hetat= Rdg P@riEa 9Jomn) o]E ABSA Taskol] &3 dAoAx= £&
A

4 WAE £X =35 (Semi-Supervised  Learning)o|t}. A E8HGS
BAERRE F5H SAES gEstd S dS5she ARAR dagsS

N
=]
ofYAIqE kA AFet BE darE]Fol Wrapper MethodZ4]  4-8-o] 715381,

Is . _H e 1_'_]'| &



4 (semi-supervised learning)©| T},

HolHE 25

M

Semi-Supervised Learning©]

Supervised Learning) "2

© 8% dagFelt Hi

(supervised learning) = 2E2 A

A, ol =

X

o
oS

labeled data 1. train the model
o000 with labeled data
o000
(I XX
o000

vodael

unlabeled data
00
o0
* 2. use the trained model

[ X 1 ]
(X T ) to predict labels for the

X unlabeled data

pseudo-labeled data labeled data
o000 o000
[ X 1 ] (1 X1
o000 (1 X 1]
00 (X X 1/

3. retrained the
model with the
pseudo and
labeled datasets
together

Figure 2.5  Self-Training [41]
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7V zbask mdolr), 9}
= <325l Wrapper Method 24 48] 753}t

=4

A

2
=]
=]

Loy Ry
SIS

2] d (machine learning)
H(Label)7} = glofofrt
Tak7] 98 Alge
°|%= Figure 2.69] A3} o], AH L
tolE] & Sk EF R d(Teacher Model)S 2H-231o], Non-label T|o]E
Modelo] 9] zto =z WowA o= zhe el o] & %2 3§ zho
do]H 9= Pseudo Labels F-oJst= WHOZ  Label
MEA Fojdl Label®] dlojEle} 7]E9]
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2232 Lexicon 7]¥F A =9

AAel AolE FARA Wl olgdtel, BrEd EFH wolo] 44
4 (Sentiment Polarity) & 943 773 Z|ukoR BliEe] 43} R4S Wus

=
A£2] Rule-based WHo|th

“
7o w HA BFe] E AsE Adehe wHoR, ARgAe] FAHMAA
Labelo] glol= 74 ©13] ARd(Dictionary)?t $IThH 278 = 2o S74/44
o] 7hseith Labelo] §l 7, wAd= HA &8d 5 3ol 7IAEE

7IRke] 2 E oldel= e 8T
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Aspect-Based Sentiment Analysisel= Al238tE 7|=S ARS-3te] A7AF AR}
25 oA T8 Aspect A4 E NG Aspectd} T

FZstaxl gk ol Figure 3.19F #o], FQ2 AspectZ} AFal 7P, Aol
X3y BE THE(,3)S EYe ML Y B Lexicon 7|HEo2 7] S-S
gty 1E]al F8 0 Aspect®] Al =33 Aspect tHEF AREARS] A T

R g
H
=

APRAE BRI, AARNL Ba 9T Y W

i

off
«
&
=2
i
r

A& 59, T2 Aspect’} 2FF9] Sizez}d, =}
Base®] 7], 4™ o], $H o] A= =o] 3)

Sizeoll ek AREAFS] A/ A e WS iR Aol

Nexae : g
= { L bel d ) i )
Text & E7t 2 ee + _Labeled -

Si t t
Aspect Detection ctmen
Analysis

Labellng (e ;,d

ABSA

Sentence Components [ Attributes 24 H7t

1 A =%

2 B =4

3 A 23

'

Kz | A Al s Al Aspect _,| Sentence 4
s Size / Capacity Hd (A 1 =24
c} Size / Capacity 3 2

.

Figure3.1 ~ ABSA 7|WF AR82F 43 4] Framework
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31 HolE 43

I3 dlolH 9 F7F+= IA AY Labele] di= Label Data®} A Labelo] =
Non-Label Data 27F4] 2 #5735 =], ol 217 AFsAk 29 A9 gl 8= AREAt
W= Labelo] £A413= 2lH ©12E Dataset?} Youtube.com® A& HIEE

Label®] $1+= Comment Dataset®] t}.

3.1.1 Label HoJE] 3

Label dHloJE&t AREALe] W= Labelo] EAsh= 2lHE vty &
Aol A= AFsAF EF(Car Forums)oll A k=], 778 Absak o] 2%
A&t Thsd B2 AR BlRHE Bt Qe WebsiteE: AdEEITE 1
A3 AR R/ 97 7P 22 Edmundscom¥  Carscomes SAIO®
Cargurus.com, Carfax.com, Carbuyers.couk 72 & 5709 A-sx} EHo|A Datas
TR A A T WA @A &l Vet RE VxS WA
AEo 2 ik doly 432 Beautiful SoupolZhi=  Iho]d  Ele|H Y E
g, 24 Asak 29l 8 BRE FESL Query A S OR
ARE FEo17] Ak &9 ol ZH s H 7535k o]dl AAetqith

7Fedt B2 HolHE d7] A% 9] A3, 1527] 2ol thsto] F 5,065
A9 Labelo] U= AHEAF BlHE TSI

3.1.2 Non-Label H|o|E FF

Non-Label H|o]E &t AFg-2}e] WS Labelo] £=A|8H4] &+ dHZE, 59
Ayslte Aoz Ao sk Asak EZR A 2lRE7F obd SNSU slollA]
244 A F A 92E YFE ousth. 2 AFoA s HT 7P 9EgE

AE A8 YELIE #3]:= YoutubeES o= 3gtt AFE x5 Reviewer’}
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AA A7AE g A $71E FFeR JrRESHH, olE AT FEEEo]
F ZHE(Commentys TR Y A5 Asat TollA e dAEsh=
AF Lists TYotAl 283tk vlolE 32 Selenium APIE 283t A&
A2 2 Scroll Downdle] AF8-AF @l H-S Crawling 3= R o2 283ttt $-4
dolelE dax} s tlde] H71xke} Plugged-in-Hybrid #FFe] "#A|2=A} - Ry

- A dE"E BF A4St Youtubecom HM FIHIEE AE AR 9
"AFZAPY + 2EY + A WS + Review" A Z23H(AlE 5 “Tesla + model-s +
2018 + review )22 St} dld HMo{7} E07F Car Reviewer -~E2|"W 9] User
Comment=<S A3t A% Data Frame< Label Data®} 53}, Car Forumol| A&

S T Ao Youtubecomoll A F& = fli= AR E(e A7t @i, A A

232 FENul)o 2 FATE UNE Youtube.com S ZH-EH 9= Non-labeled A-8-A}
gHEs EF ARE = flal, 2 Ay EHol B ux w8

Comment?H A8& A7} 917] wiFo] UX Keyword”} & CommentRt A1 gt}

UX Keyword™ “I bought", “I ordered", “I buy", "my experience", “I experienced",

"non n.n

choose", “I chose", "ve chosen", "driven", “I drove", “I purchased", “I own", "ve own", “I

" "ve used", “Tused", “I was satisfied", "ve been satisfied"©|t}. A 7]}
Model o] HFEA] Eoj7b= 2l 7t AE3ste] Commentoll A AHEAF & o] &g

2EY AR AF9] Modeld) 7F5HE EA

am owner", “I use

$]53F Non-Label H|o|E] =

a3t "oy 4= 21800172, 7124
FilteringS 7% & 6488715 AH&t}

3.13 dolg X

obef Figure32+ 53 HlolEo] #EXE

i

ERdl 232 ot} Figure 3.29] =
SEEA 27} Label Hlo|E o] E¥o|a, 955 H24 E¥ 137} Non-Label

glolEle] o]t
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578 5041 0%, THI FAH] HEo] 224%(144770)0]AH. ©]= SNS 4
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Remove
v" URLs(“https://”’, User Mentions(@) and Hashtags(#)

v Unicode Strings and Noise

v Numbers

v Emoticons

v Punctuation

v" Parenthesis, Apostrophe, Quotation Mark

v' Stopwords: # =-80¢] A% Source = https://www.ranks.nl/stopwords
Replace

v Replace Slang and Abbreviations: Twitter Slang 2 okol R &-g3)4T)

Replace Contraction: i.e. {"ain't": "is not", "aren't": "are not", "'cause": "because*}
Replace Multi Exclamation Mark, Multi Question Mark, Multi Stop Mark
Replace Repetitions of Punctuation: string. punctuationt] <=A}7} WH <« ”

Replace Capitalized Words to Lowercase
Replace Elongated Words: i.e. “Helloooooooo~”, “goooooooood!!”

v

v

v

v" Replace Negations with Antonyms

v

v

v" Spelling Correction: Spello [42]S €83}, AAE w4 sk3lt)

o] TR Splitdhe= EEMOW(Tokenizing)% A, FA
Bl %) (Part of Speech Tagging)= Stanford CorenlpE H-8-5}o] 3}t Al HA=Z,
Token' FA} ARE v OoR ¥ A0 FZEF(Lemmatization)= 7183}t o 7] 4
Lemmatization®] &+ FEA|o)(Lemma)F== 27|31, Lemma 7] ARAE whof
Erocguat ARe ouE gen EAe] F2& 4 dojme] wAlls
Bophs  Sgelt  ® ATelds  Fm A 380 209
7W A (Entity)e] 71ll, B3} ¥ ¥l AE= lemmatizations &3l T2 WA} EALE

Qutstech. ®A0] % 2 EA}o]H L Pythond nltk ZholBeleE Sgaigith
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|
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[ J
e o] F3Kvocabulary)®] =7]: 14,390

o 4 RIkyF 2% of]l 37| Tole] 476,596

o Uto] F3tollA 3|4 wolo] H]E:45.84%

o A T HlolA 3]4] wo] 4 Wik H]S:2.4526459240775194

s st +1s A AT IAT

3.3  Aspect-Based Sentiment Analysis <3}

A7} $h5 ¥ Datasetel] T3l ABSA WHE 7|9k #2415 218t} ABSAT
A Z; gl WAE EE AlE Component9} AttributeE 2bi= Aspect Extraction
N7} Sentence TPl A S RS 93k Sentiment Analysis #Hd T 7HA|E
LAt

ABSA 38 A aEsford A2 o] FFE(Leve)oll A A A= A A
AxRst= Aoty BAEE dojdzow AlTA] 7-Z(Hierarchical Structure)=
Folx  Ql7]ell, AW FE(level)oll A WA EH] | oksity. 7]EHow
2EQ] AITA o wel A (Document), =%+ (Paragraph), i-d (Sentence),
a3l @o] (Word) Fe0o2 #4J3k 4= glon, o]7|4 ABSAE = (Aspect)

= AR AAS Eske etk tieh dlolE] Ale uwhEr thEA
AEH, odE 59 Aspect(Component/Attribute) Label®] ¢t T2 A+

3 o -1
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33.1 84 FZ(Aspect Extraction)

4 Aspect FES A A T 7Y FE=A AT WH(Extractive
Approach)S 4-835l%l=t], A A= TextRanke|™, F+ HA= Naive Method®]T}.
T W 25 YA (Noun Phrase)E F=3517] 918 2o, TextRank N-grams
2 Collocations A7) 918t 5402 &-83)31, Naive Method= EAJSHE BE 5§
AIHEAhHE F=oke ol v o TS 7

3.3.1.1 TextRank

TextRanki= Word Graph (] Sentence Graph)E T3+ H, Google 749
&1 4191 Graph Ranking Algorithm 7]4F2] PageRank% BlAEo| A8slo] A U9
719 (s A F4)S Ranking 02 FEshE dbHoln, B wdls 185
A A= v 2

A WA, TextRank:s Zef 7|9h welojmg g2 wigojof gt} 7}
o3l 120 Vertex G2 3, HA 3] 5= W] 93] Index’} Vertexs
ol EA]HE Th Weighted Edge Matrixi= 55 Vertexs A}o]9] Edge 914 AHE TF
Zgbstar ok 3 WPHolAE= Weighted Undirected EdgesE €839,
Weighted Edge [i]j]= ©13] 92 iZ 1dE @] Vertex?t o3 j2 2dH o
Vertex AFo]9] A2 Edge® Weight #ks A%slar ok =, Weighted Edge [i][j]7}+
ool <¢ldlx 9} j2 RAH= o] Alolo] Edge Aol flas ow|Eth

. - 1
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B~ EoA 2| AH 'Window Size'®] Window Wol|A] ©ol7} FE3e= 49, Tof
el (Wb dolE dedis ish j7h) Ade] Atk Weighted edgelil[j] 12l
Connection Edge #k2 H2~E Ulolx A2 tf& fX[dA] g do] Alo]ofA
A BE Aol disl “1/(FelE dehdi= 9 i1t o Ay v Sk

T2]31  Covered Co-occurrences H=(31d A9l A co-occurrence”}  ©]W]
gy hojo] A ol 42| pairs of absolute positions 5)= A ste] ] gl
upz}, 3 ol e ¥AE d9® Sliding WindowAlol EAE W] Fd3
AAell U= FLE F oy} wHRAoR ANIEA] FEE SFlth BE Vertex
Al Score= 1% E7|3} Al7|al, ¢, Self-connections L %A FOoEHZ
Weighted Edge [i][i[= 0°] ¥t} Z22]3l Vertex®} A#¥ EE  Undirected
connection?} EdgeE2] Weighted 3o] AlAHe T

T WA Vertex®] TextRank A5 v|7]3l Key phrases®] THE 2lst=
o)t} Vertex il ™3l A5 o] A= Vertex joll thgh Scoring EA] 2.2.200 4]
1533 TextRank &2 0.2 AlAakgit}, whehA

Weighted_edgel[i][j]
inout|j]

Scoreli] = (1 —d) + d[Sum(j) * < ) * scorel[j]]

o7 Hog 4= o, o7|A] d& damping factor®] ™ 3| Score’} - wj7HA|
iterations EWA HHlo|E Hth wpA2 0.2 Scoring Key phrases $-H.a-5ol o3
F e Aoz Aegith 7P 9ol I+ Keyword’l Key

A

ol

Scoring S 7133

Phrase©| T}

3.3.1.2 Naive Method
T WAl Naive Method= 3-8AHAdject)©t ™8AKNoun)ol] 3tslo] A&HH o=
St BEE do] 23S 3% 3 Redundancy PruningS A AR (Noun

o ogme JEHeR A5 SR

o

Phrase)®} <1¢](Collocation)s V= =

WAL 9 WA S sl AR, ol AHAHEC] @ NAlEntity)e] A
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e AAZ Sk
ALHoR AR WAGBAH FEe FA AR BE oy
& %

AgREe] AT AgsE 4713 B
]_

o] ofyil BE WA o] A& ow AT )E aldlshs WHolv]d
Naive Method2}xl ™HHEHTE o]|Z4 FE:E WAL 2L dojo]  tslo,
&5 o] (Common Word)2] H]50] 50%°]/3<21 74-9- Redundancy”’} thal BEts)o]
AAEA L, Tl 7IES i o7t vEhdeE WErE AAY 10%E He

-2 A9oJ5F3it). ©]# 3k Redundancy Pruning $-, €7 Threshold ©]7d o3 7HS
Adsided 2 HAolM= s ol T AR itk dagEd

s}

PY [43] R Yot B A AE

73

rr
T

ge=s xol7] Sl pMI s 283}

332 7 E4(Sentiment Analysis)

2 =wdA tFe HolHAL =9 e £ ' Aspect dH Label©]
ZAsHA] 2= HlelEo]7]el|, Aspect’} E3HE “E(Sentence)” #HO] A
=/J(Sentiment Polarity)E 3}°}3}I T} Aspect-level 744 415 913l 71AIghs 242

7INEO. 2 AspectZl AEoHE i w9l A oS EAYS 3

ol
£l
Y
o
32
1

o Label Data7} Si-8kA] ol &9 Aol AeshA +R/A &S

B
A& aLske], ol Lexiconbased 77 A& Wasto] ®Bekstarxl sk3ik
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33.21 ZVAES 719 A B4

2 AF A= Review T2 AR} W Labelo] & HAEE g5A171
ZIASE Bd 7o 2 Fe] IS dS5eeitt ash A, Ry A g F
T (¢F 1507 U)ol "g2Eefr R w9l WHS TE dHolH=E ARESRAL
Aspect7} X3E Fo] 3k Inferences stz Wakow gt Holth

o= i A g F AN BE FA dA FA4S dddd 7 lve AA
=
Atk g FH &S FxEUo [44]. olA"H R 9= AR

sl ZIAS s el SaAl7E e AReH, A e vt 2tk

442 goltt. WA AA7t shus

S
'z
X,
rlr
oo
)
ol
o
Ho
2
r>~l

2] F-(Truncated Review)ZH, & A= & 4dolE ¢F 150 To]Z2 A gHa}o]
ddsigity. w@ol 150705 23 Al 1507] o]F-¢] HiEE EHF FAsta
2o o7} o]t} oW Zero PaddingS F3 ZHolE BT FUsA w5

T HAlE £ duld FAolth dolE 12X W (Dense Vector)®] FEE
E A= WHE Y= A (Word Embedding)©] 2Fal 3}, Word2 Vec, FastText, Glove,
Bert & o#{7FA Wo] Qled], 71Ee] e wWHeY WS S5k

wakowr Hap wbdafrial glvk B dAgelM= F Al 7R Al

ol

)

1
o

2 2d EHE 7Y g 849 oWld 3ol FoldA mAssith A
Oz ol
Q1% (Term Frequency)®} & 4] ®1X=(Inverse Document Frequency)E AF-8-3}o] A
el 7 dolgnttt F93 s VAR T otk wolo oujE
ol B8 Fawrl A=
A el Tagh dFgFHel Adve Hy SFAE EAY AR Zols

o R R F dvke Al oA olE dEgth 9 34X (Sparse

rr
=)
(]

A2 TF-IDF(Term Frequency-Inverse Document Frequency)

=

1=
)
E
rir
o
=
i
)
=)
=
>_]
e
=
S|
Ll
:olxjf
M
2
=
'
o )
ol
rir
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Representation)?] A1  tho] AP DIM)CE W1l o|Z TFIDF 73 E

Folghs Yo AE = Stk 7 WHAR Glove [4515 ARSS=Tl, AP
Ssd olf] HHE &8ete], BE ot 1003k B WY JEjm 1dE
T AEF 3IAUTE GloVeEs B EH | Y3} 2t} Word2Vec(Skip-Gram)

[e)
o
1E]al GloVe B 2R ¥ ow e © oy Ite] FAM=E S5

ouAel fAbd R 99X ARE BEY S AT Al AAW, AHEAT)

AA BEA oA §A] T4 ES Lelstast st Agows, ddE F
ol o] iAol wEa] HAlA e FAl SHEES] Log scaledko] W=
43S A3 Gloves AEeA =AUt wd wolo] om] yjwtow
TS Eolaix; s THE, Character Level®] N-grame & &=l 4] 118
a7} §11. 21, User Generated ContentsS UH-7]l| Out of Vocabulary A= =7
AR & Ao 2 Kol FastTexte} 22 UWld WH-E aelshxl gtk AR

¥ 13 %P2 Pre-trained Glove Twitter 27b 100dE F=3k3ITh P2 wd
WHL Random Initialization .= TrojWlE o] Z7|glo 2 FA9]9]  Index#he
Foleh= W oln, Index #h2 AREAZE A QG doly 2k o] = F eyt 4
Aolth, dolo] Fo % on] FAME ¢7] o] 7]el, RandomstAl %7]8}staL
Embedding5 oA o2 IetdHEAH &

ks WA oz YulolEsjA] AFE-slr] i Ftolt.

)

HHs F3 92 EFE M

Al WA= Imbalanced Data =3+ €%t Data Augmentation ¥}%o|t}. T]o]E|

o] o7} & AS-E dloly E+f¥(Imbalanced Data)e}il s}, o]
I

=
R I o dFo] Lo @iol WAGe] myo
3} =

)
[
=
o

o™= hyA PA— ) e T
olgfst WA dolg Mol = A E(accuracy)’t =oFe A S (recall) ¥ Fl
Score”} A3 HolR|7]d, Ao AdFo] £4] ¥ RIS S5 7hsdo] o}
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WrEAl sfAdsford EAlolth dEA ] A WHoEE AT AET(Under

sampling)?} @ M A= (Over Sampling) ¥Ho] At} AGAEZH S 3 -9~ Minority

Class®] 7R5=ell vr7] 918 Majority Classoll U= Hlo|H o] dF-E AEFH
pzs

Sz, o] 5 AA vlolE] Afo]=7F 1,0007] olstz AR A ZopA] 7] ol
=

telelE HAske 29 FEolu ARl Vs s A dlolEwt
SAleks Aol o, o= AW (Overfitting) HAIE oF71E 7sdeol =710l
Az A dolHE A4St WS Agsisith o]FolA  SMOTE(Synthetic
Minority Oversampling TEchnique) [46] ¥al2]&2 HlolE2] 747t A& S~

Fs 7S F A9 @ Fekel MR el E Akl HlelE

MER 7R v SRS AEYsha 71 &9 AlES B3 (Interpolation) 3]
2 AFeA e o]k SMOTEE &8
Borderline-SMOTE WS 48313t} [47]. SMOTE &alg]5¢] ©<3] minority
classoll /] WHFsAl AEE b, Borderline-SMOTEE  Figure 3.5%% U&

classete] Al 3= A&l 5 S7MIAA 78] olgf® Fiol AT A

Figure 3.5  Borderline-SMOTE [47].

(a) The original distribution of Circle data set. (b) The borderline minority examples (solid

squares). (c) The borderline synthetic minority examples (hollow squares)
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vl #All= ZIAISks 2l Aoty 941 A& 7AIsks Y T Logistic
Regression ClassifierS Baseline®. 2 511, F7}2 HAE HF Al @Wo] ZgF=
Support Vector Machine(SVM), Naive Bayes(NB) “12]3l Logistic Regression(LR)E

ARESERITE ol AEHR] VA B £RF Aot e AAEW 7|6k

>

.

Held mdge] A o5 Aee vlusies WHoR Pl mAAH
3] 7 (Logistic Regression)= Baseline Model2 AA3HA H olf+<, & A9 1A
e Aar AT FAHO0)C.2 o] E-F(Binary Classification)d= 4] ©] 7]
wolth. AAZ A EFol EX2Y 39 BEds @o] AfYs R
ol ARk, o]zl 7 FAlE £7] 9% tEAQ dagFor EX A IAE
H

Baseline Model= A EIS}ITE 18|11 & 47« 2ES AL31%+=d, A

=

% S A5
dFow, S Ate]o] Margine HUisleh= %33 W (Hyperplane)s 3= W
G Mol AHA o]F AA|ek= #5A 55 Support Vectorg}il 3+S] Support
Vector Machine®|2tal H-2t} SVMS AYEZ(kemel trick)= AFE3ste] Foixl
dolHE uxY 54 3 {H(Feature Space)> 2 AFd(Projection)r S 24, Non-Linear
T AlE Linear 1A= W3elo] =2 2] I3k dHlolHE Ay By
Atk SVME AdEgk o)+ v 2ok A A, SVME] A Ao
aaFe] dolEE thEaAA A (Multicollinearity Problem)S 3] 3] 3fo] 9185}A

T A7, gaESL 22 axkdd Qe anFow AEd g Qthe
FHSE 7] wiEolth. i AFelAe dWbHoe=m TPt Wo] AMEEE RB
KemelE AF83515lth 7 WA 292 Naive BayesNB)ZX, HAE {5 93]
deAez AgEE E/7IEZHN SVMY HEo] 53 Adss HoTE
HaHgel F8  dagFolty. A =shEe dFOoEHA  Ho]= o] & (Bayes
theorem)®] &5 HHAS 7|Hto =2 HA| Corpust] 7} Tole] WIZE 5 AoA
ol AHFEER FEE BT Jele WHoeR S ok, AREER

&
-%(Likelihood)®] o Zliteles W0 oS3t ©, EE Feature’} AE

=

==

-

5
|



Pkl SAEES AR =3 dojo] o AME FAskL 24 W
b

= 4
Ao, HeEd olde] "iE EF EXow UMY wol ZEEH= dsEAQl
Zdo]7le]  MdeEsiA  HA Al WA 22 Convolutional  Neural
Network(CNN) 2.2, Bl2~Eo] UAjd T4 72 JRE HESHA g
U ol dggom 53] doluf 13 T A7 dAA] HAEe

ojn|= o]afst= ° mi$- T3 AHHS W CNNO

=2 D

A8t vl HAE e LSTMY ofdl A WA Y FH(Bi-LSTM with A
R LSTMe2 BAE BRE FIT s AR f2s PUE LSIMES
glom o7l FrlHow ofdld WAYSS

H4el R PSR 5 olvh web B QTR o

Attention) o]t}

-
(Semi-Supervised Learning)S 283} o, &= x| =g5o] 714 7hetst

HhH ol Al E g o]y (Self-Training) S SHE315TE QoA AFst 7148y Rdz

HN
N,
H
o
n:1>

Label DataZS 3&r5A|# A Teacher ModelS 53}, “18]31 Non-Label U]o|E 9]
13l Teacher Model2 3/Ad-& dl53tal, o] & &&°] %2 HloJE 5% Pseudo-
Label & o3t % o]& THA] A &<5(Retraining)stA Al HA|4Ql wdleo] Ae&
A7 12} Stk ol FE9  Threshold® 85%% A Ast=d], o]=
ET717F 85% olde FERE Flste i AdNE Labels:  F-ofshllvh=
Smoln, F2 e HolEw Wste] wae] AA AEe 9 ol

ToolwA FARSGEE A8 B AP 2 olfi, dudow FHow d

H3FE Youtube Data(Non-label H|oJE)%= 7] St dlo]E = &-83to 23 25a)
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3 A AR gl (Label Hlo]E]) dlo]Ele] ©|o]E] &3 (Data Imbalance)
TAlE ZEolvvl siastast siglen, v B B2 HolHE SEAAA By
o Ang 22e /ggy] e,

oA A AohE 2 (Truncated Text)S &<53F 22 7F AJ5S H|0sk3aL,

b

3.3.2.2 Lexicon 7|¥F 744 £4

2 A59] Machine Learning Approach®] 232} B3| R 7] 9|3l Lexicon based
VAL L 4 v EHE Hygom, TextBlob  APIONA A &-5)=
55 (Sentiment.Polarity)S AF8-5Fo] Z} Aspect-level Sentence®] 74 A& A=
Textblob2 NLTKE 7|WFo.2 3o HIAE Hels $4Ysid & 5 d=s st
715 ol xskstal At} "Simplified Text Processing"= R EZ TextBlob A&

BEA7IE F8 HMEE SN HAE A2 #]io] FAs] Tzt

3.3.3 AFramework for UX Analysis

oM ATellM Agtsl=s AR B 24e ¥ ABSA b
Framework™ TUh&3¥ 2Tk WA 24 FF(Aspect Extraction)ol| A& H| A =4 <l
A M PHQ TextRank®t Naive MethodES #8351 WHA9F o=
F=3}al, ©]Z Human Factor -4  Zhe|azest oy a8 A

A

2 (Sentiment Analysis)| A= 71AISs  7IWke] A EAIFE Lexicon  7|WE
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Text® o] Shrablf obnl, ol wale Bl RiolA A3e SVM, NB
9 07 w9 ALtk a@n sk 9e 28310 Non-Label ©lo]E]o]
Hel Labels F-oldhizdl, EA=s5e] 3 FeQl Self-Training $H& AH-3ct
% Non-Label Hlolfel] o] & 58 zbi= dloleo] tialA Label -ofatar,

ol Nt AlghFste] AAHQ BHo] ATo] FoAEE drh 1E]al $lo)A]

u°1'
rﬂ
Mo
o
filo
i
)
fo
L%
)Y
)

FE3%F AspectZ} X3 =1
Aspect T2 74 BAS &3t} Figure 3.6 2 =10l A AAetE AR HE

4] Frameworks =23}k 13 o]t}

Extractive Approach (' orL SE Noun Phrase 271 3 Human Factor &/ ABSA
ERRAMY

2 Redundancy Pruning .-~

9 16 Aspects

8 Key
EV Components

Collocation &
Noun Phrase

Unsupervised
method

TextRank 1,32574 +
(Graph Ranking 8 Key
Algorithm) HF Attributes
13 2L 2 (24 YHF > 85
"6\7""' A SERE \AspectZF EEHH 1
er- | | Em=aior) |
1

Multinomial NB

{ 4~5%:1 (pos) :‘ __________
138 : 0 (neg) DTM/
""""""""""" > ; TF-IDF
[P
A Based
= Non-labeled
= Data
D e B
- NI EE S 23 o)
i (Re-training) | e BN
LR | @8/5%)

; ing I
(Lexicon) Textblob %
i Based '

Figure 3.6 A Brand-new Framework: Analysis of User Experience
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Al 4% A 23
41 84 FZ(Aspect Extraction) Z2 3}

Table4.1 8.4 & A3}

| Y -\ Characteristics
_<'E)p_8_Co_m1ponents> ______ (EFQ] &3 HIz 2
I Charge | Seat | Battery | Room/Space UserInterface Body/Internals Design Utility/SW
[}
|| Charge 10521 Seat 359 Battery |988 Room 198 Screen | 197 Engine | 363 Interior | 337 Autopilot | 151
I| charger | 245 | |Driver Seat| 21 Battery 56 Space 188 Display 65 Door 175 Design | 177 Software | 137
1 Super- Back Beat | 17 Range Trunk [ 125 (leikl |ME Motor_ | 1751 [Tgrie (32| | Cruse |05
I| charger 66 |l Passenger 9 Battery Packl 39 | [Cargo Space| 56 Button o3 [Transmission| 102 Size 116 Control
Il Leveln 1 el Battery | . Storage | 46 Wi':;c:hsisel 7 Zi Suspension | 82 Sport Mode| 87
I| Charger 53 | [seat Heater| 6 [ degradation LegRoom | 35 4f [ or board| 31 Tire 72 Lol 134 | | Navigation | 65
Rechargel 16 SeatBit | 6 Battelry 33 | |Head Room| 26 ul 27 Body 43 Gelles >4 | | Soundsys. | 61,
f 8 J Capacity P Exteri 23 Assist 41
["charge 1 Seat s - Luggage | 11 Footprint | 22 Powertrain | 27 xterior SIS
[ Port 10 Adjustment| Battery Life| 21 Room front| 7 Shifter 9 Hood 24 | |Appearance| 13 | [Infotainment| 35
D o o o e b e -
<Main 8 Attributes>
Driving Effectiveness Efficiency Comfort Reliability Cost Ergonomics Human Factors
I|acceleration| 410 Power 463 Mph 163 Noise 74 Quality |228 Price 460 Ergonomic | 52 Safety 182
B | 0 Performance| 319 | [ Efficiency | 88 Comfort |72| | Reliability |78 Cost 320 Foot / Leg | 57 Luxury 135
riving Mil 290 Capacity | 73 Rest 37 Center 37 Money | 303 Head 67 Visibility 88
Brakin 183 Speed 235 = Gravi Dealership| 221 | [Seating/Dri 3
8 . _Charge 26 IConvenience| 22 Rid “1 18 B .ea |ng{.r|v 11 Atlentn?n 55
Handling |135 Torque |143 | |Time/Rate - ide Quality Warranty | 205 | [ing Position Responsivel 1
- Fast 73 | [Capability | 26 | [[=Quietness | 23 Balance | 16 Value | 182 Knee 6 _ness
Steering | 45 | | mile Range | 73 Lag 12 Family Car | 9 Vibration | 9 | | Tax Credit | 120 Arm 5 | [Ease of Use| 45
<Consumer Needs> <Context of Use>
b 2 imit- Com- | High- - Sum-
Problem| Issue |Need|Trouble| Lack Cu,m AnxielyConcernlmpm‘l ey L'T't Claim o '8 Ice [Winter um Snow | Turn |Curvef Cold |Corne
plaint ement | back | ation mute | way mer
257 284 | 90 78 52 45 41 22 27 19 6 8 366 | 267 [ 187 | 175 | 115 79 40 21 17 16

84 FZ(Aspect Extraction) ZA¥} t}eFst d7|xke] 4 FE 84 AREAL
axgel FEUNLS BAAY % 418 F2E AR Fa 4

Z~(Component) 55 &5 H=z JHe|ue]d}l 3ta, E3] 2 EX(Attribute)s

a3} (Effectiveness), &-573(Efficiency), AFH8-/d(Usability) 5-2] Human Factor®] .=
sagk 35 FAoR JEarelsiste] F 8708 Component?t 87H¢]  Attribute
FEor A Aol

=
T AT W Aol AdrIAkel7] wiiel FARuE dr|apwte] 54
X

F=9 & Y715 715 =1, Table 4.1014 T AXO] “Charge”, “Battery”,

35 2 A 2-T) 8

)

I

n



“Room”, “Room Front”, “Software”, “Motor’s A7|x}gte] zZta1 Ql= AE s
[a0AY e AEAAS Eeule A S4B FEHMES ¢ T qdth

=
WSk “Acceleration”, “Responsiveness’, “Quietness’ & Z7]x}F TR zh= EAQ)

‘HF-5-*J (Responsiveness)” 2 “Z-8%H(Quietness/Silence)” ¥} -2 EAJo] Attribute &=
FEHUSE 23 4 ) T3k “Issue”, “Problem”, “Need”, “Trouble”, “Lack”,
“Complain”s AM&AFS] =7k AMGE B Y=5 A4 o 58 5 e dolee
A A4S ¢ Adnh miA Yo g A7|AE ARE-S= 3H7(Environment)
A& "eh(Context of Use) #¥l o]¥&50] BWol = o] “Ice”, “Winter”,
“Smow”, “Cold’¢} & o]F]e] WIEF7F £2 loR Hol AMgAtEe] F¥

Ao 7R AR i olar AFRo] ol e BRI o Sl

1 -

)
32
rr
jn)

42 74 E2A(Sentiment Analysis)= 9|3+ A& Ay

421 7|A%E 719k 243 EF Ay U3 24 H A% v

T o7le] RS Agsiglon, 2 99E S/ Labelo] S HOlHE
stEeh 1 R RdY A= Table 429 Ptk REZ AS Haste v)E
A 3£+ Macro average F1-Score S &5l o™ H&l AbG= th5-3 o) 2 A5+
44 AMinority Class)ll gt d53sl= A5e =ole Aol Folrth

gotth AR YRAH SAHOE Jd] HIFE Imbalanced Datas 1UH =
SFethe AT, BEY oS At BF sHom EReHE JheAel st o
A A8 (Accuracy)= A Yo AT A& (Recall)o] FASA "olA|=
5 o] EHAlE 4= Qlt) © Macro Average F1-Score®] 73-% Precision®} Recall®] 2l<
HiS FHsle] AASIER Minority Class®] A& S(Recall)ol] 7 W7HskAl
HE-S-8l= A|3E 0|t} =, Macro average F1-Score”} =t A2 F-474 o7 djsh
2ol AAERecall)o]  FH= oulojth. A B AFMlX= Minority

=

Class(Negative Sentiment)& 2 +F3lUl& o] &2 249 7]

3 o -1
36 -":l'\-\._! -I‘T-'.I II L



Average”7} obd A& O 2 M Minority Class o A¥ol wel 78 WzksiAl
W25k 5= 9= Macro Fl Score”t Als =2 7 A gsivtar deskodch

AIH oz CNNo| & HelgAlo] dis 7H & des Uehle Zd=
gl iy, tE  Attention 7]¥Fe] F el obkEF  LSTM(Bi-LSTM  with
Attention)?} A4 Y| E 9] (Hierarchical Attention Network)e] 74-%- o/dHt} =
AE YA e, ol HolEAle] FishA Rato] Edle] wol 3t

N o (e

F3 o

e w4 ARy dol.ZFdom ojofx= AT -zl tE g

_%
55 Ao] dlom FAHHE. ot Table42w= EE ¥ s Bl Aot}

= ‘A& X|&: Macro average F1-Score

Model Embedding | Accuracy |Precision Recall | Fl-score
CNN GloVe 0.89 0.77 0.80 0.78
Bi-LSTM Random
with attention | Initialized 085 0.68 0.80 Q72
HiN WI.th GloVe 0.85 0.64 0.66 0.65
attention
Token &
Transformer Position 0.83 0.67 0.73 0.70
Embedding
hulrngrmal 089 | 072 | 080 | 075
NB
LR TF-IDF 0.92 0.80 0.74 0.76
SVM 0.92 0.80 0.75 0.77
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422 A XZ385(Semi Supervised Learning) 2% 23}

A3 Ax, ofglle} o] FA|EE<5(Semi Supervised Learning)

filo
of
ot
Ho
)
lo

% S AU Figure 4.1 X 43914 R/ ATl 7P £ CNN
2dES 7|9k 2 Non-Label H©]EQl Youtube CommentsE &-8-3F %] %=8}5(Semi-
Supervised Learning) 2& ZA3}o]t}. Figure 4.12] 9Z(F) Matrixi= A =85 H 9
Label Hlo|HE 53 CNN REo] ©HAE ZAvfo|w) Figure 4.19] <
Matrixi= A =85S vzl CNN Zdo] HAE Aijolr}, F#A]%E8H52 Label
tlol8 & sh5dk Edlo] Non-Label HOlHE #7& w, 7 FE°] %2 Holy
$]5=2 Pseudo LabelS F-93}H, Pseudo Label”} H-oJ¥ Ho|HE XEsHst A
dlo]E A& A 8F<F(Retraining)SPAA] A A1 Rdle] A& JHAIZ]E Self-

Training WH-S A&t} BH2E 23 Loss b2 %53 ¥HA, Minority2} Majority

) ) 800 ) ) 800
Confusion Matrix Confusion Matrix
- . 600 _ ) 600
2 Negative 1 91 46 2 Negative - 92 45
3 3
g 400 g 400
& Positive 4 63 & Positive 1 56
200 200
2 2 2 2
\\4 '}\\4 \\4 "\-S‘
$?lq Qo $®q Qo
Predicted Label Predicted Label

Loss : 0.3271 Loss : 0.3958
F1:0.78 F1:0.79
Acc. : 0.89 Acc. : 0.90
Figure 4.1 A=g5 28 A3}
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4.3  Aspect-Based Sentiment Analysis 2 2}

43.1 7)A%s 29 7]dk ABSA A3}

Figure 42T 9] Table4.19] YERE =%

vlste] chapter 4229) A3 BHHlR T4 vl 44 B4 289 2ol Figure
4204 B 5 gl%el, 7} Aspectd FE WEE HlF 5 glow, IS
mdo] 5% TG Zelsel wES AT F Yok GAHOE FPH
o7o] oy, @ Zoz 9ds WA R 2
40%E 7IEoR, H7|ak AHEAFES Acceleration(12%), Safety(14%), Visibility(18%),
Room(27%), Interior(29%), Reliability(33%), Power(34%)° w3l A< <2J9]

T2 HHH, Noise(40%), Ice(41%), Price(44%), Winter(46%), Seat(52%), Battery(54%)°ll
el i $AH o] B 1Y A
2ol il AR BE o) Y AL WAT F USS BAT & Uk

} 2= 011:].. gl LA _g]go] %Exqo

ABSA with ML/DL

Il Negative
[ Positive

2500

2000 +

=
w
o
o

Frequency
5
o
o

500 A

s 2 E 5 Y ¢S5 s 8L 2T 8
hggoo:mm-:,;—v-:-—:wu
] £ 2 8 ;megE;aE_x_:'ﬁE
5 3 € §b 2 = N 2

K g 2

g > &

£ [rv}

Aspects



o

=l
M
o
e

= AW Labelo] 1= 2 AR dlolgAlel disto, 7AIgE
2do] Z} Aspectel]l thek A EF(Aspects XS ] FAHMAEH R
Felstr] AsiM=, A Fel PR (Labelings SeiA R Add
AUtk weEkbA AR A= Sample®] F7F A SR A2 “Ergonomic”E
oz 7 s RISt “Brgonomic”7} XE3E & F S17lel disl,

mdo] o Axb= FA o7 387, 74 9 137001 (%Al Appendix 1-1),

“Ergonomics”7} X3 T Level 44 7 AL o RNI1%S=E A3
=AU (Al Appendix 1-2). o= #Hel =94 3 5 2 Shad 7AIsks

RAl=Z Aspect-level®] i+ &9l A &

i
R
o
e
0%
L
o
o,
oft
i
o
o
e
M
v

Table43 Y3 Zd9 73 £/ A5 29

Predict
Confusion Matrix
Pos Neg
Pos. 35 1
Actual
Neg. 3 12

43.2 Lexicon 7|3} ABSA Z3}
Figure 43% 9| Table 4.1°] YEPF T8 Aspects©| X3 =4S Lexicon
Zgte g2 A a9 A EFd Aol o] Ag = H Negative(-1)9h

Positive(1) AFole] A =4 A4 Alxte] 7Fssith Figure 4.3. Boxplot( F)S

splal i, Aspect™ AHEALS] B A BAE R ARE FAF 5 ok

=
o}2]l Figure 4.3. Scatterplot( F)= &3l Aspectd 7 FXE 213 4 =,
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Abstract

Aspect-Level Analysis and Predictive Modeling
for Electric Vehicle Based on Aspect-Based
Sentiment Analysis Using Machine Learning

Seijun Chung

Department of Industrial Engineering
The Graduate School of Engineering
Seoul National University

In this study, we extract main components and attributes, which are the main aspects
of Electric Vehicle by analyzing User Experience based on Aspect-Based Sentiment
Analysis (ABSA) using machine learning, overcoming the problems accompanying in this
process such as Data Imbalance and insufficient user reviews by making use of non-label
data. In addition, we find the contributing factors affecting user’s sentiments by figuring out
the relationship between user's sentiment to each aspect extracted and detailed specifications
of Electric Vehicle with regression.

Based on the ABSA method, and we perform data collection, data preprocessing,
feature engineering, Aspect Extraction, modeling for sentiment analysis, and evaluating user
sentiment to each aspect in sequence. For data collection, a total of 5,065 label data, which
is evaluated with a 5-point scale by users, was collected from representative car forums. At
the same time, in order to overcome the shortage of data and data imbalance, approximately
210,000 items of non-label data are collected from Youtube.com, of which 6,488 items were
selected by filtering with limited to the user experience related only. And then, feature
engineering is performed with effective embedding methods of distributed representation

after data pre-processing. The analysis phase is mainly divided into two processes: Aspect



Extraction and Sentiment Analysis. First of all, TextRank and Naive methods were used as
an unsupervised method and an extractive approach for Aspect Extraction. Then, in order to
implement a sentiment classification model based on supervised learning with high
performance, we built a machine learning model that trains the truncated text composed of
one or two sentences at the beginning of a review text with a label and make it improved by
means of semi-supervised learning. With the model trained, we are able to perform aspect-
wise sentiment analysis by conducting sentiment analysis on the sentence that including the
selected aspect term. Further, we find detailed specifications of vehicle that have an
influence on user sentiment as contributing factors that affects user’s sentiment.

As aresult, 16 categories of main aspects were extracted, eight key EV Components &
eight key Human Factor Attributes, of which the users are likely to be positive to
“Acceleration, Room, Interior, Power, Safety, Ergonomics, Price, Power” and negative to
“Seat, Battery, Charge, Noise, Winter, Ice”. In sentiment analysis, the CNN model showed
the highest performance in sentiment classification. Therefore, through semi-supervised
learning using CNN, label propagation was performed among non-label data, giving the
pseudo label to only the data with a high classification probability more that 80%, resulting
in improvement in performance of the CNN model. Lastly, we confirmed the high
classification accuracy of the deep learning model for predicting the user’s sentiment of the
sentences. In addition, with regard to aspect-wise sentiment analysis, there was a tendency
to predict the user’s sentiment similarly between machine learning based and lexicon-based,
which showed machine learning based model is robust as much as lexicon-based.

In conclusion, it was shown that more diverse topics and unbiased opinions could be
extracted through aspect-wise analysis than review-wise. In addition, we verified that the
imbalance problem could be overcome by over-sampling Finally, a more effective UX
analysis framework for the products that have not sufficient user reviews was proposed by

taking advantage of non-label data with semi-supervised learning.

Keywords: Aspect Based Sentiment Analysis, User Experience, Machine Learning

Student Number: 2018-23341
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