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<E 1> I 2lE o MY o
I=b] f IR=2 olg mo o 2
k=1 L2 AN 2 =20 = i
=5 Reference 28 BT & 22 (89| WA/ o= ML)
OTT et al. POS SYM Past .tense, Third person
(2011) singular, Adverbs
Readability, Verb, Past
Banerjee and . » Logistic tense, function words,
dability, POS, writ tyl .
Chua (2014) readabriity writing style Regression self-reference words,
perceptual words
Yoo and . Branding, Positive &
length of the review, . .
Gretzel . . . T-test Negative Sentiment,
complexity, Branding, sentiment .
(2009) Complexity
o] W 'Y
Ong et al. | informativeness, product usage Totest Informativeness, Readability,
-tes
(2014) experience, readability Subjectivity level
. L. Negative Readability, Consumer elite
Wang et al. sentiment, linguistic style . . .
i binomial status, review elapsed days,
(2019) matching . .
regression Sentiment Features
. Emotional exaggeration,
. .\ stepwise .
Moon et al. emotion, pronoun, Cognitive logisti more negative, tone,
istil
(2021) heuristics, time-orientation O81s ,C Ist-person singular, Present
regression
tense
A = 0.717
Ball and PCA, cenraey
. Precision = 0.729
Elworthy POS Logistic
. Recall = 0.712
(2014) Regression
F1-Score = 0.718
LI et al. ' . ) Precision = 0.517
2011) sentiment, rating Naive Bayes Recall = 0.669
(Statistical) F1-Score = 0.583
Linguistic Precision = 0.776
N Fontanarava | rating, textual feature, temporal Random recision
Features ¢ al. 2017) feat Forest Recall = 0.861
et al. eature ores
j 4 F1-Score = 81.6
= SVM,
2 Logisti Accuracy = 0.813
ogistic
L Bhargava et POS timent R € . Precision = 0.782
sentimen egression
al. (2019) . g ’ Recall = 0.844
LSTM, CNN, F1-S 0.812
-Score = 0.
RNN
Ren and Ji textual F1-Score = 82.3
(2017) word embedding Accuracy = 83.5
S ti Shukla et al. AUC = 0.724
crmantic aca word embedding RNN
Features (2019) Accuracy = 0.938
Hajek et al. d embeddi F1-S = 0.901
ajek et al WOr . em. e' ing, DFNN, CNN core
(2020) emotion indicator Accuracy = 0.898

Note. POS(part-of-speech)i= FAFE YUER™ Noun, Adjective, Preposition, Verb 5©] It} SVM(support vector
machine), PCA(principal component analysis), LSTM(long short-term memory), CNN(convolutional neural
network), RNN(recurrent neural network), DFNN(deep feed-forward neural network).
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H B3A 2l e 98 Yelp 2l dlolElE
283} Yelpe= Holl 2211 &HIA}F 215 A
olER HrEy, TH, HA)Y], = T o
gk JFllAe] Aulzof TRl AHAke] 2
tlolBlE Hf8tal )lo] 54 Erlel] ot
A gt g B AT o= B
ARE-ETHKc and Mukherjee, 2016). TE3F Yelp

= #H2: 1007F oo ZiHE 878] wEol

& SAFoA i HolEel nlsf 4124
o] ¥oW IA5F F v JRAF I
(Mukherjee et al., 2013; Rayana and Akoglu,
2015). £ ATollA &85 Yelp 25F TlojE=

[ p—

YELP Review Data

AR ot B4 A b 2lf B Held

Clole A2

=4 7

2004'A5E 2015870419] Yelp 2412 DEH
<= &3 7 AF7T 2bEE Holle HlolH
Aloltt. & 358,071702) HolH & 7H 2l4+¢]
HIS2 36,47570019 ¢F 10.2%E AT

o2 HAje] AYE APt A |
g 2E Ho]HE 7|He R LIWCE &84 5

7HA WA (Sentiment), 3-5-%J(Richness),
FEA(POS), ™ AKPronoun), AJA(Tense))
of k= MTE FES) o] HFE
linguistic features® &-§F1 H2E A& Tt
olHl= A dWld gS B3l semantic
features= T-8H T o3t F /A EAHES
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Semantic Features 46
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EFs} A, 9xE
Ao FZ(lemmatize) RS AZ ) 7
] EE3} 21918 9I3), Sentencepiece ™7 A S
28319 t) Sentencepiece= A HIEE 7
Hog A2 do| B Sk W4
B3} 7o AR 7INE BE3SE 7oA
WA= out of vocabulary w415 WA|SFaL
A7t HA] &2 H2E flo|E o= AR
T o= o] AtiKudo and Richardson,
2018). Bl HloJE= 20, f30], & T o
&t FEo| Tt EAlske §A4S Holal

2o) A, EreAt 5

(eI

_—
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A= AHT 5 A, o F;, HIXE o] A

AAe AR O™ 2] °F 90%7} 250 ©]5te]
EFS 23kl 7] vl 2Y <50 &
oldE 98l 250 EEES 7152 = truncate
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(Authentic)= 33T} A HAl=
ojm ®l =2 Lehd E/‘}(Verb
(prep), Z&AKauxverb), F-*Hadverb),
(conj), B8 Hadj) & F 6719 M-S F=3}
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Zyzyol  #RHI7F FA(focuspast), A
(focuspresent), V]&(focusfuture) AlA o3&

A7 sdols] 54

719k 7b SR A Held 29 e

(Authentic) 7} A 02 w2 7H3ke B
of, W&o 74148 2 TRl I 2l TR

24 AES W2 ehith 71 EFelM st 54S S 5 9tk FelaPos)
Z23 24709) Qlojd] B WSSl tiek 7] ol FEAR A NIk Ew AR
Z BAES £ 29 2 HE7h 2 S 2o, 14 FollA e} vt
oo SY wWssel U@ s ek AR SR Wk AFe) vigol A g
A D 7] BT NFS BASGOR, W Hol Wl gom A el TAH
S BE Aole 1Y 29 2ok A WF A4 A Wgol o Bol T} JLL o
(Sentiment)oll A= 714 2lR9] 34 A W A = ATt tHEAF M (Pronoun) ol A= Ak
<l tone pos, emo pos 7t FH O E & A& ZHuls T Tl &80 7 glhellA
e Qitk o] 7€ 3¢ 93l 7 2 e AEFS Hols A& B, AA AEE 7
ol HE 34 Eo| YRt Ble R B "o 2 3l glHy} opd T3] ulgo] uE
th(Banerjee, 2022). 354 W(Richness) o] Ao& Ao E & Uk vAoE
M= 29 TS UEls &8 do AA H(Tense)o e FAY B AR 1l
(Word Counts), +414(Analytic), 2144 SR e s e e B, 25 i o
<3 2> Linguistic Features 7|= SH 2
Category Variables mean std min max
tone pos 6.30 5.51 0.00 100
tone neg 0.92 1.78 0.00 100
Sentiment Emotion 3.10 3.89 0.00 100
emo_pos 2.59 3.73 0.00 100
emo neg 0.37 1.09 0.00 100
emo_anger 0.05 0.37 0.00 33.33
WwC 120.51 108.47 1.00 5,294
. Analytic 48.65 26.07 1.00 99
Richness Clout 32.59 27.39 1.00 99
Authentic 53.40 31.10 1.00 99
verb 15.37 5.04 0.00 100
prep 10.65 4.12 0.00 57.14
POS auxverb 9.14 3.83 0.00 66.67
adverb 6.61 3.76 0.00 66.67
conj 7.39 3.15 0.00 66.67
adj 9.22 5.23 0.00 100
1 3.73 2.95 0.00 100
we 1.00 1.66 0.00 33.33
Pronoun you 1.03 1.67 0.00 40
shehe 0.21 0.67 0.00 33.33
they 0.93 1.44 0.00 33.33
focuspast 5.86 4.25 0.00 66.67
Tense focuspresent 4.15 3.35 0.00 50
focusfuture 0.94 1.52 0.00 50
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<3g 2> A# 2|72t 7 272l linguistic features &3 H|wW
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V. 7tmt 215 EX| 2

41 MLP / RNN(LSTM) / Transformer

= HAEE(multi-layer perceptron, MLP)
2 HAEZO R o]F0)7 F(layer)= I A
o7 22 FHE AUF A4 D(feed-
forward deep neural network, FDNN)©|2}al
H27|% 3t} o]83k MLP 7-2= HEdY

7P 718281 FRo|A T, A ARE Wk
sh= o] $AIFC] EAGT) olHg e B
371 A3l Al 2(sequence)’} A= HllolE]
€ 29T 5 QJE RNNo| 7= 71&
MLP FZ¢} T& He 7|Ysh= e AR
(hidden state)& 7FA1L th= Ho =2 &3 7+
ZE 7FA 3L T Connor et al., 1994). A =&
dgo] T writh WELIE F45h= I}
ZrlE, S Wi 719Es dullolEsk= 30|
HHEE I 2= o] AeEH HES A Wi
o= A AlExe] aoF HRU} FEHTL
B ATolx] &8u= 2El LSTM 71&
RNNE] 7] 2] #A(long term dependency)
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A Qlold B4 FI 7bt Bli wA Yl

=4 7

————— ] —
[ I Ea Ea ] ]

<J% 3> LSTM #=

= B3l s MEA ML= Ak Hochreiter
and Schmidhuber, 1997). 7] 2|&A4 EAl=

oY A[F2E AZFE NELS JHE 3553}
I AL ARE &A= AEHE YR
= RNN VIESQ|ZA A HoJElE 22
2 S)5lHA] WS Bxo|th LSTMS ©]
23k FAIEES st o Ao RS
A& A S5 F AEE NTHATHLH3

2=z).

LSTMoll =
Cell, Update Gate 471¢] S 2-83sh= Alo|E
7F EAIE ol& Tl 2 Ald2olA9] Cell
Stateol|l Al HE A HHE ZHste] Q3
HA BRYES BESIY S5 Aty A
LSTM HE A 29| 4L 4714 AlolE
£ 283} hidden stateS 7193}l Yojz
= S AAA "k o5 S8l 7127 &4
(vanishing gradient) &A1& WAt 345 o
2 ARt ggo] 7hselA =S Frk(Sak et
al,, 2014).

Forget Gate, Input Gate, Memory

olzigk RNN 7|9t =dlo] wWkraidA
WAl 71A
HA 22 AE2 8 mdo] A I3
o} Seq2Seq 4] encoder-cecoder &
AEo] Qom encoder’} YPHHE A|FAE
TAE dole] MHE =3t decoderE A
3tA Hok SFAIRE encoderoll Al 4= AlA
2 ARE HEZ Qofsly| ujiol FR7} 4
A= EAI7F EAYSHA AL attention©] =Y E
Atk(Bahdanau et al., 2014). 3FA]5F RNN 7]t
9] attention 22> M A4to] HA| kol W
< ARl A8t W 11 Al 204 4]
TEAS shadhr] ot AV 3] &
A5

ol gt FAES Bekshr] 913 RNN 7=
£ TF attention T-ZZ W33+ Transformer
zdo] g5tk Vaswani et al., 2017).
Transformer+= encoder®} decoder 7 2] %
o8  FA4=Eo]  ZFWt  encoderol 419
self-attention, decoder®|A]2] self-attention, ~L

Seq2Seq(Sequence-to-Sequence)
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2] encoder®} decoder 7F2] cross-attention 1
2ko] 18T} Transformer] 344191 attention
AL query, key, value HIE|E &-831A H
th g o g wol & Atks B3 717t

AR T A W oA B BEEH AN
o] A= ARE F=3 o]F Tl 1 Al
o] = RNN A9 2dluc} A $54 &
& "M & At attention -
Y Ao E o] FofR= Zo] obd multi-head

attention® = -

o,

M, ol M= oI’ #A
A FEH= vt £ FEE Tl vt

=
9 & Y=E sAFT oF Fi shie

HoA Aol ARE OS5 bl stksd
ATk

MLP= He'd darelsel 3o nef
sHA| &-8o] 7FsstANE Rdo| BT} St
st 19k Al AAY B ThsAEE Ut
sh= gl o] Qloh E=SHRNN P2 Al
AR7} grgste] HI2E g AIAE HE A7
7} 7FssHAIRE A 52 B3 11 S5 A
Zto] Hastal 71 AlE: ARE o=
W] o Aol EAlgt 8
Transformer T-Z% self-attentionS 7|HFO 2
| ~E9] contextual FEE T = 9o,

RNN thH] 71 A2 AR Hido] gojsltt

EA) g
E Ao A= linguistic featuresi= MLP &
o] 2% semantic featurest LSTM HE+=

Transformer 230l o] A2 &

ox
flo

ggstal F=5A "tk MLPE F 5709
hidden layerZ T3} LSTML 279 &
(layer), Transformer= 4712] S5 %2 Fx=2

R wE QAP w3 P 47}

49} o] Transformer T-Z0l|A] AJAE YA
3H= decoder HE-2 A 91FF encoder F-EIHS:

Fgal] LY 5 USS B TSI,

Classfier / \

(MLP Layer) Add & Norm

1
Encoder

Navr)
I Multi-Head

Attention
Positional
Encoding \ /

AN
I
o
N
\2
u
[>
|m
Elis
3
mjn
do
rok

F Transformer
Encoder #+=

42 2 7Y

B Aol A7 s S UEl=
linguistic features®} €] TlolE|2] oJn| 2%
E4& YEI= semantic featuresS AT H
g Bels FE3tara) gtk o]x | 274A] A
o3k 549 tlolelE &&at7] 218l linguistic

features= MLP U E$ =, semantic features+=

o:
I

j=R=]]

o of,
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AL dojA 24 7R 7 R BA dHeld 2E o

Prediction

Classfier

O O O O O O

[
o O O
Semantic Features

3

‘ Deep Language Model ‘

C [ """"""""" :

Unstructured Data
(Review Data)

AlA 2 A8 93] LSTM, Transformer U
EfTd d¥Hal S5Eo ER 58S F
<3 "tk linguistic featuresi= LIWCE &
8 F=E3 57H4] Wl sjdehs F 24702 W
7} -85 semantic features= EZ3} 2
| & 9 2E toJHE sk 2dlol| 5t S5
ol A2 dWd 7he 2 At o|% =
H EAL v Aol 7 giE dSst

RS e R W W Y
7] 918l HF 771 92| F7H MLP U]

(o]
ok

A 4Fshs Aol
ME S4e 283 B RS 753D A
HlEE APk olF, T 74 BHE A

Concatenate

[© O O]

Linguistic Features

o= g B el AY mRe ol 3t
PlEE 2Yst] S Aas) A2 4
2 A9 bt g B RS FESHA @

o,

7t RS S8l 71 2l ' AsS 3
7ttt £ A= A S =(Accuracy; Accuracy

_ True Positive (TP) + True—ative(TN) )
TP + TN + FalsePositive(FP) + False—ative(FN) 72

Ad

-] ]j] - . . . 1ot p—
= =(Precision; Precision= o +FP 5 Ee )

(Recall; Recall=

i)
TP+FN 7"

PredsioxReall yo g1 az1ed mel 71 4%
Prodsio+Reqa )= 280101 28 2 A5
sty 442X O 2 linguistic

HwES
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=,

=, Tea HEA
A 23 2
sto] H2-E AAE vlastith ol
£ = 2do LSTM3}

TransformerE 712} €83t vlwsigy 1 2

253 B
253 B

o
e

features ¥+ semantic

=

o
features TH-

R

H-I-'-'
flo
o o
ofy

HAE ¢

3= semantic features

Ih= 333 2k 4% vl 23, F 7 B4
< 283+ MLP + Transformer 2d2] A3 %
AU, AH-E, F1°] 09531, 0.8715, 0.633,
073342 AY TL& &4 AL . 3
B A4 ARbskE 7 A EAAE B &
&3  EdE(ie, MLPHLSTM¥  MLP+

.

Transformer)©] T FdHTh £ 452
%0, semantic featureS &-8-3F ZHof| s
A= LSTMET} TransformerE 2-8-3F =dlo]

ol B L AE HAY &

R

©]% linguistic features®} semantic features
5 Ak wale) A AL 9190 sold o)
2Jule) A28} 491S ATk TAHS Hol
o ShplE B4 2AL The E 45} 2O
cross-entropy & 7|HFC.2 FF- slo]n g
HE XA3AHT.  Optimizer, batch size,
learning rate, activation function =3 ¥+H5- 2
S B3l optimizer adaptive moment
assesment(ADAM), batch sizex= 128, learning
rates= 0.0001, activation function< rectified
linear unit(ReLU)E AAIATE o] x5 4
9] sto|¥ IeulElE AAstaL Aee HHs
A}, HA3) o)A thn] APEL 6% oY F
=LA, ololl e} F12 oF 4%7} =]tk
(£ 5).

<¥ 3> Fake Review BfX| 2¥ M5 H|nE
Feature Model Accuracy Precision Recall F1
Linguistic MLP 0.9302 0.7204 0.5136 0.5997
) LSTM 0.8624 0.6149 0.5075 0.5561
Semantic
Transformer 0.8950 0.6287 0.5521 0.5879
Linguistic + MLP + LSTM 0.9531 0.8715 0.6330 0.7334
Semantic MLP + Transformer 0.9680 0.8802 0.6810 0.7679
<¥ 4> stolH uf2loly B x=H 3 2 xF Hds
Hyperparameter Search Space Selected Value
Linguistic Number of Hidden Layer [4,5,6] 5

Modality Number of Neuron [128,256,512] 256
Network Type [LSTM, Transformer] Transformer

Embedding Di i 128,256,512 256

Semantic Modality fbecding - [Mension [128,256,512]
Number of Hidden Layer [2,3,4] 3
Number of Neuron [128,256,512] 256
. Number of Shared Layer [1,2,3] 2
Classifier
Number of Neuron [128,256,512] 128

- 14 -



QAotn B4 ek 71 SR B Heid =d A

<E 5 29 i3 M5
Feature Model Accuracy Precision Recall F1
Linguistic + Semantic MLP + Transformer 0.9762 0.8947 0.7249 0.8008

VI. E9| & AJARE
6.1 Z1t E9|

o A}, linguistic features &
2 dlo] semantic featureS &-8-3F ¢
R Aol =9t ol 3l 9

SR ot zwxu 1o} £

=
=
R

W3R, Transformer 7|4k
LSTM 79 2 ojH] o & 84| A5E 1
Att= AL ERIE & 3tk ol& F3

Transformer 7]¥Fe] HIAE BF7]|7} 7|&9

21 Az vlole]
S Bl ES Q3
gtk wole AEe

100 ol’e] A7 HlolEl
Aol FEsdon 71 A%
W43 5QeA 4714 s W7} AEE
B39 WA HAE AolAe] A7 A

t} Transformer®] Ad%5°] o HaslA FE5
= A B, AAE Z7] AE2oA 9 v
AHE AYn Y & F U F

self-attentionS 53l 7% 2lH5re] XYL 9J
= A7) ANdolAe T8 EES velsia
SIG3lo 2 TE AFEX HRE FHo=R
&= LSTM ti¥] o &34Ql &
o= AAEE =2 S Utk

B AFe Ay ZAAE T linguistic
@l

(o3 [U-"‘
o

features2} semantic featuresS &3 E&
o] & wd tin] Aol IA FLEHIASS

s

LSTM 7]4 2t} o A|fAx ARE 2 skt ol ARk dold SA4o] i
BIhe He YEsi= Ane B e ok v o oV SA4% ARES o), 7}% EIkis
3l Transformer”} attention B2 2] 58 7] 7FAY BAS Us & el BRE 4 )
dro gr] Afze] gEl B¢ Zgdez  the Ae 5 T Sdth ol BBl o]
Sherdt - Qlrks BHS AZa] e, 2w B4 AUz Aue) AR dold 54 An
<E 6> &Y| AEA MEZo| thst LSTMZ} Transformere| As H|il
Model Accuracy Precision Recall F1
LSTM 0.8724 0.6127 0.5263 0.5662
Transformer 0.8963 0.6475 0.5821 0.6131
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7} 433l BEARA ARE MEAl sk
Eol &851 S vtk Hu et al.,
2019).

7)E 4% AFoIAE ALgAL ol E
=48 sops] 93, ofFle) Y BES
3 ARA, 7= S Wg 2AH 2199
T, FEld &4 18a off) X 5o B4
TAE &8st 28l gRrk Ad 7+
E48 EA3HUTHONg et al., 2014; Peng et
al., 2018; Wang et al., 2019). 3}A]9}, o]+= g
Rel 542 Awshs gie] IHom, @
AT BET A mA ?%%}Ei
%75 O ]/\E_,] _,]u]ix—l ;HE ;5—].;]
Befel 4557 S} SIS, & Aol

o xR of

N
o g Avk= Aol doja B4 gt
O 2 ol s—w !

B AFods A Al 7HA AT SAI- )
EA) A, vlolg o] Al7|H AR o] &
At 2 ATollA &-8g diolE= 2004
FH 20153714 €] vlo]glolnt. sFA|RE 2211
= Fdel DsHl jEesh E4% 54

shA| WstRithe oA A7 285 flsixe
%l 24t ol 2 A&2| 0= gk gt
wEbA e ATl A e Alat dlolEE st
1 F2E AA WrEs vt R =Y
H2Es] & a7t

‘:}%—OE & AFoM= Gz 7489 i
tlolERhs -8tk waka] IujolAle] A
T2 &gl gk A EAdTE FE
7 ART7F EE o] = I HlolH
7t R 7Fssih 2 Aol Aljkshs &
3 A PHES 283 A ATt 7k
d Ao odHrt. Fojot gy =2 A
w3 250l 58S o] F1 A 5EE0] B

o ojdS FAsk= AAE 7L Jems
AA et Ao B4 F20l| Qo] = 54
< g Ho]"ﬁ% 283 97} ok
TollA= Hole e A=
Qlste] 2date] ol EAS wtetetr] el
olE]] 0|3 BEZ sto g FE3
linguistic featuresTh= &85tttk sFA|TL 2]
Fr Zedzke] gl |, 1T FAISH] B
T S I hi o e
sttt &% 2l Ak Aol 7hsstal
o290 T 54 AR} ZHE Y FF AR
7h 3 dlolel7} gREThE 7 2 3
w2 Aol A2 EA ARE {831
482 T A& Aotk

o

=

6.2 SHET AIAF

2 AT st AL A Al A=
el 4 olek 3, A dlols] B4 ws
5 BE3ie] Jbd By WY me] 45e 3
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&4 Eté ?%Oﬂ oA T o= Egr]o]
352 FAIZE SASHATHLI et al. 2020; Ball
and Elworthy, 2014). ¥Hd, B A= 7]&0
ATHRR P SRk AUT e felR
43} T 25 29 75 OPHES 8
sfo] lojz B4} ouEH E4S AU
=3 9o mEe FE3ITh A AT
AN A5 DR B FREE 444
o AF o] EATTH: AN 7o
dojd EAHES s ]*— linguistic features&
I “*01 FEE=
ATe BT
Kis Eﬂolﬂi "J?‘fH gol7t Eﬂﬂ‘ﬂOﬂ Aoz 5
d& Ldukstelr] ol om Holy qfRe] uh
gt o= Weke AV AR oG
(Banerjee and Chua, 2014 ; Ong et al., 2014)
B AT O dse 9kl e it

524 dlelBAle nigo 2 Q] AR}
dojd B JRE F&ste] dnkg} 7hst
713 i wE RS AAE

A, & A7 wE mdl 7P 2l A
31 RS Hfsf o Ao dlolEE 34
o= olgsturt s R ATEN Z8E
% 9tk 159k HYATE T ole) 4
dolElE o] 83hs 219 Ak UFHo] gt
(Kooti et al., 2016; Hu et al., 2019). 3}x]9+ 7}
A g B8R B A3 FH2 A7 GHlE 7]
Hko] oju| 24 EATES WMeE 83 el

¢

| Qlod B4 Z)uk AR el B Hed =
N AT FF olFA3 2 At )
B g9 4% el AES AU U
o ol £ AFE 71E A8 43} ATl
sokgl 7ht elh Ao Qlofa 54 2
FE B3 ool A=l AEskd 7h )
&2 2d sdke] A5l 7]odslthLI
ct al, 2020). Z, 71E Feid molA] BEE
alg PEE TRl dofd B4 WsE

A F=3 o] F 7HA SAS Adsa
Z}zko] EAAE BR8] Z3E 7 2l
o] £A% 5L skgetal A THsAe
ZAEIAT B A7 B4 A A e
7 Bl EokllA oA A HEES &
F2 oz gk HollA StaA] A
< AYa 9

nRelo 2= "dXE BE Ehoi FE
285 RNN Alg 23 tj8o] FHAl Ao
7] 259 7]HkQl TransformerS 2-8-3F
AAE Fall, 1 A2 24 o]y 7
oS Agsiths RS =53 35 5
Uk 71E "l 7Rk 71 e '] 2d
M AT ZF g2 2F BAA Ba
o= Zg¥o|gd RNN, CNN 79 =S
-85t Bhargava et al., 2019; Hajek et al.,
2020). ¥HH 4l Y oPIHAE 7 2l
Ao 283 A77F FESISlTE B Al A
= 7 i BA] okl B JEH o] A
283t3 11 E3ol
sl AsstAt= HollA 7]edzlo] Art

4>

[o

2] 2d9l TransformerE

6.3 &FX AAFH

2 7] AFA ANEE JA YR =
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F itk AA, £ A7 7 i B 24
o R FRHE A BAE 715k s
Aulzs GAt 2l SYE ARSAFEA A
ke 7P 2l Ja A 28 5 Qv
Aol A AR AL AU gk 9]
AF el 9ol el $719] FEFHo]
thgtell wheh 7hst Bl R Q13 Ils) w3k
=2 Siga 9o ooy 71 2lRE
AHow Bk A A AAZOR 289l
A&l HA= G 9F 1,5209] Dol 23
o}, w3k 23 gA|e] HZo] oF 63%0] Bel=
opfEelM ] T =73 1+ AAFEAN AATE
Ade AAA sis 4 18%Y0] & AL
2 AHANTE e B8 A7 AEH L
2 7P BHE Q3 Fa)7h Solua 9
AL & <= Q) o]of B ATt Aola) 7]-34
28 e S Ul Aol g 243 &
S3TH, ZAE ARAEA B8k A
4 #5E Fole 4L /1T £ Yok =y
2] thitol d== %“4301 AL gh=o]

o I o\

¢

_4

Ho]—

I
dolEERE dojx B4 FES A% A
8 PEE Aol A9E Wast ook

S, B ATA] Y S Qi dlo]
BE 531 439 7bt el EHEL 7]
o AEsE mH THEY ohe) elhE
Fao1 RSN 1 eliel B4

of mu

Aste] AbgAbEe] AE e Hastd
A 2l 1R %9 Aol A
2oy u:H YRE AEAo g &838 4 9=
A1e A uﬁ HEERIELIE T
=% 4 9l Aow dakdr

Ao 2, 2l SEEolu 22kl AR
S7gellA] Hrlo] ohd, SNS$} 2 HofelA =
b ERze) Wit Zeheha Qlor] B <
T A} olg} e BolM s 289 4 )

& 708 /It 4 9k 7Mt 23 ek ol
2 ¥r2: Ropol A EF 7P Fra Q1% A A
A se) e Az 30 ol galon |

A A% 0

o~
m
i
_L
lo
=)
FHU
a2
o
o
flo
i
ot
ol
FIF
=
b
Mo

PASSIS 7131%@, FUE “HAE njo]de o]g

B4k ARl o 2

/\1£E* A+, A 304
227-245.

A, AT, Fold, oA, Olﬂm &

s O =,
7 o«
O,

B AR

, 4%, 2021, pp.

(3

2]

=

B Wl AR
T2, 2017, pp. 1980-1982.

F9, T 4% AIE 82 A%
g])rﬂr JJJ E]—;(] l:ﬂ—tﬂ/] A= .117]-” A

X

L
111) 1:11

o

51

)

g
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<Abstract>

Development of a Deep Leaming Model for Detecting Fake
Reviews Using Author Linguistic Features

Shin, Dong Hoon - Shin, Woo Sik - Kim, Hee Woong

Purpose
This study aims to propose a deep learning-based fake review detection model by combining

authors’ linguistic features and semantic information of reviews.

Design/methodology/approach

This study used 358,071 review data of Yelp to develop fake review detection model. We
employed linguistic inquiry and word count (LIWC) to extract 24 linguistic features of authors.
Then we used deep learning architectures such as multilayer perceptron(MLP), long short-term
memory(LSTM) and transformer to learn linguistic features and semantic features for fake review

detection.

Findings

The results of our study show that detection models using both linguistic and semantic features
outperformed other models using single type of features. In addition, this study confirmed that
differences in linguistic features between fake reviewer and authentic reviewer are significant. That
is, we found that linguistic features complement semantic information of reviews and further

enhance predictive power of fake detection model.

Keyword: Fake Review, Predictive Modeling, Deep Learning, Linguistic Feature, Semantic
Feature
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