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7o) AL SentiWordNetS o] &3] =3
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AHEAREOl &2 vIES IS} 229l SR 7t sk 2l 584 oS HgelM 93 mIRl g
o= A zyz A9 5 FHo2 204 58 HEER FESAL JHELHEE Rt

3 5] A TH Ariyasriwatana et al., 2014). 53], A=
o] ANE FEE G2EFH PJHE ALAE
A A AAA ] E FFS A= HoE
UEFSTH Ariyasriwatana & Quiroga, 2016).

B Ao YHEL AR LA E o] 9lom,
ARA DANAME AF dolee] 234 2
g ~Eof g3l o] EES), 284 S 289
AA 9 AA AHES FPsATh B
FHA DAl A= A ed A HolHE 8:29]

3.1. &lgl Ho|H

2 ATollA Ak WHES] 5 ds 9 4=
Aol gt sl As AF3t7] fsl Az A
o= A 2 E dolEAl(Yelp Open Dataset)”
< AR S HlolEAlS = 117 =
Aol Al =7k oF 700512 2kl 2R dlo]
B S Z3stal 9lom, Z} HolH & <3 >3 2

Mgl e £ % AZ dolez pejspagy, ) o S F S, e S Sy
A SO Bl R gl Tl (sl 59 HERE Bt 2EEel 3
oAl 2] AH8-%+= Naive Bayes, SVM, Random oAl AT 5, el 23E R
= [e] L > > = =
Foreste] BE4) jaleld walsh oNN, Lo, © oo STl AR S 8w e
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H o = < = B o
74 9473 =dlo]] SHAPS} LIME 7|2 A& 3 G7H4 opdel FER PR, FES A
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User-1D tCXElwhzekJEH6QJe3xs7Q

Business-ID MTSW4McQd7CbVtyjqoedmw

Restaurants, Food, Bubble Tea,

Categories Coffee & Tea, Bakeries

Useful 3

This is the bakery I usually go to in
Chinatown. They have a decent variety of
buns and pastries. Red bean-filled buns,
mung bean-filled buns, coconut stuff, egg
tarts etc. If you buy a dozen, they will
give you two more for free. The prices
are standard for a Chinese bakery...

Review Text

A DAlAM = A delEe 23 g
H gl2E0] th3] NLTK H7|AE Ag3te] &
Z3K(Tokenization) X AFAF W3 24YS 3
sta gl "B x3d E5EA, 715, O
g3 B8olE AASAh —Erﬂdﬂﬂ Aol A=
A E A doleE F 80%%2:— 4 HolHE
AHEEFAL U A 20%E B4 3 dE de
B7tE A% AF HolH=E A}%‘Sk%lﬁ} 2o
aHAQl SkaS ffal E4 2 AF dolH W
&3 gt w%ﬁPXl & gRe BlE 101
2 FYsHA AAsHAT

32.1. Hed g

B ATNE PH 842 a2 <)
CNN, LSTM, CNN-LSTM®] 3714 |H&d 71H
& /S35 ONN 242 BT 2719 9
+ FE|(Convolutional Filter)S &-83} 2]
2EQ 9uEZF EAL FEdla, AH &4
2 2313 (Chen et al,, 2018). ZF $HAF ZEE
ESIOEEE EERLER LR BT
&l &gtold YU =-$(Sliding Window) 2|2
okel 4 (13} Lol FAF AWE Yk,

Cizf(w*xi:i+j—l+br) €8

? AellA *= AAPw dAE dER A,
Xiirj-19} be= 247 A3 ZEISE HH(Bias)S
YEhAT} f+= Recified Linear Unit(ReLU) 2433}
3F<(Activation Function)E YWERH, s &4
+ Sigmoid % Hyperbolic Tangent(Tanh) €433}
heoll 138l 71€7] 44 (Gradient Vanishing) &
AE Ao sfAsHIde & Kurita, 2017).
M e st A9E SEd gd EA W
(Feature Map)< 2] (2)¢F #2o] Ho|& 4 ot

L= [cl’ Copp oo cN—j+l] 2

2o Z47ke] B4 W& W E8] F(Max
Pooling Layer)E 4 54 9 84 W Hdigs
FZ313aL, ©]E 94 S(Concatenate Layer)<

OH @ g g2E B4 3E HE S8tk
PH S ALt
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LSTM-2 Recurrent Neural Network(RNN)2] %7
°o]&A EAl(Long-Term Dependency)E 3l-23}7]
8l a1t 2dE, 2 °92E Y ©olE 11

=214 A g 870 = EL./:_S]-E].(HI-qu =
2019). LSTM &2 ¥4¥ Alo| E(Input Gate), LZ}

Alo] E(Forget Gate), =% A|©] E(Output Gate)2]
3714 Alo]E & Al Aef(Cell State)= T-4 = o
Atk ZAze] AlolEsh A el thol g
TS AHERE Yy ol =93 AHE 7Y
stal EEed ARE AAT 4Y Al
U ol A Ao Faj PR
& shth 2o 2 Tzk Ao

é}ﬂl xE dY Wol =d gt
ol 0ol 7M7herE ARE
]GPWSherstmsky 2020). A “JEl=
ol Aol HHet A A AEE drit
o]l RIFLAE AAHI =9 AlolEx IA
18] ol A A1
3 YT oE It LSTM
s X)E YUY
e U=

.

L
ul

i
mlru a8 12 rr
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7
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3} Zth(Sak et al., 2014).

i, = (x + Wyh, o+ bi)
grztanh(W x, + Whghl + bg)
!, =0(WAfxr+ W oh,_\ + bf)
C,=f,0C,_ +i0g, @)
0, =o’(W x, + Whohr 1 bo)

h,=0,0 tanh( Cr)

y—Wh+b

ym 1t

Wk b 7157 A AL o3, 0

L QR Z oudt) i 9} g, = = Ao|E,
feo} or= 7—]’ Wzt Alo|Eg} 28 Alo|EE A
A =29 FEFS AvEt G o hes 7 A
Aol oY AHE 9n)sitt miR|go g,
LSTM &< A =83k yee A 9O)F AA &
R F848 d&53.

V=o(Woy +b) )

CNN-LSTM2 $] CNNol|A] dAAZ7tx]e] H
B3} LSTM && ZA%st ndolt) oy 2d-&
&7 ol g4 CNNY 2l g 2E
W om &3 54 FZE3 FAlo LSTME] &
W 1 &2 AE 5T 5 At Wang et al.,
2016). B Aol A= CNNE| AAZ71A] 9] AAke
ol 2l g2E U "@olSe] A9 ARE
Z2A3F L, °]F LSTM 52 AA i W v
=9 1 #214 BAE ShEskith vA e 2,
LSTM Z9|A] ZZ25 & gX1E AP2E 2
(5)E AA NE 277F 83 ofdAE 0 ==
19] o g o=3i}
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Random Forest2] Al 7}11 HAEZ Q] Ml E]H =}

95 AM2-3F9 T Naive Bayesi= Wo]|2 A&

7Moo 2 E1E HolHE ERFdE FEEH

ZIRolt}. 24 7 ol ME 5HY

Zlolgbal 7HgskH, 7+ 2ol f-84 ool o

Sk AR e B JH, 2R AAY 784
=

HXAE 1H

S ==

i)

s
& b
op
2
mlo
2
e
o{t

=3 (Zhang & Gao, 2011).
A dlolEo thek a3ARl =g
B oSl deE] AREEE 7ot
(Vapnik, 1999). SVME 7} g)H gl ~E =S A3
Aow FElete] &3 et 8skA e
ZHE e, AHdS STM7IHA 7 S
2 &RA el E 91e H49 2% W (Hyperplane)
< = AYS FY3thKang et al., 2012).
Random Forest= & 2] 711¢] & APAA U Decision
Tree) = TA4E Y/FE(Ensemble) 71HolH, 2H
g1 E f)o]E S Y EXAEZ(Bootstrap) 2] 02
o2 7He 3ke] HelEAlS B3 3HTH(Lee et al.,
2018). THe-o.2 71 19 o]l Ale] Zt o)A}
AQUE me e 515A]7] 5 E o APAGUE

o o2 AsE ARl B} F84L NS

[e:

l

3.3. SHAP/LIME

B ATAE Sl AE e AF
Hol vlalely md i F84 R A5e
& the, 718 428 ol SHAPS} LIME
2 Hgato] M B3 Ao Fare mA=
¢ el SHAPE waleld 2ol

ME ZHe] -84 dZel tig daE AU
Zt ol =9 7|9 =& A3l Shapley Values
AL 25 W 54 @] (9] Shapley Value
£ 738t A R+ okl 4 (6)3% 2T

Ry = Y SEEESED  msu iy -7l (60
SEP\(i) IPI!

pe AA do] Ao, s& iE X To
A3, 283 F(S)E soll g mEo] ¢)=2 ojn]
gtk =g f(SU{iDE so} & =% 23st
Aol tigt 2o oSS SJu]git
3 1 EE W gort 2de g 78
o Ze 7lostE AEE AT & At
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Abstract

Explainable Artificial Intelligence Applied in
Deep Learning for Review Helpfulness Prediction

Dongyeop Ryu” - Xinzhe Li* - Jaekyeong Kim™

With the development of information and communication technology, numerous reviews are
continuously posted on websites, which causes information overload problems. Therefore, users face
difficulty in exploring reviews for their decision-making. To solve such a problem, many studies on review
helpfulness prediction have been actively conducted to provide users with helpful and reliable reviews.
Existing studies predict review helpfulness mainly based on the features included in the review. However,
such studies disable providing the reason why predicted reviews are helpful. Therefore, this study aims to
propose a methodology for applying eXplainable Artificial Intelligence (XAI) techniques in review
helpfulness prediction to address such a limitation. This study uses restaurant reviews collected from
Yelp.com to compare the prediction performance of six models widely used in previous studies. Next, we
propose an explainable review helpfulness prediction model by applying the XAI technique to the model
with the best prediction performance. Therefore, the methodology proposed in this study can recommend
helpful reviews in the user’s purchasing decision-making process and provide the interpretation of why such
predicted reviews are helpful.

Key Words : Review helpfulness, Machine Learning, eWOM, Online review, eXplainable Artificial
Intelligence(XAI)
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