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A WA, A GH 8l A AT YR
HAEES FA0E EY mdd 7HgRAM 5
2E nulolyd 7|HE& Hgate] thFatA o] Fo
23 AT}, Eslami et al. (2018)< 2ol thdk 7+
AEAS Bl FAAA g7 T84 G5
Ho}h o f-83t0ha 31921, Wang et al. (2019)
L AHo|B & 7HEo R Ui Ao = BF
o Y& ERsteH, gi A rA=
9GS B39t} Fresneda and Gefen (2019)2
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ATHSaumya et al., 2023). B]H F84 d=S
el 2 SR=7F gefsiAl 85 e,
QSIS FA717] Sl 71AISEI Heldol
@ol AH8-5]31 THDu et al., 2021). Zheng et al.
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sh7] Sl "l=Ee} olnAE AT T RE
HAA]E 7|¥FO.E BERT(Bidirectional Encoder
Representations from Transformers), LSTM(Long
Short-Term Memory), CNN, MobileNet 5= % &
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A ZATE Liu et al. (2021)2 57H4 A4 EA
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W, gHole 4o dERge FEIT.
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HIEE =2t 11,96371°1H, 8314 &< EHE 11,9637 =
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28317] 913 IMDboll A A|F3H= 79 2500 AEAS 38k NRC ZHHAHA-S Plutchik
g G| e IEPSIATE F 336428719 (1960)2] 7+4 nlF] m&ol wie} 87HA] 718 7+
YRS FRHsINeH, OF ARgAle] 93t B (B, FEw, 7, A8, 5, £, 71, 39)
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(anticipation), 7]%¥(joy), =S (surprise), 21 (trust)2}
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3 2 (disgust)oF 22 FAAQ AL fF-83HA
B2 giolA A vEehgth 183 2ok

S5 e PR RF T Bl M

A eiskes, ARBHAAE el A2
B@ 2ol 7 Uekt o)t Jsjel o
IASe] o] Ak o FHAo|m, W
2 5 gls AT 5 gl A9l 2500l TS 3

shelhe] 891% 289 Zolg Beksidth

Result of sentiment analysis

y
B non-helpfulness
0.20 B helpfulness

0.10

0.05

Fear
by
Trust

Sadness
Surprise

v v i < %
> > (' S 3
= s =1 =)
@ o & o K
3 o o =
a Q ] [=]

=z 2

g

Emotion

(13 2) XM ZHn}

o
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7} 68.02%=
Aol A A ke GNNS # &3}
68.11%= YERsT]H

FH
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s
el
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0.107

ws| =z etof
B like, time, really, movies, good, great,
see, watch, story, much
) N el 2 | like, people, even, much, really, good,
2~E#%] | think, way, character, make
N films, story, time, also, characters, many,
3|98 £ R Y
work, every, performance, great
4 Sz man, old, back, scene, wife, life, father,
N young, family, home
5 A7 war, life, world, people, man, list, see,
story, death, powerful
6 T batman, dark, michael, knight, joker,
32 | trilogy, bruce, bale, welles, luke
7 474 9 | best, great, oscar, also, picture, ever,
7} performance, cast, academy, actor
g oy story, animation, love, animated, life,
wlo] A | pixar, characters, kids, children, toy
9 N 2| action, max, western, mad, ternimator,
Al leone, john, bill, road, van

(pooling layer), £+ A3 (fully connected layer)
S 2 o]Fojxl 7|EHQ] F2E -85l th(Hosaka,
2019). #FHE PAE ] SHolx AlTS =

=

getfon, 243} e 71e7] &4 WA
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23 fjg CNN GNN
S5E | 67.67% | 68.12% | 70.00% | 70.09%
AZE | 6752% | 67.70% | 68.02% | 68.11%
45 25 R2Y 0528
dzmgel g a4s] $la) Aurisd
AFA S-S A-E3I9Th dSEFolA A7t
71 $-4-3F GNNol| GNN Explainerg %83}
=yo) A% AMeigth RgTEA A4d
JEWSTEY] FQEE <19 4>9 g} rm
T ol thet 24 8<lo] 7P 8% HERE
Uehkon, 2R-e) UehE ETjo)A

TAE

=7}l =3 49| 57} 71
= Uetg ™ B 4= B 2dF ZoA
dHHoR HFo] w3hon, Tl5gstet A
d FAleltt. &kt 7hSel tiRk Weos wa

BAES TS 2d& F e FA] HEed
Ao HY b d SR Fgo) 22
TEE S5 38 EY 3, B oQl Ae= y
Elgton], &£3F, deo 2 FAHAA e
2 T8l A F&ol vnlshH, T
< Aok U 244U e sA4A
ARG SEGol vA= FFo| 9Al e
Stk B 32 Gkl tie dAHd £43% &
de FAloln, B 9% A 9 A Fgstet
de FAloIt. Fstel tht E43 A4 3 A
ol thet A= B mdy o= HlS
o] W¥ow, dFEYANME FRE}F 9 Y

ERstTh

Features by Importance

00 01 02 03 04 05
Importance

(23 & was 0%

22

2 HTEY] 8=} I 5B A4
WAE Rld 4= Qo] of# o ofs) A7t
SEEHREA goto] Thsdith e A B RE
el Y, AA 783 glie B3, §-835HA
%o o= wEMOF Uit <18 5>&
L& 238819 AU} ofHl LEof o3 =EFH
S Y ZE Ho|FH, T 238812 AA)
g glRola frgsitta o&d gl Rolth
SEEYS] A AAE EH & 23881
T 170298} == 17040 J3) F&FS w1
=T 238819 U8 “the best movie

I have ever seen.”, “I found this film depressing

A

op [l

¥ o N o 3@

Ll
.

and emotionally draining, but cannot wait to watch
it again.” I o] FspHdol] tiFk TG AA W&
S T gtk FEFE e 25 170299 B HE
“Outstanding job from everyone involved, especially
the actor that played the captain, brilliant!” 2} 722
sAAQ 9] EHE AT, =5 17040
A% great, excellent 52 @07} 5743}l “The
last was definitely the best.”, “I give it 9.5/10
stars; just barely on the edge of a perfect 10, but
not quite.”$} o] A1 W82 Br1E st
USRI & Ytk & 2388100 IS T+

17040 ==+ 3709 (15604, 10080, 23881)
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Abstract

The Prediction of the Helpfulness of Online
Review Based on Review Content Using an
Explainable Graph Neural Network

*

Eunmi Kim" - Yao Ziyan™ - Tacho Hong™*

As the role of online reviews has become increasingly crucial, numerous studies have been conducted
to utilize helpful reviews. Helpful reviews, perceived by customers, have been verified in various research
studies to be influenced by factors such as ratings, review length, review content, and so on. The
determination of a review’s helpfulness is generally based on the number of ‘helpful” votes from consumers,
with more ‘helpful’ votes considered to have a more significant impact on consumers’ purchasing decisions.
However, recently written reviews that have not been exposed to many customers may have relatively few
‘helpful” votes and may lack ‘helpful’ votes altogether due to a lack of participation. Therefore, rather than
relying on the number of ‘helpful” votes to assess the helpfulness of reviews, we aim to classify them based
on review content. In addition, the text of the review emerges as the most influential factor in review
helpfulness. This study employs text mining techniques, including topic modeling and sentiment analysis,
to analyze the diverse impacts of content and emotions embedded in the review text. In this study, we
propose a review helpfulness prediction model based on review content, utilizing movie reviews from
IMDb, a global movie information site. We construct a review helpfulness prediction model by using an
explainable Graph Neural Network (GNN), while addressing the interpretability limitations of the machine
learning model. The explainable graph neural network is expected to provide more reliable information
about helpful or non-helpful reviews as it can identify connections between reviews.

Key Words : Review helpfulness, Review content, Prediction model, GNN, XAI
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