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27 of 29 people found th following review helpful
Ferfrdr st No complaints.
By D. Stringer on July 14, 2000

g the Super Pot last night

once). Clean-up was painless; the pot pops out of the plastic housing for cleaning, although the manual says the whole
thing is immersible. The two cutets pretty much filed the gril, 50 it might be too smal for more than two people. Now
that s 100 hot o gril outdoors, I be using the Super Pot more often.

t the gril, too.

out perfect (375 dogrees for 7 minutes, fipping

5 degrees for about 12 minutes.

iew helpful to you? | Yes| [ No
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(Table 1) An example of Amazon.com Dataset

Attribute Value
Reviewer 1D AVVEASAVWWU7Y
Product ID 971024952

Total number of votes 29

Number of helpful votes 26
Star rating 4
Review time 03 27, 2003

Reviewer name

D. Sippel "Rocker"

Summary headline

Solid effort from Moore

Review text

I wanted to address some of the criticisms of other reviewers. First of all,
while the reproduction isn't top notch, and doesn't match the quality of the
majority of TPB's, it is acceptable, and didn't diminish my enjoyment of

the story......

3 g i g2E EA WHE el R
A5)lA 23 BH AR 545 Ue
.

= rlo

3.4. Helpfulness Score Prediction Layer

HAFHOR J5AE 54 WE HE B 4
(N 2ol PR FEHL ST,

AN

yZG(WH0H+bH) 7

AN Wyt by 22 AR FEA oS
el A 54 wE Hol ) AHE 2 Qe T
A9k S Ut o = Sigmoid B43}
F4E vER, ol Alske

J_:[L

4. Mg

i

4.1 & HOIE & BIIXE

B Ao A ¢k CNN-RHP Zdlo] o=
35E& Hrketr] flal oputEol A 19961 55
g 2014d 79704 39 g5 dolHE A
S (Mudambi & Schuff, 2010; J. Park et al.,
2012). optES AlA Hol A A SHEL
2 goigk ko] 289l R dHolEE st
o, o] 83t A7} Tt ofollA
Y= 31 A THGhose & Ipeirotis, 2010; Kim et al.,
2006; Malik & Hussain, 2018). ¥ $375-2] A& o]
AHgg 221l 5 Hlo|El= <Table 1> 20|
2R AR AF AR, §84 FR 5 5 OY
g ARIF 2FEI Uk B AFAME ElH
tole 2717} 71 & olntE E4] FHEH gl o)
Al 603,668 2] AH|AF7} 367,92871 2] A E
gk 370 8,898,04170 9] Bl HE A3l AHE-St




Multi-channel NN 7|5t 22191 2|8 R84 ol 2 sjuo| Het o7

ATt
2 AFoAE A B G807
w371 98l 71 Aol o} Bl e F
F7F 1071 o174 B RRE AF8-3F Th(Tay et al.,
2020). 24 843 o 7€ A A
RO 2 #83% F3%F AA Fx o v
WSS Ao 2 AT &, 84 HF
7} 0.65 T 39 f& HZ B8, 0.65
o o e G URE EAsd
(Mitra & Jenamani, 2021; Yang et al., 2020). =&
g5 Aol A AFS WAsH] Hel A GHA
MM &3 gt F&sHA B HRsE 4
7} 180,0007H 5 AH o= desto] Ao A&
sttt A ol olA 80%= S5 TlolHZ
ARESEIL U A 20%= s BUHE A% AF
Ho|HE AREStRTh B dAFolA Acke =4
o] A& Brket] flall 71 AollA 2 A
8% & Accuracy, Precision, Recall?} F1-ScoreS
AMgSte] BEle] BR/ ASS BIISHATHLI et

al., 2021; D. H. Park et al., 2012).
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TP+TN

Accuracy = ®)
TP+ FN +TN + FP
.. TP

Precision = —— ©)]

TP+ FP

TP
Recall =—— (10)
TP+ FN

Fl—Score 2x Precisionx Recall an

Precision + Recall

o714 Accuracy= w7 oS H/HE o @
2] ARgsta 9lom, A BF A FollA
gk ek F838kA &2 gHE A &

&
FZ2 v)&E JeRAD Precision®} Recall= 2+H2¢

fré&sttta 73 g i FollA AA F&e
o] HlEH AA 783 g oA Bdo]
sttt £/3 e HEES Jehdth
F1-Scorei= Precision#}Recall®] %3} HH o=
AL T},

ATl Aol AHEEE 221l g
&40 7 FA43t7] $8] NLTK 7]

ARgst -3 A
d ZlH H2Efhe AMSHE CNN 2ES 4§
st e BIasATHQu et al., 2018). %3
H2E 87 dA7olA de] AHS-E SVM(Support
Vector Machine)¥} Naive Bayes =.9-S Z]-8-5}¢]
Ak B BF Aes thst SHA H
W3} THMohammad et al., 2016). &2 )5 2}
Ao A To] e WEE 3003402 st
3, "E A7)+ 10002 AAsgen, Ad A

25 247F 3, 4, 52 A3 7€ AT
kol whet 2+ 2w H dolo] 90%= 1Ay

et al., 2020; Du et al., 2020). =& 8}5 74 ol A
HA43 FAE fAsH] Al =Fok Holo
£ Frletdon Hl&2 042 AA YT A
3} 4uElF2 Adams A -E3H o vz 27
£ 25602 dAsty 2d kS st
T3 G840 7 FHZ O Epoch 34E AAs}

7] 913l Early Stoppings 4834 THDu et al.,
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(Table 2) CNN-RHP Model Parameters

Parameters Value
Dimension of the word vector 300
Number of words 40000
Size of the convolution kernel 3,4,5
Size of the feature map 100
Dropout 0.4
Optimizer Adam
Early Stopping 10 epochs
0.90
0.72 o
>
5 0.54
<
=
=)
Q
Q
< 0.36
0.18
0.00
Naive Bayes SVM CNN CM CNN-RHP

(Figure 2) Accuracy of CNN-RHP and Benchmark Models

2021; Du et al., 2020). & 2] A g4 AHE-
g mdof sjo]wue}u] B <Table 2>9F 2T
H o] A= TensorFlow 2 Keras W 7] X & Ab
43}l CPU Intel Core i9-900KF, 64GB RAM,
GeForce RTX 2080 Ti #7golA AdS 333}
ATt
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0.90
0.72
o 0.54
o
Qo
¢
—
B~ 0.36
0.18
0.00
Naive Bayes SVM CNN CNN-RHP
(Figure 3) F1-score of CNN-RHP and Benchmark Models
(Table 3) An Accuracy Percentage Change between CNN-RHP Model and Benchmark Models
Model Accuracy Percentage Change
Proposed CNN-RHP 0.727 -
Naive Bayes 0.577 +26%
SVM 0.629 +16%
Benchmark
CNN 0.681 +6%
CM 0.700 +3%

(Table 4) An F1-score Percentage Change between CNN-RHP Model and Benchmark Models

Model F1-score Percentage Change
Proposed CNN-RHP 0.722 -
Naive Bayes 0.436 +65%
SVM 0.644 +12%
Benchmark
CNN 0.672 +7%
CM 0.692 +4%

o= A%5o] ZH} 3%(CM), 6%(CNN), 16%(SVM),
26%(Naive Bayes)?+5 70415 Atk Fl-Score &
7HA ol A= <Table 4>} o] o & Ao Z+

ZF 4%(CM), 7%(CNN), 12%(SVM), 65%(Naive
Bayes)?F= 7|1 % itk 3k CNN-RHPS} CM
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Abstract

A multi-channel CNN based online review
helpfulness prediction model

Xinzhe Li* - Hyorim Yun** - Qinglong Li*** - Jaekyeong Kim*##*

Online reviews play an essential role in the consumer's purchasing decision-making process, and thus,
providing helpful and reliable reviews is essential to consumers. Previous online review helpfulness
prediction studies mainly predicted review helpfulness based on the consistency of text and rating
information of online reviews. However, there is a limitation in that representation capacity or review text
and rating interaction. We propose a CNN-RHP model that effectively learns the interaction between review
text and rating information to improve the limitations of previous studies. Multi-channel CNNs were
applied to extract the semantic representation of the review text. We also converted rating into independent
high-dimensional embedding vectors representing the same dimension as the text vector. The consistency
between the review text and the rating information is learned based on element-wise operations between
the review text and the star rating vector. To evaluate the performance of the proposed CNN-RHP model
in this study, we used online reviews collected from Amazom.com. Experimental results show that the
CNN-RHP model indicates excellent performance compared to several benchmark models. The results of
this study can provide practical implications when providing services related to review helpfulness on

online e-commerce platforms.

Key Words : Online Reviews, Review Helpfulness, Review Text, Multi-channel CNN
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