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(Table 1) Word Similarity Value by Dimension based on Word2Vec

Design Price Delivery Weight Speed Performance

1 59/ 083 =4 /077 w7 0.73 A /1082 A/ 0.60 F4 /085

2 A/ 0.74 7HAH/0.67 v/ 0.69 3 /071 w3/ 0.59 =3 /0.78

3 A7/ 0.74 /054 w4/ 0.57 7] /067 344 =/0.58 34 / 0.65

4 A2k 0.74 47049 /051 T4/ 0.65 SH /052 =%/ 0.61

5 AZE 1 0.62 %5 /048 3 =9/0.50 571 /7 0.63 AA /051 2-8-740.58

6 A3 /0.60 s} /041 =l / 0.49 % /058 HlE 21/0.50 Wk /7 0.55

7 ThAHR1/0.59 EJL} / 040 A /048 Ze] /057 A5 /050 ARF 7 0.54
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(Table 2) Similarity and Lift

Design(E| Xtel) Delivery(tli &)
Dimension
— shape(2| &) — good(ofl se ) < deliver(tll &) — fast(tt=cl)
Similarity 0.83 0.20 0.67 0.28
Lift 1.009 4.274 1.065 3.589
Similarity x Lift 0.8374 0.8548 0.713 1.0049
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(4) DTM(Dimension Term Matrix) 7%

B Ao e 2 2Bl ofm Aeld St
2J3 DTM(dimension term
Aok A FHE FRolA T

EAE

matrix) <

pidaspd

=
55 743 Word2Vee RE 3 A¥HEA7]

HE HE3) o5 EUE, DIMS #5301
Zh 2k el gk ©ol o] FFsHE FFERFALE
Z 2 75 DTM2
H7F @A ALE o] F(phrase) T
2 749 g9 dolEH PEFS T3 T
wdst=d E8H of

O
=
MNEBE

et 2k

(phrase)7} 43+ 2+

ne=
ERad

S
=

DTM®| & di(i=1, - dZF 8] ), j=1, (&

o9 )t The} ol HejHt,

(Table 3) DTM(dimension term matrix)

Dimension/word Word1 Word2 Word3
Price 0.12 0.33 0.25
Delivery 2.56 0.22 3.12
Design 1.20 4.56 1.22
Speed 1.26 2.70 2.66
Weight 0.22 0.21 0.44
Performance 0.11 0.15 1.22
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(Table 4) Comparison of Similarity, Lift and Similarity*z(Lift) Accuracy

Similarity Lift Similarity=Lift Similarity=z(Lift)
The exact number of 1416 1,260 1,500 1,680
dimensions
Accuracy (%) 70.8634 63.0969 75.1567 84.5634
of gt 34, TH ¥4 tlolEE TFAA T . A2
f3 & A7 NN 2Hlo] o] £ Fg=s
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tolB= 449 & glon, & A+ ?:_L ] F‘/]
oA frejmg ks
< HoFo] B A9 {8A4E U=
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S} 71E O T 249 gE4 o
T W8 ARTE WAl A AN Hel

it

term mari) 2 A 2 Aol TF 2:m U] 8, WE AR PE flo] ARE B4
ol2 42T % AT o7 EE ONN ZES F  oht ke AN B AT shgrol
3 el rﬂolaoﬂ He 34, 9, 24 A% o A8 vl Ut dof B Ado] EPel Ad
Lo, 12 AEad oZ2g) AR MR 0B THeE o] ohl, Mg waow
A2, FART Fphrase) B SFEolE AU 2l ol = wole] Ael gkt A

H‘I_ﬁ‘l

2 733 mdo] 553%0| A 84.7%C. 2 A3
7} 29.4% 4ES ERlstTh

B o = dolo AHABEAE B3} 7HE A}
Fslet] BRIAAG. B 712 2] 24

(Table 5) CNN Model Accuracy Improvement

Sentence model Phrase model
accuracy 55.3% 84.7%
True/pred 1 0 -1 total True/pred 1 0 -1 total
1 867 393 70 1,330 1 1,217 92 21 1,330
0 153 192 99 444 0 110 304 30 444
-1 75 90 62 227 -1 15 51 161 227
total 1.095 675 231 2,001 total 1,342 447 212 2,001
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Abstract

Multi-Dimensional Analysis Method of
Product Reviews for Market Insight

Park Jeong Hyun* - Lee Seo Ho** : Lim Gyu Jin*** -
Yeo Un Yeong**** - Kim Jong Woo*****

With the development of the Internet, consumers have had an opportunity to check product
information easily through E-Commerce. Product reviews used in the process of purchasing goods are based
on user experience, allowing consumers to engage as producers of information as well as refer to
information. This can be a way to increase the efficiency of purchasing decisions from the perspective of
consumers, and from the seller's point of view, it can help develop products and strengthen their
competitiveness. However, it takes a lot of time and effort to understand the overall assessment and
assessment dimensions of the products that I think are important in reading the vast amount of product
reviews offered by E-Commerce for the products consumers want to compare. This is because product
reviews are unstructured information and it is difficult to read sentiment of reviews and assessment
dimension immediately. For example, consumers who want to purchase a laptop would like to check the
assessment of comparative products at each dimension, such as performance, weight, delivery, speed, and
design.

Therefore, in this paper, we would like to propose a method to automatically generate
multi-dimensional product assessment scores in product reviews that we would like to compare. The
methods presented in this study consist largely of two phases. One is the pre-preparation phase and the
second is the individual product scoring phase. In the pre-preparation phase, a dimensioned classification
model and a sentiment analysis model are created based on a review of the large category product group
review. By combining word embedding and association analysis, the dimensioned classification model
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complements the limitation that word embedding methods for finding relevance between dimensions and
words in existing studies see only the distance of words in sentences. Sentiment analysis models generate
CNN models by organizing learning data tagged with positives and negatives on a phrase unit for accurate
polarity detection. Through this, the individual product scoring phase applies the models pre-prepared for
the phrase unit review. Multi-dimensional assessment scores can be obtained by aggregating them by
assessment dimension according to the proportion of reviews organized like this, which are grouped among
those that are judged to describe a specific dimension for each phrase.

In the experiment of this paper, approximately 260,000 reviews of the large category product group
are collected to form a dimensioned classification model and a sentiment analysis model. In addition,
reviews of the laptops of S and L companies selling at E-Commerce are collected and used as experimental
data, respectively. The dimensioned classification model classified individual product reviews broken down
into phrases into six assessment dimensions and combined the existing word embedding method with an
association analysis indicating frequency between words and dimensions. As a result of combining word
embedding and association analysis, the accuracy of the model increased by 13.7%. The sentiment analysis
models could be seen to closely analyze the assessment when they were taught in a phrase unit rather than
in sentences. As a result, it was confirmed that the accuracy was 29.4% higher than the sentence-based
model. Through this study, both sellers and consumers can expect efficient decision making in purchasing
and product development, given that they can make multi-dimensional comparisons of products. In addition,
text reviews, which are unstructured data, were transformed into objective values such as frequency and
morpheme, and they were analysed together using word embedding and association analysis to improve the
objectivity aspects of more precise multi-dimensional analysis and research. This will be an attractive
analysis model in terms of not only enabling more effective service deployment during the evolving

E-Commerce market and fierce competition, but also satisfying both customers.

Key Words : Association Analysis, Sentiment Analysis, E-Commerce, Word embedding, Text Mining,
Polarity Detection

Received : April 1, 2020 Revised : May 26, 2020 Accepted : June 2, 2020
Publication Type : Regular Paper Corresponding Author : Kim Jong Woo

76 Bibliographic info: J Intell Inform Syst 2020 June: 26(2): 57~78



sy ol

A FrFeista B G, AT AZES o5l AstFo|t). st et Al
QALY vl =Y 2 2 7]t Ei—]E E}ﬂ/‘ﬂ] 1 &l 7} of| A Business Al Labol] 55}
o F8 AT WA Eoke 58 AHA Y ZASE 9 "eld 71 28, vlolEuto]
3 Solth

(I PNE=]

HA| KTDS 74 GAH| 2=ER BIARAH| AR oA A& Fo|t}, shdtistu A G
HE3190) fs LoyT) 8l ;Hzma/\];q AN HlZU 2 @ AuF Z2AE 84 <8 1}
Aol A Business Al Laboll =535t F2 AT A Eok= dolg 48 E3 vz
YzoAxe] &8 7ASE 4 deld 71 &8 Folth

ol

A FHFrhstael q At AR HUSHAFTE AL Yk G ek
A B2 2 9 S Sz AE 51714 S8 2ol Business Al Labol 255151
. F8 9T BYRok: dolEivteld, Held /1Y B8 2 $§ Soltk

o02g
A @SKoA] Tech. Pre-Sales 150l A7 Fo] ‘jr Shefo e IRkt e nlzy 22l
g8t A AFEAE HSSIFT F 8 AT A Eoks A oA ], Ao

olsl, Held 7Y &8 3 &8 Tolth

77



78

A B a AN AGE mrE AH Folrh ALthsE Fel A S

o, @) lel 4 Aduston AastdE agddson W)
ASsHAT Fo AT BYRR HolErlold /W S8, VA Ay
S vlold, FEFAE, A5E ABALY, JUA, A3 UEYD B4, 2
= A AHl2 Foluk



