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In the modern society, the size of the fashion market is continuously increasing both overseas
and domestic. When purchasing a product through e-commerce, the evaluation data for the product created
by other consumers has an effect on the consumer’s decision to purchase the product. By analysing the
consumer’s evaluation data on the product the company can reflect consumer’s opinion which can leads to
positive affect of performance to company. In this paper, we propose a method to construct a model to
analyze user 's sentiment using word embedding space formed by learning review data of amazon fashion
products. Experiments were conducted by learning three SVM classifiers according to the number of
positive and negative review data using the formed word embedding space which is formed by learning 5.7
million Amazon review data.. Experimental results showed the highest accuracy of 83.0% when learning
SVM classifier using 50,000 positive review data and 50,000 negative review data.
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2.1 Word2vec

Word2vec Google®] Tomas Mikolove} 29] B¢
S0 93] A7H 417 g (Neural Network) 7]4F2] A4
1= W d(continuous word embedding) g5 EHo
tH{14,15]. Word2vecs ©]-8314 7zt @] &S g5 & 4
T+, = Y FREA Hlszg EE TH dojES

MNE2 IPHE B B2 A 9tk Word2vec e 944
A= AdwgS FHsHE WP R F /ixY Bd £2

= 7Kg A WA= continuous  bag-of—words
(CBOW)9] =9 Fxol3, F WA= continuous
skip-gram®] 2 Fxolth. CBOWS] Rd P304 =
o F3lel= oo FH W5 o] &35l "olE o
akal, skip-gram B9 FRoAME @A Foldl T
o]-gato] 71 To] TS Tl dSgt) S5 A
717F T 91 =3 2 (corpus)ol A tAlel sfdshs ©ho
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w, o 3 Fo17 El(context) oA 7+ EEQ 21
7Vs % (log likelihood & Hh3} s}== WAy +
2 Eo] A ES(window) AFel =7k e, wil ¢ 7F w,
S FYo dh 93} Ho YL Afo]= ¢ WS St
ddehe wolse A olgta & u), 21 /MRS
g} k= 212 [Equation 113 2T},
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2.2 SVM (Support Vector Machine)
SVM(Support Vector Machine)& [Fig 113} #o] &
& tolEEe] &2 QtellA], H o vkl (maximal margin)
S 7§ FEA(cass)E BHE ¢ JE 23
H(hyperplane)& Ztoldl= datg]solth
[Fig. 1]olA A4& 13 -12 TdH & Ea
(class)E T8l 2BWHo|g} okal, Wi 23 W
A B (normal vector)e} FTt. FelnE e 29
ol Al & o o] 2HUY AU FkE F F~
Z Y55 M XE WE|(support vector)gt FHok ZF A
XE WEE A= 234 Alo|9] Als wixlelga

o

Full
Amazon Review
Data Set

Word2vec

Learning | 200-Dimension

Word Embedding
Review Text Space

T

Selected
Amazon Review
Data Set

[Fig. 1] Linear SVM

she, mhxle) gk % 7h ) g5 dlolH Y JEs
D= (z,,y,) & 81, y, &1 FE 19 oz z; 7}
ol" F2o) FaA=AE e fholgta & o),
TeF oy, b A¥Her &g Jbesithd 23U
[Equation 2]¢} Zo] Yehd 4 2t}

wexr—b=0 2

7t % Folzso] sigals HLE WE Apololi o]
El7} &A1 ¢k7] Witol [Equation 3] 9F o] iR
% ok

yi(w exz—b)> 1,forall<i<n (3)
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[Fig. 2] A Structure of Proposed Model
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o
F dlolgE A 7 dolEe oA EAS ut
A3k Y= 9 H"(word embedding) 37+ dA g &
ulxb 7 BN =9 skl ol§3 HlolEl(Selected
Amazon Review Dataset)& 7|9Fe.2 445 9= )
s ol&ste] i dolele s sk 9l

% g = 0
= 7} ol 2 mashs e (vector) RS S E
[e) =)

\

3 A (feature) & FHHLL o) F FAE 4L o5
of SVMIER7] R8e S&ath 848 SVM mde
ale] R HoleE BAjste] s Bl Ul &
WAL B9 7S AT YA, F49] 91 7
A3 A BRstel 2] 43S 45T 5 ek

3.1 Dataset

AREAL] 73S A7) 98 BdlS FEsE o)
o] 570RkA <] ofnfE A AFE 2l tlolEE o833
t}, olulE dlolHE o]-&-3to] Aol d-E
gt Ao T AFE olnAE 7Nk R Bl s A
Etdg FHalFe AT9l6], 3% #Azl(query) ©PlA
o} A HEAOZ o] AT = Q& AES X3
T AHIT7E Aok B =dedA e opulE AHE B
Ho|E & o] &3 A4S sy] $13) dlolE Az
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Ao FEE = 4
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2 diolelE AAsta, 7 4
ol dgste 2l dlolEE 1w 3Hgrouping) sk 2t
e zaysch
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o o=iolA o83 opwiE 24t dolEY FE=
<Table 1>%} 21}, Reviewer IDT 2| H-E 23S ALE-
2ol IDE, Asin & opulE afr IDgks,
Reviewer Name2 23 212] o5, Helpful & 459 &
43 AxE Ay oz YeEhd A Review Texte 252
WL Overalle AH|ARZ} Aol tis] H7isk HA,
Summaryt 2152 2&, Unix Review TimeS unix Al
28 7|02 2R7F A44E AIZE Review Times g

A3 o]

Wb A" NS epd,

{Table 1) Amazon Product Review Data

Type Contents

Reviewer 1D A2SUAM1J3GNNSB

Asin 00000013714

Reviewer Name J.McDonald

Helpful [2 3

Review Text He is having a wonderful

time playing these old

hymns. The music at times

hard to read because

we think the book was

published for singing from more than

playing from.
Great purchase though!
Overall 5.0
Summary Heavenly Hymns
Unix Review Time 21252800000
Review Time 09 13, 2009
3.2 Word2vec st&

Word2vec &<5oll 23 I3 ~(corpus)E A7)
8 <Table 1>¥ 2-& o} #F dlolEldl|A
Review TextZ FEAIEFOIJE BH9] UE&S o] 8313
o} 25 dlolE EE e e FAE 1500A 2

A 5% o oR ool it =M= i
1=
=

<Table 2>+ wordZ2vec ¥
Sebul e e,

HE o] Sgoll AHE-E sto] 7]

(Table 2) Hyper—parameter Setting in Word2vec

Parameter Explanations Value
Size Dimensionality of feature vectors 200
Window Maximum distance within a sentence 5

Iteration Number of iteration over the corpus 5
Alpha Intial learning rate 0.025

Min_Count  Ignore all words if total frequency is 5
lower than this value
Workers Number of threads to train model 4

53 word2vec A3 Y= AWld It 7 o s
& omEA 54E& vk S 2E Y Ht) <Table
3>9} <Table 4>+ L8 (jewellery)$}t 2]+ (clothing)
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(Table 3) Similar Word List with Jewellery
No Similar Word List
Jewery
Jewlery
Sorrelli
Myia
Trinket
Necklace

DO DWW |[—

(Table 4) Similar Word List with Clothing

z
o

Similar Word List
Cloth
Cloths
Apparel
Outerwear
T-shirts
Swimwear

DO |WIN|—

<Table 3>°14 72| (jewellery)Zh= who] ¢} FALSH
TolE5S HH jewery o jewlery 9 o] AREAFEC] 2
El2 33 do]Ex Az e FA ] (ewellery)
= woeh frabgh ol HAolgE s VA RE

Ze2Hy 9@ 23S god 4= 9lv}h Sorrelli$}t myia
T GBS 7 AES Bllsthe BAEE ofulst
= TRl A T et

fo rot & = P
1o
=

AL 24 5 A& AT 5 ik
Bgk g4l (trinket) o v H-A o] (necklace) 9 22 THol
£2 FgThs g sidshs dolEe]r] wi
of 72} 7 Fei~Hd © dAE gl 5 9tk
<Table 4> 2]5+(clothing) g} ©olol A= A

HEH, cloth(H) ov cloths(H 224E) ¢} 2o] oF=
T/3kAL = Aol i dolER o] F¥~HY
F= gQ1d 4= Ak apparel(©] %
(# ~shirts(E]M =), swimwear(5~% &
o5 oFge sHE e adate dE
7] wiEel o} $A S8 ~HY He A
T Stk
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(Table 5) Similar Word List with Great based on Emotion
Expression

No Similar Word List
Fantastic
Good
Wonderful
Terrific
Fabulous

QW —

(Table 6) Similar Word List with Disappoint based on
Emotion Expression

No Similar Word List

1 Dissapoint

2 Disapoint

3 Bother

4 Fail

5 Suffocate
(great)2h= ©roj} HS=gh oulE 7k o R @l
HEl dolEo] 747 ZE|2HY He A9E T &
Atk Eriebs tole} FA8 olnlg 71 Holsg A
Hrw gk o) (fantastic), E-2(good), BZ(wonderful),

o‘.’:‘,

“eHterrific), B& = $iE(fabulous) ¥} 2o] &4 <]
5 7 dole7E] Fel2Hd He A9E gl
=g
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g 7k 27wl fEd dolEe Sy 4
HE etk AR 9uE 717 Do ES AR
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3.3 Document Representation

SVM #+77] 29§ gh5ahet 22 g 24 (feature)
S A8 9lal AAB21004 word2vee RS S5
g Ay gAdE Y= dWd IS o83

Word2vec 355 A% FAE Y= g 7S o & o}

o 2d-& A e 2= 7F A (document) & T
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Holo] 7|7t N, 1= e F3hell A A2 A o
ol WEgte 2 T3 AL vi)E & o, FAS 74
3kl 9l wolso] WE|Zke] HtS [Equation 419} 2
| Fddrh

[

v (i) @

[Fig. 3] [Equation 4]5 whe} B =& A olu}E g
o dloly #3838 A e dojd WY HES 3
& 538 AdE FA8e dags

1:word2vec € trained word2vec model

2:feature_set € empty list

3:document_set € review text in review data

4:for each document in document_set do

5: word_list € split the string by space in document
6: for each win word_list do

7: count€< 0

8: vec € initialize with zero vectors

9: if w in word2vec then

10: w_vec € vector value of w in embedding space
11: count € count + 1

12: add w_vec to vec

13:  else

14: continue

15:  endif

16: endfor

17: vec_avg € vec/ count
18: add vec_avg to feature_set
19:end for

[Fig. 3] Comprise feature using vector averaging

S
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35 371 2 ax
AR} 73 BAE Sl
s7] sl [AA33]elA :rL
Representation) & ©]-§-35ko] S < :
olulE g dlolE & 01%?5‘]'04 -4, A4S YeEhll=
22 #lo] & (Labelling)& 1 2at7] 918 <Table 1>
I e opulE i diofHolA] AuRITL el dis)
Brlel HHAHHE o] g3t AL dH 17)5E E 5
NAA] WA} gl s Jﬂﬂé s "F =, [10]
o] ATt} o] B i—roﬂ’ﬂb q0]
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(Table 7) Performance of SVM depending on the
number of Data

Train Test
No Accuracy
Pos. Neg. Pos. Neg.
1 10000 10000 1000 1000 784%
2 20000 20000 2000 2000 83.1%
3 50000 50000 5000 5000 88.0%

<Table 7>& &5 A3 SVM 8ol o] &
4 g HolE gl Bl~E dlolH sl
SVM #5719] 4'5S tebick. 37, 74 el dloje
o) A%l wek % 3709) SVM £577] 298 e
ok 34 g5 dlolE 59z, F4 gl RrulolE 59kl s o]
&3to] SVM2E shgels W 8.0%=2 7P =2
S(accuracy) & YUEMTE mdd] sk = 3
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