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ol A& 9| 2020; Hd, olital, 2020; Chong et al, 2016; Elmurngi, & Gherbi,
2018; Yang, et al., 2000). 2+2+2] FAol |Fst= A= ofg oA A HACH
<okl A T 2ol A SR A sidete A dolE FEF A
dd, olarall (202009 Aol M= AEU FHE, vlolH, Y, FFEA Algste
HEAE g2 HAAFE 2ol HEet TF-IDFZ 34 dolg FE3to] 7t

2
A APdE FEekaL Wlo] A #5771 (Bayes classifier) = 545 H- A IS
o Fete EES wENTh 1 A A Rl T AA 8A4A= TH4, A7),
&2, wE, AE B i) A, AlETE 717F FEENA, Ao & &
W QAT BFES o 9 WA, wphE, a9 A gas A A
g2 o T & =3 WA Yskth
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S mdleg] A3 o5 9(2017)2] AT = ofvlE g dsEo] gt
2|3 5709 AS Word2Veco. 2 AW|dst SVMER7| Rda 8535l A8}

AeE Sl I A3 830%°] FIEE ATk ¢ LY B du
o5 s g A= Yang, et al.(2020> 7 o139k CNN, BiGRU

(attention-based Bidirectional Gated Recurrent Unit)& At fze AR d
THEQITE & Agarap(2020)2 A 7 499 LSTM(ong-short term memo-
ry)< 7F0 RNNS ARgato] e AETF AbeA = A5 sfdstalen o5 F
A3 v 3R A el A8 A3 0837 0.939] F-1 scores ASdth

g BN A9E g8ste e HEE A5 AT 2 &4, $402020)9
AFeME E gRE S48k ol TteAIR AREste]l FSl dHH ] 483t
Ak E 2] gHelA wlES 53 Chong et al.(2016)9] AT-ollAE 28]
”é@, <okl FRAR (KR s ﬂo])ﬂr Heof 2l 7Hde]

o

au)
e

o
o
o

A cH Aurelien, 2019).

1) 499 718

Aol Aol A JAFAFEEAS AT duld 7IMe= CV(Count



Vectorization), TF-IDF, Word2Vec®| 21t}
B Count Vectorization

Count Vectorizatione HAEo] 543t wolo MeE dots] 7}
*E WHE ALlsta o] FrU(Bag of Words)E Wh=+= W o)t
B TF-IDF

TF-IDFE= &4 o @oje] RIE(TE)9 o2 &4 ul ©o] W= (IDF)
£ TAlel agstel A W dold FaxEE dele Wyelth
TF-IDF= ©o] FHUYclA FA8 dagles dol7l 3= R=rt
AA = A webstr] 913 ol

TF—IDF=w, ;= tf,,x log<d]]\€) (1)
thy =j w4 1 2ol EdR=
SEREES

df = &ol7b dAs= =49 &

B Word2Vec

Word2Vece 1414 7Ivke] Y= g sk Rd= Alsd 29S8 71
dojEo] FitlA ME Jhe] EEEEE Frh WordZVecol= CBOW(con-
tinuous bag-of-words) 2} 23] L& (skip-gram) o] ¢l=d CBOW:E 9 o
=5 o]&ste] dojE 01]%“3}% ol skip-grame @A) o1 %01% o]-g-af
of FH do]E o Fst= Welt

2) AeANEE dugF

S Bl AMEE & Sle dagFoer wAledd SVC,
logistic regression, random forest classifier, bagging classifier,
multinomial NB o] 3lom, g8 <ielFs CNN, RNN, LSTM &
ol Atk A7e AHEY v Zrh(Aurelien, 2019).

B SVC
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=
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g3t w YAseE FAHESE 2
pooling, flattening®] HH o= FAHHM 3] A4 NEES S5
AX FEsA T = A oln Ao ¥t ARE

= dag ot

B RNN(Recurrent Neural Network)

TN A FRNN) S JH
(Sequence) T =2 A est= Bz o] At ¢=A7F A= dole A
glol A estrt. RNN2 "AE Z4oA CNNe| - dAleh on| &4
HAZE B3 B dsiA dsol £4 X3E 55T 4 Aok RNN
= F2 AE2E AT W fejsty dole e AEavE dojx o9
g daugFe] Shgel ofelwol Ja 71| ade] EAZE RS

o] w2l AA FRIE Ao ol FFS v AA K= o
gt FAAES sAds7l Y@ LSTM, GRU 59 WS AMESHH(H A

&
ok
N of
o
v
@)
Z,
Z,
rl
o
@]
=
<
o,
o
=
@]
B

b e

B bi—directional LSTM
LSTM(Long Short-Term Memoty)< RNN<2| 3 F/F=Z 71 7]7F] A

A<D HeolH el ghsrol &

3) 9dld BHIA AFA =
HXE mlo]o A ofg] ¢lHg W daelss Agste] AR & Sl
Ali et al.(2019)% SNSEAol|A] o] Qv 7] o2 Word2Vec skip-gram} ¥
ALE2AE At WMHE Agsta Bi-LSTM dazl5s AHste 744 &
ndS B Aol o] udolA stringToWordVectoret TF-IDF
= Astal W Doc2Vec, Globe2Vec, Word2Vec® ¥#] 252 %9 Ast WS

vk A3 Word2Vecd} HA| &2 49 Agto] 7F4 A3 (accuracy)’t A

oxl
ol
1
k!
Au)

IN

=
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Uehgth w EAAY 24 gduelZog Bi-LSTMe] SVM, CNN, RNNH.th

At wolth ARHoR s ABARY B4 dudZe AFow

Word2Vec¥} HALEZA = Bi-LSTMO.2 A481S ) 7Fd A% (accuracy) 7}
=3k
A4 (2021) 9] ATl A= F2E EA4d glojA AT gy E

2% YEYAZ 7|vro 2 3 BERTY 54 ol%F ¢
st o meo] sS4 E ol ok AFH ek A ko]
Eoju BHgEy] FE WS AHsH TF-IDF dwld g o
Word2Vec FAMEC] W& 7tEAE Foe A3 WHE AYAdste] T4

oA HIE Fdl des FsAT

o

4
E=)
oll
fd
e
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u
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tHKar et al, 2019; Kortiatis, et al, 2019; McKinney & Shim, 2016;

N
o
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, olaral, 2020; &A%, 2018).
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o
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)

)

A

FHE 7] wEel

3l 7}

)

T FA g (Kawarf & Istanbulluoglu, 2019).
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AT

44

&3 2
@

=g

Tl 2ol
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2] 5 60071
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I3 4723 27 R o= 242

A1 "oy =38 R AA

(1) dlole 3

2 Al ARESE dlo]lE+=  Amazon review dataset 2018 &7l
Clothing_Shoes_and_Jewelry 5 HloJE] A& AFESITh HelEH = 12719 942
dedem JA, Feieh, 2 FARE, gHID, asin code, #Frol olF, HFEAE,
T, ETARRY, Fota, AFE 28, AdFolnAd] tig ARE EIgh £
dAxe BAI g g2E doly B TS Al ARSIt Hloly 4]
2 Windows 11 +3 A4} sto]# 7]uke] ol}bZt}e] Jupyter NotebookS &
Atk obubE 2t dHolHAllA gi gxES} 9, HAe A= <14 2>
2t

oﬁ—u

A
<

%8

Amazon Customer

D@ (1) 14mm KT love this jacket., BUT mp L T
Lo Reviewed in the United States on January 27, 2018
Size: Small  Color: Black  Verified Purchase

plEEAE ’I_LM me start this off by saying | love this jacket. This is my second time ordering/returning this item. The
leemmmmem e i jacket arrived in a timely manner and it was packaged in a nicely sealed plastic bag with the tags on the
inside of the jacket. The first time | purchased it | found green stains on the sherpa lined hood.

I returned the jacket and | received my replacement jacket even faster. | opened the box and found the
jacket in a sealed plastic bag but unlike the one | had the first time. The jacket didn't have any tags on it
and | found hair on the inside of the hood. To make matters worse, | opened the jacket to find a big hole on
the inside. I'm extremely disappointed because this jacket is so warm and cute. | don't know if | even want
to bother trying for the THIRD time.. goodluck!

B

791 people found this helpful

Helpful Report abuse

<I¥ 2> ojulE 5 oA
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glolEl9] 4= BT 88363670 olglen 1 # gREsE FHoA e AZX
1,74170(0.20%) A|<}3kar 881,89571 2] HlolE|E AME-3ISiT) dloEjoll A B2

g oA Bxo] 1AM 5874 ExEah 580] 7hg wWol 46426270 (52.6%)0]
olor 470] 14910370(16.9%), 3] 96.94570(11.0%), 273 0] 64,66971(7.3%), 1%
o] 10691671(12.1%) 2 H¥E3}A Tk

<l

count

3

overall

<19 3> WolEAel WA v
(2) dlol8® HA 2 (pre-processing)

D dlolg A 3 &5
= dATME HAs BrleR sto] B4kt gtk Hile] BEeA T
441 Wkl 53l 52.7%7}F WSk W FAAQl vhE-Ql A 143 24
5= 171,79870(194%)0 AukA] etk whebA A 149 23S AA
oz epilldsia 53s SAcw epEEsielt)
oA B Hile] xS A 7] A8 ‘shuffle = HolHE il gAE
AZA 14178 (020%) 5 Al2lg & 831,8%7H¢] HlolEE Aol AHE3
ool & #3374, 4319 T3 AeES AQdska, 143 23191 dleolEl 17158570
(195%)¢ 53121 dlolE] 46426270 (52.6%)5 &3l =7 635,34770(72.1%)2] H]olE
& AHgskitt 3 94 FA 2R 8 dest shol Rl des =9

7| A e 2 delElE L = Fse] AR, wE AHgshe Hol]
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AelA] ERejolE s} AR ule|He] v &S 825 o] ekl

2) dlolg A

dolE Aol A gl el 2B el dHoly duds #3 AAE sk WA
EE A ATAR wHa RRR SAE AESY s EEs)
(tokenization)3F1L -89 (stopwords)E A A3k th = FA|o] F3(lemmatization)
S sk dolzf 2 o]akel wole AlASL YA vixYor EFES FFow U}
Al Ageto] oy 3de WEITE 3 HAE HolHoM 548 F=(feature
extraction)dl”] 9l EZ3}etal AP O ZE bag-of-words 7|HS AREEF=
CV(Countverization)2} TF-IDF(Term Frequency-Inverse Document Frequency),
Word2Vecs AH&-sH3iT.

3) TextBlobS AR&-3F 7HA4 74

dxEo| tis WMAZe dHolEE TextBlobs Agsle] #H €xEd Ul
polarity & 7-aF3ith 2l Hl2ES TR polarity #EE <
2k 2 "2E9 polarity?t Ao #Al= Ao
ol TAAQ Aow yest <Id 4> g g2ES WA

o H~l

=

ol A (IS | sl
-0.5
FEAE 9| polarity

<Y 4> g dAE F9 9 polarity 3
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7]

EH

G229 polarity® 3% FHOR wirel 1] 918l polarity7h 19 )
B

<4, 05 W T4, 0°]std W FAoR S I <E DI <ad >3
2ol HA dlolgolA g BAES poarityd] X FHO AW o] H(55.6%) 9
dlolel7F 23 stdih o of 74 weol We2 oA dRvt B4 2RET 18
uf Eok
<E 1> gF d2E9 polarity &%
polarity | =D | F=05) | F3(<0)
e 24.2% 55.6% 13.1%
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excellent

Beautiful!

Great price!

The best shop from I can get any color any time I wantlove the delivery time
and material,

used this jacket while traveling to Dublin. Great purchase!

I love it!!'!! Thank you!!! It looks just like the dress and it fits perfectly!!!

Excellent quality

Perfect for my newborn baby, born in the summer and who loves spending time
outdoors.

The best price for this model! Delivered as a set, not just a frame. Excellent.

Beautiful! Great buy!!

<E 3> FY d2E o A4S
sH deEdw AE0070)

Love it.

This top fits more like a Woman’'s Medium.

great thanks

Love it

This is a cheap garment I don't like it at all!

Love the outfit

Nice fit

Comfy and I get lots of compliments :)

It’s cute and comfortable!

Love it
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HIDEOUS!! SO SO UGLY!!! Very boxy cut, no shape to it. I looks like a
mechanics jumpsuit from a Nascar pit stop. Not denim/chambray fabric AT all;
it’s like a cheap blue cotton that’s not even soft. Save your money

did not fit well.

Too tight, and the belt hoops were at hip level instead of normal waist level.

Maybe others bought from a different vendor but mine is awful. The material is
not cotton like or mixed as stated and too small. I am 5’4" and it’s too short also
I fit in size 6 pants and the leg opening is too small. The worst is the pocket
placement, might as well not have any pockets. The pockets are a good 8" from
the waistband. Not a good purchase, run away.

These seem to do the trick in the pool, but I'm not super psyched about how
small they run or how tight they seem around the waste and legs of my son.
They leave deep red marks after every pool session and he outgrows them super
fast because they do run so small.

Weird fabric, cape was smaller than in the pic, no belt

I bought this as a gift for my sister who's obsessed with butterflies and she loves
it

It runs small. Is very thin. I'll likely never wear it because the quality is not what
I expected.

Way too small. Must have been mismarked. Immediately sent it back.

Way to big and crazy long.

4) Top-ngram< ©]-&3 tol Rl

Top-ngram©®.2 CounteVectorizer® 7F4 & W1%7F =& o] 402 tho
T &I, 7 N A R ASE 2 2070 ko] e o] 4w gttt
B 3t 7] ©o] Top-ngram

g "H2Eo|X Count Vectorizer= o] 75 Aitste] WE7F 718 =& o
o] 20 & T3k A3} <29 8>3 7Fo] great, love, like, fit, size, small, just, good,
wear, nice, quality, little, really, cute, fits, perfect, dress, ordered, looks, price”}

gt great, nice, good 5 e X8 9olE size, small, fit 52 Toj7} gol

UL £o] meAlsh Alo]=ab ol skEe] Fage & & JAm S8 2
Aolznth o] BE A% BAL BE R goaTE I 5 YTk
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B F 7 ©o] Top-2gram

gH g2EoA CountVectorizerZ ©ol4E Atsle] o] 54 F 719
g F HE7F 7P =2 o] 20 3 Ay <9 9>9F 7o) good qual-
ity, vear old, like picture, looks like, super cute, great quality, fit perfectly, looks
great, way small, look like, fits perfectly, ordered size, great price, really, like,
true size, fit great, fits great, great product, love love, just like 5°] 7F& ¥ =7}
=2 tol2 velth
B A 7] @] Top-3gram

dAEg {9l FHoA CountVectorizer2 Tl 45 Altsle] o] 54ah= Al
Nel do B F Rxrt 7P =& do] 20718 ek A3 g AER Rl “love
love love”, “just like picture”, “looks just like”, “honest unbiased review”, “look
like picture”, “exchange honest review”, “exchange honest unbiased”, “looks like
picture”, “discount exchange honest”, “vear old daughter”, “exatly like picture”,
“don waste money”, “received product discount”, “looks exactly like”, “doesn
look like”, “does look like”, “fit just right”, “fit true size”, “proeduct discount ex-
change”, “vear old son” & ugkth W& HAAQ W= AR AlFe] LA
of tigh o] Btk L flole TRl 73l sl Beol AL Aol
zo &l AFPr<1d 10>

Top20 unigrams in reviews after removing stopwords
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ok 7 dargf el Aed gk ey e ARSSte] 2l HMIAE 4 7F
T EEAd e A seld E—i@ Mg AM S RS sk

CountVectorization®|t =AW RI=SFE 18 $ TF-IDFE AR&ste] malelyd &
AEFoR P giEC] IS %@6}‘22\:}. gk Ykl ol sparsedt
HolHE A48 W= ote WHoRE Word2Vecd: AHEsle] Anbs nas)s)
t}. Word2Vecd 7% skip gram% AFEEF L gensim modelS A @A FTH
Bi-LSTM &ag]&9 dh5S 9dl pad to sequence®}t text to sequence® < HI™

;)
stolet. 7 g e 8% dueZs Agstel g

(2) B GaeF
23 waEe] fusel] 96 k-WF £} DBSCAN 2uelse 7

Hee diES vustdt. $9 o PAERYE 2HS 433

o
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=
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rlr
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tH57] $13 SVC, logistic regression, random forest classifier, bagging classifier,
multinomial NB &9 Walelyd ¢a12]53 bi-directional LSTM ¢alg] &S AHE-
slo] "HAEsta Hluwsigeh 9y Wyoe R CV, Ti-idf, word2vec, doc2vec,
pad-sequence®}t Yid]5e Fge <FE 5>¢ Zr) ERERAS k-t £33}
DBSCANC & #A3tglom oW word2vecs AHE8IATh % w33t & E¥S
LDA, LSAE A}g3te] EA&on ol gl 8l~EX Count Vectorization© &
sttt o2 do A SVC, logistic regression, random forest classifier, bagging
classifiers Count Vectorization, Tf-Idf, word2veco.= <Jw|sto] H s}l
CNN, RNN =298 word2veco® <duldste] Hlwsith E  Bi-directional
LSTM R 49& pad-sequence® A Wdste] HAE &9tk
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<X 5> dloly dud

IRE | R=) —
e U3 CV | T | wordzvee | (POSU
o |k BF 2A 0
= DBSCAN 0
= LSA O
)
= LDA 0
SVC O O O
logistic regression O O O
o random forest classifier O O O
= bagging classifier O O O
= | multinomial NB 0 0
= | CNN 0 0
RNN 0]
Bidirectional LSTM O
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A3 A5 AlEH A

(1) &4 9% 24

N

1) dleld

¢

J 2] 2
= mds AR E dStolE e gRrYiEs) 9
Hlawskeh A A volgolME 15E 57K e AU HAE 5
52.6% = wWho] W= dlo|E7} Eax3slal, 44 149,10371(16.9%), 3% o] 96.94571
(11.0%), 27 o] 64,66971(7.3%), 1] 10691671(12.1%)% +3xE3c}, weba] dolH
o] FHAEL d=3r] &) B 58 AR W HH 143 HH 24 T
ate HlolHE FAo® Wokth addk Estar A 143 3 27 dHolE ¢
gro] F 194%e°l AUA] ol 526%5 AAshHE HA b9 dolE] el ztel7t
A 2HA 2 A7l e B 13 E13 23 FACRE Adstal W 5Hs
FAoz FQsE HolHE shuffle = A fJoAFEH 22 A7]E AEsi)
<

=]
n
A3} A dolHE Re S AHse] RUS dsdr

tlo

ole)gt o

2) dolE] Jud

dlolElAlel A 2l dl=Eo] tief dlolE MdS 918 A E stk WA &
T wAE AFAE o REY 2xE AASSE 1t ESs)
(tokenization)dF1L -89 (stopwords)E A A3k tE = FA|o] FZ(lemmatization)
< skl Zol7t 2 ofskel wole= AAstL YA riAY o R EES SR Y
Al Agstel  dHoly  gdEs wEIth 54 FEE AW EEsketa

CV(Countverization), Tfidf, doc2vecs AH&&to] 2l GAEE u|d 33T

do

3) A= wa
PR HiERRY PHS dEse mde 7] 9d srujolgs 2
EdolEe] Mg 822 a3tk ekl PRE RE WAL dIae wdg 7

=35t AeS Hrkshrl s CV, Thidf, Word2vec
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gistic regression, random forest classifier, bagging classifier, multinomial NB¢]
duP|FS AREste] EdEsglnh = HAE FAo] E&4<Ql bi-directional

LSTMS =2d3s}4)
(2) A=H7}

D #HAZY =g

25 B2EZ Count Vectorization(CV), tf-idf, word2vecO. 2 JWdata Al
W dag]Fo 2 SVC, logistic regression, random forest, bagging, multinomialNB
o]-gsto] muygstal 7} Rdlo] FIrE Hlwsiity 1 A3 <F 6>3 7ol
SVCe} logistic regressiono| A= Tf-Idf 9Wld WHolA A w7} 09242 714
=3kth 3R random forest clsttifieret multinomial NB E 2o+ CV Hld 3
S o AZErF 09108 093e.2 7P =tk E3h bagging classifiero A&

word2vecO. 2 QWY S uf A w7t 089002 7HA =9kt AAFRoR B o

AEY duglE 2= CVel Tdf oJuld Wi o] word2vecH.th $-5=3+ A
o= Hylowm 7 dag|Fe] wel Agek oy el zpolrt d5s & A
c}.
<E 6> 2d AL
o) H—"Tﬂ =

gmel= = e CV Tf-1df | word2vec Se%?ime

SVC 0.909 0.924 0.8%6 .
& logistic regression 0.921 0.924 0.886
%] random forest classifier 0.910 0.909 0.901
k! bagging classifier 0.875 0.874 0.890

multinomial NB 0.93 0.92
Tfa CNN . . 0.696
Y Bidirectional LSTM : . . 0.94

2) CNN 249 (Word2Vec 9H|3)

T, 74 Bl w212k 30000070) HolelE Melsh CNNE /& AHgat
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of EAstAth ol <3 7>3 Zo] gensim Word2Vec o= l¥ldstir Relzof
A1 Convolutional layer (activation: relu), Max pooling, Dense (10, activation=relu),
Dense (1, activation=sigmoid)E AF&3}iL optimizerE ‘adam, loss &=
‘binary_crossentropy’ S AF&3}lo] ephcos=10, batch size=10.%& Rdzgs Az} A
S} 06960] VHgith wele] sejulEls <@ 8>3 2t} EdtolEe} Ay
olH 9] epochdl] W& Fret &4 <Id 11>3 2t}

<3 7> CNN 29

E4 F= | embedding gensim Word2Vec
doleliEd | Fddoly:gEHoly | 82
Convolution (1285, activation=;relu)
Pooling GlobalMaxPooling1D
v Dense (128, a'CtiVE.iti(?n: rglu)
Dense activation : sigmoid
optimizer adam
loss binary_cross_ entropy
<¥ 8 CNN 22 wzu]g
Modal: "seguential’
Laysr [type) Output Shape Param #
embadding (Embadding) (Mons, 377327, 100) 37732700
convid (ConviD) (Nene, 377323, 128) 64128

mn
O

obal_max_poclingld (Global (Mons, 128)
|obal _ma: lingld (Global (Mons, 1

denss (Denszs) (Hons, 10) 1280

danse_1 (Dengs) (Mens, 1) 11

Total params. 37,798,128
Trainable params: 37,758,
MNon-trainable params: O

.
s
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Training and validation accuracy Training and validation loss

0.BO9E ——— - Training loss

—
= // —— Validation ioss

g 0.608

0.695 / —

/ 0.607
L /f 0,606
- 0605

OE04
692

/ —— Training acc

— validation acc 0603

2 4 6 & 10

<9 11> x| uE flojg] A%

3) LSTM (post-sequence < H|9)

dlole= 2lig 3ol 342 TR A AS5A S At 43 A4S 44
70,0007 2 & 70000707} AHEE ATk RAgtE} HAES 9)5) volEHE Ed
o|Ele} H7} HolHE 822 o] 11200071 FAdolE <} 2800071¢] H 7} o]
EHE A0 ARST) 2 Bl2EE Bgo] Al § pad-sequence® E3}
steh A 71 ERE 624, AY B 2R o] dolg o]Foom A8
& ol 2220070eftk ojwl paddings AH&-ske] dlolE HolE 20007 s
shAl dolE wEQth E 4 FA9 QEAE text-to-sequence® EF3} 31
th. ®9E bi-directional sequential LSTME AR&stalon atols] sepnels
< 9> o] woja= 5000, YWlE A 64, LSTM 4] FFE:= 100, 7|4+
Aol 200, 5§ dol"o Hl&& 0.8 W g5 (epochs) &2 &Gt RHS
Dencs=6, activation< softmax, optimizer+= adam, loss $F4=+ sparce-categorical

crossentropy S AHESFITE B Qoke <F 10>¥ vl ®Rde A= 09U

L S 13246 755
o = o ()X S 3le o o ()R
132 losst 0.0932.2 gt} =g o [ 850 13149 o2 st}
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<¥ 9> LSTM =2d

- FEXE pad-sequence
54 F= -
#HA3 (34, F4) index text—to—sequence
golg &3 | EHdlo]E:sk5H o] E 82
olwd sequential 6424
model bidirectional LSTM (units = 100)
. input_dim = 5000(MY VOCAB)
embedding el 2¢ 64 (dropout rate=0.5)
dense 32+
we) .
=0 activation softmax
optimizer adam
loss sparce-categorical_crossentropy
epochs 10
<F 10> LSTM =22 sl
RNN 2}
Model: "sequential”
Layer (type) Output Shape Param #
embedding (Embedding) (None, None, 64) 320000
dropout (Dropout) (None, None, 64) 0
bidirectional (Bidirectional (None, 200) 132000
dense (Dense) (None, 6) 1206

Total params: 453,206
Trainable params: 453,206
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Kelpie
(May 20,
2018)

These socks are well made, and fit well - no lumpy toes.
They are just the right weight to comfort my tender feet, but
not thick like boot socks. The only drawback is the wide elastic
inside the cuff. It invariably causes deep indentations in my an-
Kles, cutting off circulation and causing my feet to swell. I have
medical issues that causes a tendency toward this problem. I am
sure most people would be happy with them, The colors are fun
and cheerful.

They go through the laundry looking like new. The colors
have stayed bright even after several washings. If you wear
shoes bigger than 85 you might find them too snug, or not
quite able to fit as securely over the heel as you would prefer.

|

ofj

Comfortable, durable, a very good buy.

E Poole
(Jan. 16,
2018)

I received these socks and am quiet pleased with them, at
least the pairs that made it through the first washing. After re-
ceiving them and before wearing them, I put them in the wash
after which a hole appeared in one of the socks at the heal cor-
ner where they come together with the foot and the ankle. I
tried emailing the seller and received no response in regard to a
replacement sock for the one that fell apart. Overall synopsis:
cute and warm if they make it through the first wash. Expect
20% to fall apart and no response from the seller to rectify the
situation.

ofj

Nice socks if they make it through the first wash

Beth
(Oct. 10,
2017)

i)

I love these socks! They're thick, super comfy, soft and fit
my size ten feet well. They wash up nicely with regular de-
tergent and do not shrink or pill. The label recommends washing
in warm water but I used hot and everything was fine. The
colors are vibrant and great for fall and winter.

ofj

Attractive and Comfortable

Mrs.
Kiristine
White
(Oct. 26,
2018)

i)

JUST TERRIBLE! These socks are horrible! Scratchy and

Fr|tight and I could be more disappointed! What in the world? I am

so upset! And NO retuns? How I regret this purchase

|

(e}

ofj

Waste of money! So scratchy and fit very tight. Gross.
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LSTM 299 A5o HAE 87] fla ofnks asgoll A s (Aol o
s TE  ddewm SN Aes  HZEsERJYTHAIE  URL:
https://www.amazon.com/' YZKKE-Womens-Vintage- Winter-Multicolor/dp/B075D9
G69]J/ref=sr_1_2?qid=1641795012&s=fashion-womens-intl-ship&sr=1-2&th=1). t]©]
Blol E3EA] & 99 ofulE APolE gig 4] YIoA FFEAES)
S A7 7HA el SAE E2ESR A <3 11> 2ol 8 BT SutE oS

Atk

s
4
1o
i
=
ol
flo
@)
Q
5
<
8
Q
3.
N
=
Q
=}
o
>
>
ofo
ofr
ol
2
)

el 25§ Q) el dish 2lE LSASH LDA WA o® B3 w4

® LSA (Latend Semantic Analysis)
[SAZ T8 879 E9e <% 1259 23 7 Ego|A] F9 Wol Lk fop 3
worde <19 12>¢} Zt} 7P Zo] U EYE “great fit size’® PYEAHOE

Be HFS Ak ER S0 -SNEE <8 14>9 2ok

@ LDA (Latent Dirichilet Allocation): great love fit perfect fits size cute com-
fortable just nice)
LDAZ 3+ 8719 EFLS <3F 12>9 23 7} EYox F8 ol U2 top 3

worde <% 13>3 2o 7P HErt =4 U EF LS “great love fit"o]aL
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https://www.amazon.com/YZKKE-Womens-Vintage-Winter-Multicolor/dp/B075D9G69J/ref=sr_1_2?qid=1641795012&s=fashion-womens-intl-ship&sr=1-2&th=1

1 e “size like fit"o] =A Y, “good quality great”, “loves loved bought”,

“love great looks”, “beautiful love got”5°] Wttt EFe] 49 t-SNET <19

15>¢}
<R 12> 34 e By
topic LSA LDA
L . . _ | beautiful love got great necklace com-
1 great fit size love just like qual pliments just recommend absolutely

ity wear perfect nice

pretty

love cute perfect beautiful color

hat great wallet love purse bag like

2 comfortable fits wear fit abso-
utely sun perfect head

3 (;che] I]ent eg;ac;eilrsnel;e‘lt;flalanji ;;vjrrgng loves loved bought great daughter gift

. e pamnmg ring old perfect son
exposing exposed expose
ood product quality price nice )

4 ﬁke quet o al?y eXS(I:el?ent look— loves loved bought great daughter gift
ing ring old perfect son
bag wallet size perfect purse . .

5 gregat leather pocke‘? <rmall Il).i)ck* love great looks like quality wear
ots beautiful nice ring perfect

6 like boot ok wear feel sole boots | love like wear great pants warm com-—
comfortable lot wearing fortable perfect just long

7 dress beautiful nice fits perfect | great love fit perfect fits size cute
great quality daughter like size comfortable just nice

N il(z mf(iil;lf];cet e)éggcteiumperfliitg size like fit love dress just little small
dress Tike g wear ordered
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t-SNE Clustering of 8 LSA Topics

£

. S 4
-;ﬁf%, , 4 %@W%@m ;;1" (4

e

q

e '?:{eiemﬂgf aiangeg s { f
Fraggal, <

<a¥ 14> LSA°) 93t 34279 t-SNE

t-SNE Clustering of 8 LDA Topics

%
. .. '
. ®
s
o A
S
i

RN

C &S

P T
3 g“. 'f;i?

50
o

t t i t
-50 o 50 100

<a¥ 15> LDAC 93t 5422 t-SNE

43



2) ¥4

Z

44 Ee =Y
A9l Bl w3k 2%

® LSA (Latend Semantic Analysis)
[SAZ 3+ 8719 EYLS <3#F 13>3 Za
<29 16>3 2oy 7P Nyt =& EYL “like small size”7F EA S

2 39kal Abo]zell tigh Zo] -2 o]tk B9 9k t-SNE= <23 18>}

words <

2o

2 LSAS LDA Wo® g3 BAgc

Zy EYolA FQ wol& U top 3

@ LDA (Latent Dirichilet Allocation): great love fit perfect fits size cute com-

fortable just nice)

LDA=Z
wordi=

502 “small size way”, “broke like just”=

T8 7Y EFE <F 13>¥ 2

b Boe

< 173 2ok P R

ZF EYoA Q2 ol 2 top 3
“like small fit"o]aL 1

Abo| =1} o) FHab Bule] 298

Ao g YEpa 53] A2 Alo]=rt FAHE AS & 5 Utk 1 9ol “quality”
of #e EFo] gtk EFC] ¢ t-SNE= <19 19>9 Zth
<E 13> $4 2lie) B9
topic LSA LDA

1 like small size cheap fit quality material | broke like just quality product cheap time
wear way ordered good wear don

9 small way size ordered runs large sizes | quality expected like color hat dis—
run medium cute appointed small cute cheaply cheap
size fit true ordered smaller chart big or- | big like apart really just small came

3 . ) :
der disappointed large product wearing smell

4 like picture looks look does doesn photo | product item like terrible small size rec-
fits x1 looked ommend quality purchased sweater

5 dress material short like cheap small size | fit doesn good like does small cut size
fit look picture look long
fit didn did does doesn like way small | quality poor ring fell wore worth wearing

6 . :
wear big like small cheap

7 broke just received day time fell wear | small size way ordered large fit wear like
got week broken medium sizes

3 shirt quality wear poor small like large | like small fit dress size picture material

ordered picture material

cheap looks shirt
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LS4 topic counfs

00

00

Mumber of nesdlnes

1000

Toge Topke 1 Tope 2 Toged. Tope 4 Tope § Tope b Topic !
ke smal sze: smillway sze sze fline ke icure ooks. ~ chess malerilshort  fididncd bicke ustrecevad  shit qualy wear
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t-SNE Clustering of 8 LSA Topics
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t-SNE Clustering of 8 LDA Topics
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YREAES B737] 98] word2vec o2 203k o2 w3l tlolEHE A
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‘quality & price’ = HHEE Je 3 look well, look great, look good, like pic-
ture®} 22 9ol thgk Hi=o] @Wol ‘appearance’ &= W ITE sk 3 Hok

A n-gramlZ WO ¥ dhol:= <Y 23> <9 4> <18 25>} 7}
ZE 7 We b dolEe ot AR AZAEen, 234 o> 29 dol&
< k-3 s A A9 wolzE & 4 Qlth

cluster n HA 2-gram
Atk 1 order size, run small, look like, fit perfectly, way
S; H Ez Fit 284,245, 3.33 small, fit well, like picture, fit like, size fit, order
ize 1 Jarge
2et 9 good quality, fit great, great quality, look great,

. . 242,934 483 daughter love, weel make, great price, love love,
Quality & Price fit perfectly, fit perfect

2t} 3 look like, well make, good quality, look great,
B 353,308 373 really like, year old, fit well, highly recommend,

Appearance look good, like picture

Top20 unigrams in reviews after removing stopwords

12000

10000

8000
6000
4000
2000

i}

<9 23> ‘Size & Fit' 2159 n-gram

run smail
Jook like

fit perfectly
way small
fit well

like picture
fit like

size fit

order size
order large
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Top20 unigrams in reviews after removing stopwords
8000

000

5000 1 1 | ! |
400
30
20
1000
(1]

<% 24> ‘Quality & Price’ 1+2] n-gram

g B

=
=}

good quality
fit great
great quality
look great
well make
great price
love love

fit perfectly

daughter iove

Top20 unigrams in reviews after removing stopwords

2000 | | | _ | | | ﬁ |
10000 ¢ T t : 1 ! ! | |
8000 ! 1 1 | | 1
4000
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(=]

ook like
well make
look great
really like
year ald
fit well
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good quality
highly recommend

<9 25> ‘Appearance’ 159 n-gram
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Cluster label

Cluster label

Number of Cluster - 2 Number of Cluster : 3

Silhouette Score :0.65 Silhouette Score -0.805
i
1
i
2 i
1
i
i
1
2
i
[
i
it
=
i
o0 0.z 04 06 08 10 0o 0z 04 06 o8 1a
The silhouette coefficient values The silhouette coefficient values
Number of Cluster - 4 Number of Cluster : 5
Silhouette Score :0.564 Silhouette Score :0.304
i B
3 45
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4 i ]
1
1
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o
0 i
i
T T T - T T T T T T T
00 0.2 04 06 OB 14 o0 0.2 04 06 OB 14
The silhouette coefficient values The silhouette coefficient values
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<3 15> Jdd J4 Ad
T3 o|& N (dlo]E<) B3 B(GETH)
0 'Size & Fit' 284.245 3332
1 ‘Quality & Price’ 242934 4.831
2 'Appearance’ 353.308 3.729
<3 16> ANOVA
df sum_sq mean_sq F PR(>F)
C(T%) 20 3.12e+05 156162.33 94166.24 00
Residual 880484.0 1.46e+06 1.66 NaN NaN
< 17> Hit9] tsu)al Tukey HSD, FWER=0.05
groupl group?2 meandiff p-adj lower upper reject
0 1 1.499 0.001 1.490 1.507 True
0 2 0.397 0.001 0.390 0.405 True
1 2 -1.101 0.001 -1.109 -1.093 True
<Y 27> Ak gt
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regression, random forest classifier, bagging classifier, multinomial NB,
CNN, bi-directional sequential LSTM ¥ 1#8]&& HXAES U A 3
7} A3} bi-directional sequential LSTM =X 2lo] 7} A%o] 3 7
o2 eyt sANE Tl gRE grEH R A8 A8l k-3
o wgdster ) gRE A JHY JdoR FRsith 1 Al w
gt HAAE P g /S “Size & Fit”, “Quality & Price”, “Appearance”

o M M fFFeE BRI 7 o ¥ Hd HT2 “Quality &

ANOVA, pariwise tukeyhsd A& AA S F3ata, &7 Ao

o
2 mae) Y5 PrAarh = Fhol d% BF dne AU

d of =
st ALE LSTMEERE S48t dedoz sjiddE 7o gie
bi-directional LSTM 2zl o2 #AAS F&HORE o= = glon,
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Abstract

Classification and Prediction of Customer

Reviews on Fashion Products in Online
Shopping Mall
(k-means clustering & LSTM)

Kim, Hyunsook
Seoul School of Integrated Sciences and Technologies

Advisor: Park, Cheong Yeul, Ph.D.

Online shopping for fashion products accounts for a high proportion of the
transaction amount by product group. Product planning and inventory manage-
ment is important for fashion product because there are many different types of
products and individual preferences are highly differentiated. Online reviews have
a direct impact on consumers’ purchases, and are used as important indicators
to identify their preferences and predict subsequent purchases.

Through analysis of fashion product reviews, various preferences and factors
of satisfaction and dissatisfaction are revealed, and if these factors are used ap-
propriately, it will be possible to increase consumer satisfaction and increase

product planning and marketing efficiency. Nevertheless, differenc themes exist
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simultaneously in one document and are composed of vast amounts of un-
structured data with different expression styles and lengths. In order to effec-
tively utilize them in practice, semantic analysis should be performed along with
quantified the model.

The scope of this study is to create a sentiment prediction model by analyz—
ing the review data of fashion products, and to categorize them for
classification. For this purpose, 883,663 reviews from Amazon dataset for fashion
products. were analyzed. For a score of 5 points, 1 and 2 were labeled as neg-
ative sentiment and 5 as positive sentiment, respectively, and an sentiment pre-
diction model and classification model were built and verified using an artificial
neural network algorithm.

The purpose of this study is to categorize online fashion reviews and create
a sentiment prediction model in order to sugget online prediciton and classi-
fication system.. Specific research questions for this purpose are as follows.
First, we create a model for predicting the sentiment of online fashion reviews
and verify their performance. Second, we classify online fashion reviews and
verify their performance.

In order to build a model for predicting sentiment for online fashion reviews,
a model combined with various embeddings and algorithms was verified. Count
Vectorization, TF-IDF, and Word2Vec were used for embedding, and the algo-
rithm was verified using SVC, logistic regression, random forest classifier, bag-
ging classifier, and multinomial NB. As a result of comparing these results with
the bi-directional sequence LSTM model, the performance of the bi-directional
LSTM model was the highest with an accuracy of 0.94. In addition, as a result
of categorizing online fashion reviews with the k-means clustering algorithm,
they were classified into three groups. Each group was named “Size & Fit”,
“Quality & Price”, and “Appearance” followed by ANOVA mean analysis and

post-hoc analysis. Significance was verified by silhouette score. In addition, as a
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result of testing the bi-directional LSTM on three classified groups, the accu-
racy of all three groups was 0.93. To test the performance of the classification
model, the overall evaluation text in dataset was labeled with three classification
criteria and modeled as a bi—directional LSTM, resulting in an accuracy of 0.79.

In conclusion, this study identified factors that determine consumer sat—
isfaction after purchase by proposing a model for classifying fashion product re-
views and building a sentiment prediction system, and provided basic data nec-
essary for review-based effective product planning and marketing strategies.. In
addition, the rating prediction model of this study can be effectively used to
predict the sentiment of review data when there is no rating, and it can be
used for efficient review management, such as classifying fake ratings to pre-
vent top exposure. Furthermore, if reviews are managed by category according
to the review classification criteria of this study, it will be possible to respond

more efficiently and quickly to consumer needs.
Key words: online review, fashion product, classification, k—-means

clustering, bidirectional LSTM, sentiment analysis
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