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ABSTRACT

Large language models (LLMs) are revolutionizing technologies and industries, excelling at processing and
analyzing massive amounts of textual data. Against this backdrop, this study explores consumer perceptions
and evaluations of fashion brandsand products by applying an LLM to analyze actual consumer comments.
Moving beyond traditional text-mining approaches such as LDA and TF-IDF, this research employs
OpenAl’s text-embedding-3-small model to generate semantic embeddings of consumer reviews collected from
a leading Korean athleisure brand. Using K-means clustering and silhouette scores, this study identifies seven
meaningful topics: (1) product appreciation, (2) brand impressions, (3) product sizing, (4) product color, (5)
ease of use for exercise, (6) wearing comfort, and (7) various overall evaluations. These topics reveal that
consumers’ evaluations extend beyond purely functional benefits to include subtle emotional and aesthetic re-
sponses, suggesting the salience of psychological and experiential factors in fashion purchases. This study
demonstrates that LILM-based embedding techniques can effectively structure qualitative consumer opinions in-
to interpretable themes, offering both methodological advancements and theoretical insights, and it provides
practical implications for fashion brands seeking to better understand and respond to the nuanced drivers of

consumer satisfaction.

Key words: consumer reviews(A2H] &} 2] H), digital transformation(t] A| € 2 3h),
fashion big data(®] A B 6] o] E), fashion data analysis(Z A © o] £4]),
large language model(th& 1o Ed), text-mining(d] Z2E vlo] )

o] At AT (ISR FAM ] AMYeR FFATAEe] AYE wol FaE A (NRF-2022RIGIA1010675)

Corresponding author: Woojin Choi, e-mail: woojin.choi@kunsan.ac.kr


https://crossmark.crossref.org/dialog/?doi=10.7233/jksc.2025.75.5.071&domain=https://kjournal.co.kr/&uri_scheme=http:&cm_version=v1.5

fdfi 55754 59%

[ ME

WEA Adste 22 A A SolA d
A" A (Digital transformation: DX)3 ¢1FA
% A (Artificial intelligence transformation:
AX)E A Aol F4 EdER A3y
ATHChoi et al., 2023). 53] = HA AW

=
o FE Fue 2z F

H T

o>
. Lo
)

= o
gErkA 22l 7 AERY HFe A7
o, oA A kel gAEsE ThEEetal 9
ohoolEd Aol tAEse Wld qFRe] )
A dHelHE st slen, o AZe A
A 7138 AEdhe 2% 7Nl HI vk 2
¢ HolHe 719 ZAge 8y Adez 5
o, Hd APAME Elolg 7Rt oA A 3}
A FH2 Adgo] ofd d a2 sk

(Rockett et al, 2025). 53] A FolA A4 =
= "g2E folHE A BATl /Y FR3
HRE AFsH, o5 F&sto] YA HAZES
2R AT, EdE W3 AF i3S HE3)
ghetstr] lal woist <ke] HolHE FH3AL &
3lE e w88 7€ k. 53], g E
A o7 FAH QA7) et Agste Hok
2, 2HAEY oA whgol FE R, dF
SNS AAZ & HAY HAE HolH JH=E
2~

E

HE w9 #A2 TAE 49 delHs wY 1
AAZ A4 Pxa Batehe, AEA A
oAEl 1% glolt amAe WaH Uze g
S AAAez stetas] olgth o, we )
3 FAFE BASSS AT Yoy

wiaa Eaf olele e 9

AZ8tA] Rate 457 Bk
3, e do] 2d(Large Language Model:
LLM)2 7&3 Ay Adtel]l Ax F7]% <l 3}

Mo e ol GAE doEE S4stel Ao o
Aol AL Ao, Alo) A7

Hel B2y~ g ke Y]

e, 53 A" Eoklde st ol
i Al &4 vo] FHl= A, ARk 7Nt
I AE| 2 AF T Uy dol Bl &
7FeAdol FEEA gtk FAEOE dg <o
22 Wd 92k dHolHE Adsta 4t

&l &nlate

MZE 7HsAS AT (Ghatora et al, 2024:
Krugmann & Hartmann, 2024). old] wz} o
Aol RU S F&tid 7Y

7} &dré] o] Foix AL JtH(Blasi et al., 2020:
Kim & Byun, 2020; Seon et al., 2021). ©]2]3 =
2E 24 dFdA s F2 LDA(Latent Dirichlet
Allocation) & &43 B 24 JILE 9}
o] Z(Count vectorizer) %<& TF-IDF(Term Fre-

quency-Inverse Document Frequency) 714+e]

B3} Wao] FF AMEES] gty o8 J|HS ©
o] 2 WLy IEAM NEE ZHOE BME
FRgetL, BAY S 5 EYS FEIE
Haog wyr A#olw Fo| Lolsith=
0] 9dth(Jelodar et al, 2019). 21} o]y
AE2el wEglo]= WAl o 7+ Tz A
& F83] WG] Edues A7 EAsd
W B Ao s HA9 AesE uiy dd
2d = 3lyel OpenAl®] H2E 9ujy 2d



Aol Rd

a7 w=dve "HAME &

AA A g Zheth
I 0|2 Hig

A ARl A ElelE 7]
M MHoMe B AEHOlE

et

1.

2kl WA, wHA

]

s 9

HolM T3

S

L

2024). weEb £ A

2] 2] (Transformer-based
W3 Transformer 714t

k1

oz, urh 4
g 4+ 9o

Aol

I

A

KR
=

g

7FAtHOdden et al.,

7]
A

_ﬁ_
& S SET

2

]

Z'

(text-embedding-3-small) & A}-&
ellA Tol7t ojumel ou|E4 WA AL

ENEIERER

former
|

H

i

0}

© oy

ar
i

1H

o8 AqtEe] tolHAldA

o wol 5% wEs

A

BN

?_

B!

ojel wa} £

A Al

53 2

2025).

AUTHKI et al,

=

=

AE82A 71

R

A
ana A225H

Jl

A Qg

st

YAE olg

7S gdsted,

3

13

= o
T

piid

!

N

Hr

)
=

¢+

127 ol
53 94

t(e.g., A, A

th(Park & Kim, 2014).

}

I
o

27

o~
nn

o]F o]l Holrol7] wjEolth(An, 2022). ©|
5

Z)A B

}

=K

=/

T
-

NI

T FFel A2E F A

o
T

do]tH(Kawaf & Istanbulluogly,

o vAY A AF AL, MHE A

uA, AlE AR, %
2| Aol

2019).

L

.

gl
ol g7

sz
X

o i

7}7}

3

i

bl

dEoly AEFAA

A

}+
g A Eol

= X
L.

9|

X]?l-
‘:O]

=

ZH]z}

SHH,

o

W Eolt}. ol7t, gl
Ju7) olfe &

7h71d &

1=]
24

H] 2}

<

o
il

_.—

ot WA el BAE Ho|



fdfi 55754 59%

AEL 2HA7E AFS o9 AYs, FAS
ZEA QAL A471H, ol e 2FskeA el
ek AT SAE AFshe A, EAH=T)

AN ALF5E ALAE g A
AgA AR /% ARE 849 & Yok

HellA & F2AE 7Hth

2. Y Z0F AF0Me EIAE HOJE 24

Nl ol
ol
et

<t Ol:O
i)
fd
%0,
=
os]
D
=
o,
a

off &
;%
D
o
=3
1
[0}
=i
[\
[an)
[
*x

o
fe b
o
)
o
i)
Mo
1%

[

dol, AFH ZEIYPS =39 <t
olEo| A Fou|s JHE HHFsT F A FO
ZM 7Fss ZoH(Moon & Kamakura, 2017).

g XEuntold> HIAY dHolEHA oH
AEY HEs FEE 2471HE 9n s

A QT vkt o] W

2
>
o
M do oo K2 f|r

rE &
g AAIEE Zrohfio] oxpA el &85}
AT g AEROYS 317 YA AMLEE

A o 2 Word frequency, TF-IDF(Term Fre-
quency-Inverse Document Frequency), N-gram,
Word2Vec, LDA(Latent Dirichlet Allocation)
o] dmtxgo=w ALEHY. Word frequencye
IR g Rle Z435ks AR HAEA
of 5% SFE Ale 7P 71EHQ] deE
g Bol JEFAIER Adasd Bz W F
2 AgEth TF-IDFE 24 3614 gold

(RU =

o

x5 FA% dhe WHeE TFe 54 #A4
A ezt dvphg b SAskETHE Yrlsta
IDFE w7 AA FA el ey g FA7tE
ojujgtty, 25 SAdE de F ETEFE F
S=7F "ojRtty wdskE Zlelth o F 9
Mas A x#ste] FAststs Wyel TF-
IDFt}. N-gram< A4d n/ll @& FojA H
= HAMYORE B4 FX2E Fotety £HA <
ng FEed AHETh Word2Vec wols
HE R W] w9 A FAS e s
ojujgth, FH ol WS 7N R wolE ¢
Wyt BM7 FARE AT o AT F
Aom FHAA2H, £/, +73T o &84T &
Atk LDAE A4 A #AAde FAE A
TOE FE3e FE /W ZEE onjsit o
BEAE BMES T B2 EFE F dolE
o] REXERE FAE FHATFOEM EA7L ofd
FAZ A AeAE & F WA Sk

oj9} & EA whiog Yo dATES
ol 7IWro g 21 HIZY "HAE dolH
E &3 A4 ok tudd ZAE g7 &
th o & £9] Blasi et al.(2020)2 ABIAES A}
3] ojm % B (social network semantic analysis)
= &3 ESIHAA F3 92E HoHE #+
A, A x84 i e #AE W A

st A8 AA A7 fola Au)

7]— a =2 =2 1 AA i B = o
EQF BAS g83 219 Ayd o] Ay
ZAHE9] B A < HEtE AR A3xE AP

2020 ) 74A1 8] dAd EFME J19EE Hi, 9
A BT 3L FA5HTE Seon et al,
(2021)= 20104, 20159, 2020 ¢] 44 dolHE
59 F712 FH8e] 2EYE HAdd g gF

Ak W Kim et al



(2022) FHE HF 7] =
o] TF-IDF¢t 23845 B3 2HA
T3190™, Ki et al.(2025)
Hgs) EEAN LAl
NET #jAe §AE I xjo]AHE o]EA 22]st=
A EAEAT 2y Wk v‘i'——i TF-IDF, LDA
EYrd gy 22 71E9] H
ol 8] =A st FHHA Zgve g
AAtH(Voskergian et al, 2024). £73],
UYL wol-EY ¥ EF-RA 79 3
gk o Eat7] wEol, TolE 7k o]
e aRAoR wFeA FATE FA7} o,
W oo} maol mepHel WS ua
S e YR Jhsa I
Aol mdo] 7)utet Il (eg, OpenAl? °
AHH%ﬂﬂEﬂ#%@éf&iﬁi%*H*ﬂ
dg HgeR B o
)\]—]:H HoB AR

= [e]
—'—E"EE

b=

M B ot rlo

r HU fot
U
do M
>

¢

l

E

PSR
1=

o

Z Al Transformer
x| 818}7] wjZo, 5
Wl dolgRks 7Rt g dFrE = o
Hla] 93 ouE waA TR &
A tHGhatora et al.,
LDAE <5

ox!

2R o
2024). w9t
o A}w tﬂOIEViOﬂ wgrﬂ

Hfﬂo}b 7] "E]ﬂ o
mmed & Al-augby, 2020). g <ol
AWl (e.g. OpenAle] duYg) Zd2
dg APIE Sall " 7heatH, s¢

eire ) daE 9EHE wgslr] “H%Oﬂ i
A HA o] Ty Zﬂfﬂ 7bsAdel AA &

(Sun et al, 2025).

o

@+ 9ES g, 3

o]
K2 o ol
w2 X

iy o

o E28 ARE A4 5+ WA 7] B
94 ABAUAE ABH d4o] FFseie)
ol 7129 o} Wk s|ute] YxErjely ] @
AR A7Ael F8a 4L FuY & Yok
AolA 2ol Uk old ¥ AE HF ol
Y BEF HiEvly BHS AEHIA
a,

3. OfzRIN A AR

o] &# A (athleisure) =

A (leisure)’e]  FA A =E,

AHME dyEoF Z}L% 7He s dE Aol
[e)

o]u] & th(Rho, 2023). H

‘ol &9 € (athletic) 3} @l

2xZ=dolE 7ute

- —

DL o
ofo rir o
?

rﬂ it

ol

2] ﬁﬁg% 9 AES

o] AFE AFY sz, A

of’hﬂr(Rho 2023). ol°l
o].qa_ /\lu]/\—l_q- ZL_Q_Z:]—
Fetal Ao dE =
20~400) AL tA
915 (Choi, 2020), 20~50t) 42 Axje 7154
< 8% 7 7|Ee2 HUteAth(Lee et al,
& Lim, 2021). oA of&ellA oA
STAOE AgFstal glo

PA—
(o) )]
, e, 2SEYE
o
=

o
20t e FHEAe,

5 o
St o)



fdfi 55754 59%

4 A7 2H =2 AES DA sl AVE FL AN wgol
Ju g FAZ TEHNEAS FRHFLA B
HH e @A UAY A8 HRol, £
Qgel WTid W2E o8 Fa 2uA o o1 1]
o = = - I |_:‘—|_<:>|-l:1
AL ANNOE AT & Ak 84S wolad
g e UIE SREE T2 AE oy age gn mase 26A gy del
_JZ_A]‘I% LDA, TF’ DF 7]‘?} 7]‘?‘15 —E‘/}:}Oﬂ 9]% = 5’:@_5‘]_0:1 /\H]Z}-E-O] —HE]_ HB“‘:Q,]— xﬂ%—_q*l
= y = = o —_—
s aulA ANE BAE W BRH Aol Lo e mes Aqw i o
pul -0 =2 A = =Sk |
2R zte] A HelHE £ on 9HE AF A sy B35 AL4si®E g8 oojrys
. il o o R [¢] R4 1 =
Ao wEstetel wAshe W AT ENAE g age gan 9z dowe dumes 44
k= & 2def A2 St el & . N
1= e dlel EAS WAS oM@ S22 H g 2awe geamggosd, anA e
= JwstA EAsty Ewa) ouE X = - 2
IR R R ey e A 22 EAE AAHeE EE-EARYY, £ 9
vz A4 AL Bk AAHCR olF T o
A AN BASS EAAE TSR AT o ngam, aw mane Ar) 4B P
Mg, BAvITel B EAS LS T & o g 2 g0 92e TAAZ FHA
WA oZiel U ARTNE KA AUL R L goace nag ma gaw oz ]
B o] AEE [FRPS B = ' -
& [e] 5 =] 2= ]
W el muE e A ALEA AL o) ge ez weet, 30 719 o
A o) HY BN AR UFE e aie gog s qaes MM
= — L —= — O
B35 3 noo] HAE BN g
EAUSEA, AY ] RU A28 ER g o) py pamy v 48 2 A48
& 7bsAe AR BN 29 ABF B o o o ey g eg 20 23
o, L R
%E% O%T%]ﬂ] ?lA _5‘]'——17— 317]'_5‘]'%X]T§‘ 32'?16‘]'——17—2}' E‘;S'—S]'ﬂ] ;\_]O:] 0}\.‘: 73_0,_7]_ ‘-%.7] Uﬂﬂoﬂ 0]_2_ =1
= T M 7o R =
HATO] A QTS BHFOIM Lw ' - i ’

> Selected a leading
domestic athleisure
brand

> Retrieved a random
sample of 10,000
comments from
popular products

03

Text

embedding
> Three tools (Kiwi, » K-means clustering
Kkma, KSS) were » OpenAl’s text- was performed
evaluated embedding-3-small » The silhouette score
» KSSwas chosen for o) as employed  was used to
its highest at this stage. determine optimal
segmentation clustering
accuracy.

{Fig. 1> Research process

Topic
extraction

» Topics were
interpreted by
qualitatively



>
>
=
2
)

2

Sh
o
2
o
q
I
of\

Hir
rlo
=
&
Hﬂ S% b R
g‘g

y o

oX il
4
re
4
1o

Sl
o

Y
ofN
)

o
fu

" ode Yo i
)

ot | >
|

r{u:.—YL rh

o
(ot
o

ot o
2L
i

embedding) :
AFEIL o8 g 5 2
g2E gdug A
GA A OpenAle] EAE
embedding-3-small) & &&&At} (4)
;GELs} 2} :7.31/\1;1%] hzlﬂ
4 nAgoZ f{Apgk
2ol &L=k

ZO zﬂl ]_oao
E

o)

2

bt
,

re

=
=

-means %}1

A5 (sﬂhouette score) & 7]-1r°§ =R

G +e gAsE, 1 23 e Felsel

M AdS 2 AdEdd (5) BEY FE: ov)
Ago 2 FHAE/ UFE FAE s B
9 & #H4& FYsih
1. 4ol M

B AF3es U oE ofEdA BAs A9 W
2E AFoAM 10,000702] ABA HFS SRS
of FAo] g3tk dwkAd HA A Fol F
2 AuE QA4 o] BHA Je Wi, &
gA AFELS SFol I 7|5 U nF
SHo] BF $Q3M #gsty] wiol, AvAE
o] thekst A AL MAFY HsAe] =0
I Bdste] o & A HASE HolE £ i
o2 AAsh deleE 20249 1029 Python
< g83te] S

2. 2% 22|

529 dolHe ZexHY 2487 64
L oHsES B UR Pelst dxe Hgol
gosit 59 a4 9

ot H1 XN N ox
O o [ o T
N,
oX

-

dlolgel 7+

A
o

]

Mo & off
ooz gl

o g

= TZ]"?’]E
g —EXJ% TEe 4
er tagging tool)
.\Tﬂ7]—oﬂ‘:.
Kiwi(https: //glthub com/bame1n/k1W1p1epy)
KSS(https://github.com/hyunwoongko/kss),
Kkma(http://kkmasnuackr/) & L300y, T+
7 H@7r AxE AT AR, Dice sim-

= 0914 1 Ate]9]

UCIER

flarity= + A%

HoE Qs ARE, o] 14 7/MHEFE F
AE (FE¥ 3 J) el s AT oy
gt} o] AEE Ado] MM HAE fAE
SAe F2 &89t =4, = T2 M vl
= A" dolgrt R 24 o 74 £ £
717F g g o Abele] Anigts AlLtste]
Hrbetdeh zpelgte] 0ol 7S E AHd F
g% B4 FE FEASS JHEi, el AR
FE 28 AYgurt oA deg 4T F
att HAE ZA# Dice similarity’} 7F3 =3 &
& T e AFel7h 7 AA dEbd KSS7F £
Aol dolEe 7 Ags w4 TR dd
HAom, HEHOE & AFE PythonolA +7%
2] Fgel KSSE &8ttt (Table 1).

3. HIOlE HE

Python 29 &7 A

249 9Wg H9S Adsan. 925 gy
e 9rES B4 FH £Yse A5 WE 3



fdfi 55754 59%

{Table 1> Performance Evaluation of Sentence Splitters

Dice similarity

Sentence count difference

Kiwi 0.9655 50
KSS 0.9795 40
Kkma 0.9655 57

Note. Higher Dice similarity (closer to 1) indicates better segmentation accuracy. Conversely, a lower sentence count
difference (closer to 0) indicates more precise sentence splitting.
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{Fig. 2> Silhouette Scores by Number of Clusters
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(Table 2> Representative Consumer Comments by Topic

F A4 (5) £5 B, (6) FE7 (1)
AF DS F ke 97,

AR, AF B GAF EHE gl A
F A 34H9 49L B 17 9EpL,
Wed BHE dol Aol dojE wdsta Utk
L golN FEY Ben AMAES (ES AE
WAL, YT Foba”, “F Wolr] kg
27 5o AYA PAE B BAL AgSH,

Topic(Cluster)

Consumer comments

“ Absolutely love this product—so grateful I found it”,
“Fits perfectly and I really appreciate how well it's made”,

(1) Appreciation happier”,

“Feels super comfy, couldn't be
“Love how comfortable

for the it is — thank you!”, “So happy with this purchase”, “Thrilled with the quality and price”,
product “It holds everything nicely, I'm truly impressed”, “Grateful for such a perfect fit”, “Just love
it — can't say enough good things”
“Highly recommend A leggings”, “When it comes to leggings, it's always A”, “Honestly, A
leggings never disappoint”, “Tried A leggings for the first time — really impressed”, “Now I

want to try more leggings from A",
“I'll probably only buy A from now on”,

(2) Impressions

“Pretty much decided to stick with A for leggings”,

“I only trust A when it comes to leggings”, “This

of the brand was my first A purchase, and it truly lives up to the hype — fits and feels better than

other brands”,
— always happy to wear them”,
better now”

“Tried pilates wearing A leggings and socks — next level”,
“Bought A again after a while, and the fabric feels even

“I really trust A
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(Table 2> (Continued)

Topic(Cluster)

Consumer comments

(3) Product size

“I usually wear a size 6 but tried a 4 — fits well and super comfy”, “Love that it runs
true to size”, “The size is spot on and feels great”, “Sized up by one and it fits
comfortably”, “Honestly think I could even go down a size”, “I'm 160cm, 44kg and the size
2 is really comfy”, “Matches my usual size perfectly”, “Went up two sizes and it's super
comfy”, “Ordered my usual size and it's a perfect fit”, “Same size | always get, and the
quality of these leggings is fantastic”, “Next time I might get an 8 for an even comfier fit”,
“Normally wear a 6, but didn't want it too tight for working out, so I got an 8 (XL) for a
relaxed fit”, “Love the size, length, and feel — totally my style.”

(4) Product
color

“The color is absolutely gorgeous”, “Such a pretty color, love it!”, “Bright and beautiful
shade”, “Love the color — it's pretty”, “Feels great on and the color is lovely”, “The color
is even prettier than in the photos”, “Exactly the shade I was hoping for, looks beautiful”,
“Always got black before but went for something bolder this time — such a nice change”,
“Color is beautiful, lightweight, and so nice”, “The color is elegant and really pretty”,
“Honestly, the color looks even better in person”, “Totally in love with the color”

(5) Ease of use

for exercise

“Feels like it'll be great for workouts”, “Perfect for exercising”, “So comfy, [ can easily move
around when I work out”, “Love wearing these — super comfortable for my workouts”,
“Bought these specifically for working out and theyre amazing”, “Highly recommend —
holds everything well and super comfy for exercise”, “Honestly, so comfortable I wear them
every time I hit the gym”, “Keeps everything smooth and even protects my knees during
workouts”, “Got them in multiple colors just to wear for the gym”, “The stretchy, elastic
feel is great for active movement”, “Can move freely with no tightness — breathing feels
easy, love that”, “Honestly so comfy I'd wear them even if I'm not working out”

(6) Product
comfort

“The thickness and length are just right — fits perfectly”, “The material is amazing, holds
everything well, and super easy to put on and take off”, “Fits comfortably and you can
really feel how high-quality the fabric is”, “Not too tight, great stretch, and feels cooler
than long pants — super comfy”, “The feel when wearing it is just excellent”, “The
material is so good and comfy, I might just stick with A from now on”, “The fit is
flattering and the fabric is soft and lovely”, “Super stretchy and fits comfortably”, “Love
the texture — doesn’t show underwear lines, easy to wear”, “Above all, love how it feels
against my skin”, “So comfy, I'll definitely keep wearing it”, “Soft to the touch and simple
design, which I really like”, “The fabric is smooth and I'm so happy with it”, “Really like
how it firmly shapes my lines without feeling too tight”

(7) Various
evaluations
of the
product

“It's just so pretty, haha”, “Took a pic from above, makes my thighs look extra thick,
haha”, “Was told it’s not a defect so couldn't exchange — once it rolls down, it keeps
slipping”, “Came back because I think I need to buy more”, “Feels like a really good
purchase”, “I'm happy with it”, “Got it on sale for a great price, but the light color is a bit
see-through”, “Such a fair price, really glad I bought it”, “Doesn’'t hold as firmly as I
expected, but still really comfy”, “A bit uncomfortable for yoga, to be honest”

Note, "A”

refers to the brand.
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