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Consensus-based Relabeling of the “Other” Class using KoBERT
and Large Language Models
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Abstract

The “other” label in text classification aggregates heterogeneous and ambiguous samples, often limiting overall
performance. We propose an automatic relabeling method that combines a KoBERT classifier with an LLM, using
their agreement and confidence to reassign “other” documents to more suitable labels. Retraining on the relabeled
data redistributes “other” samples and improves overall performance as well as the stability of “other” predictions.
This suggests model-consensus relabeling as a practical way to mitigate the “other” label issue with minimal
manual validation. Future work will extend this into a universal data refinement framework via hierarchical
classification and prompt optimization.

Keywords

large language model, text classification, label noise reduction, KoBERT, automatic relabeling, label correction

* TPt AFE TR A * Received: Dec. 22, 2025, Revised: Feb. 20, 2026, Accepted: Feb. 23, 2026
- ORCID: https://orcid.org/0009-0002-5909-0154 + Corresponding Author: Yuchul Jung
# TUFQ FI St HAFEAISHE A Dept. of Computer Engineering, Kumoh National Institute of Technology,
- ORCID: https://orcid.org/0009-0000-7524-0357
wex oAy RATY AYAT 61 Dachak-ro (yangho-dong), Gumi, Gyeongbuk, [39177] Korea
- ORCID: https://orcid.org/0000-0002-8132-3834 Tel.: +82-54-478-7536, Email: jyc@kumoh.ac.kr

weer TR0 TSI AHFE TR FRF@UAR
- ORCID: http://orcid.org/0000-0002-8871-1979


https://crossmark.crossref.org/dialog/?doi=10.14801/jkiit.2026.24.5.1&domain=https://ki-it.com/&uri_scheme=http:&cm_version=v1.5

2 KoBERT -LLM ¢ 719t 7]el =g Ajzpd g 714

YR YA HolHsl A4H o2 AN &
AP B ol YRT 712
o2 TR YAE BRE WhH B4 ®
oIl 53] A7 S, =, J1E 2 de
YrEe] A9 BAd 71%8 A7 Nee A4
A7 ok 20 RS H80) Aol o

BR FUaE Bed 082 B EAV ol
54 EAZ} ofE AT FA9 7% 9
SEAE PSR oJrA AAR se 1
% Fd HA AF Ane 7xA B4,
BE AR, A Fa Bl 9 &
sele 4 QT Heir1% Roket 2ol Gk 34
o AT B} WejsA FHHE EQlolA

(-~ ﬂ‘ _J;

(o

A AT Bok EF AAe R HHEY] offt &
med AE Gojeh bzl xHo] &

A3k, R&D Aot AR 72 wiste] w2} 2t
4 A7t REAH R WA, FHEY AR bE @
T 2ok B5F AAVE HY, SHEs AvE AT
ot o] FAM L ePEEL o Zoke A
A FBHOR AGEAY 7]EKete)ot 22 FH
Z Ay olgd g mdo] AT EoF 7
Ay AAE W] sgete AL Welska, 2

°

= =
a4 Wi *lwmn% AR 5o HBHe
yzs 29 ggle] Aok

E7} $A0R 2 mEgs 339 o)
F2E AT RoF BF AAst lole] s2ol4 A
TASHIL AASE Hol AL ook 53 A7
2= AAOIA «_goIEhst o] o} &
9 ehl zeol] HelA olF Mmool Hwke.

=

golstaL wHEZ|

Aepdgshs wolH $4

Hog
Aol tht =7t ArjHos REsi),

olHE A vges ¥ Ee T

2.1 h:0|£ E|-t£| gxﬂg} E|.I:Ié| iolz g_||.§

oo &2 & W

"o
o
rE
T
k)
in)
H
rlo
ol
o
b
Yo
ol
)
oX,
tio
b
£

g8 Hojmegal

4
2% 49 29 B8 LY
Z

1;]__‘:. x%o] ;qx-lgr)r[] ]
34 “}71 sl B ko]2E UF=

r& _\‘li
_QL

‘é’
& 72 df A3 wolx 4R %11—5—}

o 2
ri
oE
of
QL
T o
Juor
Fob >
[BY

[N oN l-N'
l‘l'>
i1
=
M
H

b
‘I

r..VL T A Y ST R |

| A%
HoJE AR ohet H3the Olﬂlzl ERLEE S
71 WY ] 9n Sl e A= F

0,
o2l
2

o
ok
fy
o
o
3
ol
rr
i

K
riet
=
o2
=



Journal of KIIT. Vol. 24, No. 5, pp. 1-13, May 31, 2026. pISSN 1598-8619, eISSN 2093-7571 3

i o

o3
™ g
bop
:\_l
12
fl

o 2 o o

g HlolEe FHA sAstaat
TEHOE BY 4&& 9AR AR

Hske Ahdd Hge AZI
EH O R Aol Py 27] HolHAles B
A 5N H, 2d g3 7)E ghdle] b2
NES o]z BHE 71Fs Algo] O] HE
3 43 dolEAles mdS of A A st

A

W Ay sholzeele oz s
ool Hgstel B4 5% A% AL 53

69.5%°l1 41 82.5%7HA FFAIZTH14].
A7h ZEspAY 71EF 2t g7 ehde] wo
e ol A s Azhly Fxo] JjA Z3)
FEHAE A2 Yehgt

OiE vgh gAE a9 48 §4FH0R B
317] 913l few-shot B|2E £F ZHY9IE
g Q7= QluIs) B ARseE = 9
< o83 =AHE HEHE TP A, &9 o
AR ARgto] 7 iFe] ZREEQIOR XA skal
UmA 245 4ellg 71 FARE bt Ak £
3= Human-in-the-Loop W2A%  AIFEATHI16].
of WL 7]E 2hlol A9 §IAY 7€ EF A
A7t Fofrelxl FRAME vz AL o F
& shitto s AEH] £Eo £ dve A
g T ATE HETh

ghio] gl FlolHu ZIEBE w9l HolE S

}7] 8 oAk ghle FEohe AR Bl
SATH17). A o] = dF- HolH=E &
1S 5T 5, unlabeled BloJEIS] T3 o

lo

o
ol

¥ PE ke

oAt Az e Folshs ot oA A
g ok gl 71E 2 dojest d A
ARgstE F7HAQl A4 2 Jlolk £
A = OHI8)[19]. #2olle HE
I AAE A AN 2hEo]
Eloll dhel 24 eHlS AdsHA s,
mdo] o 53 LLMY| #ehE AjteEl oA} 2}
T8 AER o FolA L JITH20].
g Zo] HolH T4 Aghdd g HITL A+
F5Hor rd oFg &gsf o4 WSS
st Abg e R AXE B3 Ee A
st FAE § Adss 3 AsE HIA
o2 Addte 55S zet 2y thRed o
T delEe Z|g ghEs Hx i} JdoR
AAsla o]F T2 R AW T YUY
E ANSAE etk 3 Ao dHE AjYo) 2
F2o]7] Wil iR wlolE el whE 2838}
ol H-&3} Ajzto] Bol Agdt= AV} 9
nEba B =ReAE 7]E A7 dAE B
7] 913l Hr|EREERF dlolEMleA 54 7
Bt 2hd Johg o e
o] &3} LLM 7% ojn] HRE AT
Aepdd s AR s BelAE olE 7
Hto g gk wHEA iy syl A T2} )
olf &F, 23 TAA 7 At AF A
£ A8 gtk

)y
=2,

oX,

d off
ot
o>

Ao i
gl

o

1, o
2 o
il
o,

b

)
S
o

62 Mr ¥R orQ S 1o ox

o o du rr 2

o o
K & rlo

P

=

=
= AR5 27 =Y
g 3

Al

R

i

. HIo[EAl 2A

2 wRod ALsH Ahag Ee 2§
of QA FA|EEEER HolEHAH 71E BRI
o 574 542 APHow g 220 g
ER EEFEREDEEER- DRSS
S BA EHS ATRI B US) A% BHE
53 A B Amel sfelr 9l epaze] B
g ST oold 79SS diE E4w
DR $AHE 2E TRE W BAFORA,
A% As7h 54 2hmzs dole B4 AFH
The HE Bol olF AN The v Azhd



4 KoBERT -LLM &¢I 718 71g} 2 Aj2hae 71y
31 Hio]E{Al A 2 FMa|

B AFoA AREE HlolE= KISTI =7} R&D
A BEE 7o dhE A8 AT A A
E AA 75 WAS Aol 8t 7
Ao FrlexEiF o, 5 28F I= 42
o] Hojxof 9t} o] 7}edH H3r|ewF
FT-FS YE S Agse FERR £
AT Bolg dZFhe te BF ZAZ A3
o 98 H2Ex nE A £ B 80
(merged text)E T2 AME31 o o] &
oFF ATEXE, QoFF ATUE, QoFE uEs
g st EHEE e Aot x3t aokE S
271958 8oFE FGEIIE AHde QRS
2HE FZ, AAE dAM7F ZFE Qo] o]F
H2E EA BA3 LM 78 9fn] stk B o A]
Bz JRZ SgHT

A AT dAldlA FE T8 HA

o M

I 2ol AT F Ao HAY|eAFEF LT
T, ETEA 55 Aseld Y3 FEFL
dHE 7 AARE FHEHES Bk 181
[QoFE FEo] EvhE, T8, 39, 55 V|8 E A
T3 A3l merged textES A

SR
9}

HAE AAst FE AEe] 2D g m|A|
AFS Hasslach

B AFAE olgdt A Hxe AdE I
B QAo AMESlE thE FEF ZE7F EAISH
2 EAY merged text7} Blo} Qe FATHE F7}
2 AASE 4o FHAS S5k

AA "HolHole FEF 7IF 2607719 2pdo] &
AstARE T4 F7F 53] Hol FAHOE ofn] 9]
© A% WPt olge g4 e B4 Uil A
Astgint. ehlE A ¢ BEE 7|E0E
Tl YA B4 2hle AAS H HEHo=
0770 SEF SEE oz BF mde sk,
BJ7F @Al ARSIt o] HA o]F e A
FE F 62440871 0]t}

32 i ds &4

% 12 2R d KoBERTE &4H EFV|Z2 &
3ol 9] Flscore B U 42 ¢F 045
ol AF9] 25% 2PEe 0.61 o, 39 25% 2
AL .32 olstel] Exa) il 7+ WAyt 3A vE
W}l E3) ¥ 29} go] FETt 99 E BuE 7|
2 137] HAH HHF Fl-score= oF 0312, Y
2 At 2hd el Het oF 046HTH OF 0.15 U
Al YR

¥ 1. Fi-score &/st9lAH 2E 2 M
Table 1. Top- and bottom-performing codes by Fi-score
(scores included)

Top labels by F1-score
S&T standard classification code 1
) F1-score
(Mid-level)
LC11(Food Safety management) 0.8361
LC10(Dental science) 0.8298
ELO9(Hydraulic system technology) 0.8138
LAO1(Molecular and cell biology) 0.7738
Bottom labels by F1-score
S&T standard classification code 1
. F1-score
(Mid-level)
EA99(Other machinery) 0.1152
EB99(Other materials) 0.1092
EH14(Cleaner production/equipment) 0.0267
EC99(Other chemical engineering) 0.0222

¥ 2. 7|Ef2id Elcknl oldiaidl AMeko| Fi-gcore H| W
Table 2. F1-score comparison between the “Other” label
group and the regular label group

Label type F1-score
Label 99 (“Other”) 0.3092
Regular labels 0.4856
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Table 3. doc_ratio by F1-score and the number of samples

EG99 : High F1-score & large-data label

Abstract keywords doc_ratio
Nuclear power 0.0797
Workforce development 0.0505
International cooperation 0.0442
Nuclear nonproliferation 0.03%4

OB99 : Low Fi1-score & small-data label

Abstract keywords doc_ratio
Artificial intelligence 0.0702
Biosignals 0.0594
EEG (Brainwaves) 0.0540
Virtual reality 0.0432

ED99 : Low F1-score & large—data label

Abstract keywords doc_ratio
Artificial intelligence 0.0340
Internet of things 0.0265
Deep learning 0.0213
Sensors 0.0165

NA99 : High Fi1-score & small-data label

Abstract keywords doc_ratio
Physics 0.1116
Mathematics (Field) 0.1116
Mathematics (Subject) 0.0862
Talent development 0.0761
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