"m Check for updates

Journal of the Korean Institute of Industrial Engineers https://doi.org/10.7232/JKIIE.2022.48.6.636
Vol. 48, No. 6, pp. 636-643, December 2022. © 2022 KIIE
ISSN 1225-0988 | EISSN 2234-6457

Analyzing the Classification Results for Korean Hatespeech and
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With the development of Internet communication technology, opinions on various issues can be freely expressed
on the Internet. However, some people have abused their freedom of expression, causing psychological harm by
writing comments expressing their hatred towards others. In order to address this problem, research on automatic
detection of malicious comments using machine learning models has been actively conducted. In this study, we
constructed the detection models for hate speech and bias to classify KOCO (KOrean hate COmments) dataset
using popular language classification models such as logistic regression with term frequency-inverse document
frequency, KoBERT, KoELECTRA, KcELECTRA and KoGPT2 models. Through the experiments, we
demonstrated that sentence length, reflection of context information, and mis-labeled data highly affected the
classification performance of most models. As a result, we presented considerations for automatic detection of
malicious comments and directions for constructing the comment dataset to improve the detection models in
future research.
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Table 1. The Number of Data According to Label Information in Koco Dataset

Hatespeech Bias
- total
offensive hate none gender others none
train 2499 1911 3486 1232 1516 5148 7896
test 189 122 160 67 62 342 471




638 Seyoung Lee - Saerom Park
Table 2. Pre-processing Configuration
Tokenizer Vocab size max length OO0V token
LR soynlp 100000

KoBERT kobert tokenizer 8002 64 UNK

KoELECTRA electra tokenizer 32200 64 UNK

KoGPT2 GPT2Tokenizer 51200 64 UNK

KcELECTRA electra tokenizer 50135 64 UNK
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Figure 1. Deep Learning Model Architecture
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Table 3. Perfomance of hatespeech and bias classification in KOCO Dataset

Hatespeech Bias
Accuracy Fl1-score Accuracy Fl-score
LR 0.62 0.61 0.73 0.66
KoBERT 0.62 0.61 0.80 0.69
KoELECTRA 0.65 0.64 0.83 0.74
KoGPT2 0.57 0.56 0.75 0.64
KcELECTRA 0.68 0.68 0.80 0.72
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Figure 2. Context Analysis with Logistic Regression
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Figure 3. Context Analysis with KcELECTRA

do|7] W o] 2
Z labelo] THE S 2
wetA] ol fﬂu
&+ e "9ed
oA AHE-E o A —Er
T XU E S

2) &3 dolERd HolH

<Table 3>014 B BE BF v 4% T4 2R A%
2 247 WEo Fol HolH 358 B U LIME

24 Ed o3 A%l Je 2 20E
Skk. A, s Aol ST dolE o] Ak Eay
PO Aol BYstel THAYCLE BY 4ol AEH
Holel ZAS EAHO AEAE shetsts] s HolE A
& A% 4303 dolel 87 sol=ehelst o2 7ol
Hoioli Aol &Y 078 FARLA G

of thef A 2

<Table 4> HL 8 EF TAAAMY Ho]Eo] ZX &
719 2 22 fEAHQ] TSIt A RE 3 WA &4
oA 10+80] 2t M54 &4 o] 5= £H e &4 0] 9l
S B3 none, 5 A OB E go| & HIATH T F
WA E42 & v S 2ebe A dolHE & 5 e
o= offensive, 344 o12E 7I7l Y22 E/HU. v}
Ao 2 Al HA 42 hate 2 Flo] & o] HY=d], 271

A Date R & ofiHoE S0 §4=
AL 5T 5 9n.

& QoA AR HolEALS] Aol = FlolH Hol &
Qe AehrEa o2 JAYsigl7] Wil woly #ol&
29| O R/} 243 4 9lrk. sA R, HlolE] Hlo] B9 O F
2 &) AFAT B Agol i Askd = Jlonz,
Ba7) fsf golE kol2E e g 7Y

A5 S

ol
9] 4

i

Tabel 4. Mislabeled hatespeech data
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olf Ewdo] ASIEZ none biasoll Bl < v AT FH L& HA Ao FY 24 fl-score <Table 6> A AH B YS
gender bias H] ]E']E 7vete] ZES gh¢r ol E AT uf other bias O] A%, 45~57% AT W e S HY
a7 Yok =3 A gE g dojrt Bof7h AL AR o A4 FY 2 £7 45 54 bias7t obd o biasE 7}
of thgk HAH<S LH% | Y& EolHE o F7kste 5 dlol A3 Q)& others biase 7 A5 0] A ¥UTH <Table 3>
HO YA SHE A 18T a7t o Z 94 bias classification®] 3t 55 HH EE B A
others biase]] T+ -7 5ol A & AL GAF 5 9l
) &R Yol &7 # dolE ol2|g A3+ dl= to]El oA % 9 biasE 713 HolH
HA YYD BF B9 o F 2345 LIMESE 243811, 8 o 93 e A0 Aodtt 94 494 AF, Zf 5
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48 dolHA L agei o golEds o] 5 Tk gender bias®t THE bias7} T &5 0] YERY 45, label©]
HAonE AH dolHAS AHR T HolE Bl 7to]=et  genderQ! 7-F7F BT <Table 7>9 4l A4 & label©] gender
A 2A Aol Holgle HiolH7F YA &% #ol &7 biaso] AT, gender bias &l Aol yolo] 3t bias7} 35
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<Table 5>¢] A WA, 7 HA A 4L R th3f o HA FA T7 249 others bias9) “b°] Hl a7 e o]
Table 5. Mislabeled Bias Data
Comment bias
ofo] F~ AR Y5 o mrt none
EHF2 w5l # none
TRt o i ottt SAFE Gkuskett o wW H AAuA~-QQ0Q gender
T B Agriglel oA AgEiH olAFE B B Foll~~AddY A AAAA~~QQQ gender
Table 6. Comparison of F1-score of Bias Classification
LR KoBERT KoELECTRA KoGPT2 KcELECTRA
gender 0.71 0.75 0.76 0.63 0.77
others 0.46 0.45 0.57 0.46 0.52
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Table 7. Mislabeled Data as Gender Including Various Biases

Comment bias

¢ AAAN 2 gkgojet AA Aol g dFA 9997 gender
ofmlfo] 504 frak B 7@ ok Aol E4vbeA dAESR gender
40t ofFHUE 37t wel Usivla gender

Table 8. Comparison of Fl-score of Unsmile Dataset using KOELECTRA and KcELECTRA

KoELECTRA KcELECTRA number of data
A4/17+E 0.72 0.80 394
¥4 0.82 0.86 334
Rt 0.84 0.87 280
AF/= 3 0.77 0.84 426
A= 0.69 0.83 146
2 ¢ 0.83 0.91 260
Za 0.86 0.89 290
71 2 0 0 134
oFZ/ 8 0.66 0.70 786
clean 0.73 0.77 935
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