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ABSTRACT

The online portal platform provides online news with online comments, but the anonymity of comments causes
incivility, and online comments are considered social problems. While there are many foreign language-based incivility
detection studies, in-depth research is not being conducted in Korea since there has not been implemented Korean
language dataset which is labeled detailed criteria of incivility. In this study, the incivility notation of comments was
conducted in a total of 13 items, uncivil words were summarized. Furthermore, Attention algorithm was applied to each
comment and summary to extract embedding vectors. 2-d CNN followed at the end to detect incivility in given data. As
a result, we showed that the proposed algorithm is useful for anti-citizen detection such as name-calling and offensive
tones. This study is expected to contribute to the formation of a healthy online comment culture by detecting uncivil
comments which hinder democratic discourse.
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Table. 1 Coding Scheme of Incivility

Labeling Category Description

a derogatory expression or

derogatory expression for a

particular individual and a
particular group

name-calling

Denying the integrity of an
individual or group immediately
or stating that a policy or idea is

groundless false.

offensive
& rude

! lying
expression

offensive violent
imperative tone

an oppressive tone
screaming expression

Vulgarity coarse words

discriminatory remarks against
the region

discriminatory remarks against
the disables

discriminatory remarks against
the gender

discriminatory remarks against
the race and immigrants

speech which
hate attacks

speech Democratic

discourse

discriminatory remarks against
the religion

discriminatory remarks against
the LGBTQs

discriminatory remarks against
the occupation

discriminatory remarks against
the age

discriminatory remarks against
the supporters of a particular
political party
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Table. 2 Incivility frequencies

Labeling Category Numbers
name-calling 8941
°§fi“j§§e lying 976
expression offensive violent imperative tone 3276
Vulgarity 286
against the region 141
gainst the disables 90
against the gender 251
against the race and immigrants 57
hate against the religion 36
speech against the LGBTQs 16
against the occupation 436
against the age 369
against the supporters of a
particular political party 647
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Table. 3 Examples of coded uncivil comment and summary
offensive & rude hate speech
example name- . offensive | Vulgar . . . . | LGBT |occupa political |Summary
. lying . region |disables | gender| race |religion . age
calling speech| ity Qs tion party
A EE A 0 0 1 0 0 0 0 1 0 0 0 0 1 )
€35 BME A BNE
SAgEL B8 it
3E EUAW "
A2927?
Ag ol AP HTH 0 1 0 0 0 0 0 0 0 0 0 0 1| =wh
wad 5 o S
14T 1 3
59| Adgel A
e nxE
Hoslul s
HHA] ZE S 2 ol el ehil S AstuA 2 #r|stglom npAd dofl Q.o tlojE 2 A] kAT
ST Al o] AR AL s " dolur 5 Al £FE AU dlE S0, H3oA 7 WA 282
QoF gloJe| 24 7|5k skt IEE2 E 302 Ff- lyingoll #7185 T A2, ST £ A9 I AR
o] siite] Bl e ofe] o] AN GEe FEAC & WAsHE Ao] et b2 Alte] ARjo|ut we
input_1 | InputLayer iput [@one, 30)] input_2 | InputLayer iput [@one, 30)]
output: | [(None. 30)] output: | [(None. 30)]
tp_embedding | TPEmbedding input: (None, 30) tp_embedding 1 | TPEmbedding input: (None, 30)
output: | (None, 30, 128) output: | (None, 30, 128)
¢ block input: (None, 30, 128) ¢ block 1 | T Block input: (None, 30, 128)

‘ T_Block

output:

(None, 30, 128)

l

output:

l

(None, 30, 128)

flatten

input:
Flatten
output:

(None, 20)

N . input: (None, 30, 128) N N input: (None, 30, 128)
global_average poolngld | GlobalAveragePoolinglD global_average_poolngld_1 | GlobalAveragePoolinglD
output: (None, 128) output: (None, 128)
input: one, 128 input: one, 128
dropout_2 | Dropout u ol ) dropout_é | Dropout u o )
output: | (Mone, 128) output: | (None, 128)
A J
input: one, 123 input: one, 128
dense 6 | Dense u l ) dense_13 | Dense u bl )
output: | (None, 20) output: | one, 20)
input: (None, 20) input: (None, 20)
dropout_3 | Dropout dropout_7 | Dropout
output: | (None, 20) output: | (None, 20)
(None, 20) input: (None, 20)

flatten_1 | Flatten

output:

(None, 20)

- [ input:_ [ [(None, 20). (None, 20)] |
c ¢

[ output: | (None, 40) |

input: one, 40,

dense_14 | Dense ! o i

= output: | (None, 10)

input: one, 10

dense_15 | Dense t ™ )

output: | (None, 13)

Fig. 1 Algorithm diagram of suggested method
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Table. 4 f1-score comparation : Model-1 uses original
comments and applied 1-d CNN only. Model-2 uses
original comments and applied Attention and 1-dCNN.
Model-3 uses original comments and summary, applied
Attention and 2-d CNN

item Model-1 | Model-2 | Model-3 N
name-calling 0.85 0.81 0.86 1761
lying 0.34 0.18 0.35 193
?g;‘;;fé‘fii? 047 | 045 | 071 635
Vulgarity 0 0.03 0.08 61
against the region 0.44 0.26 0.5 25
gainst the disables | 0.33 0 0.33 14
against the gender |  0.41 0.41 0.35 54
itene |0 [ o | on |
against the religion 0 0 0 5
against the LGBTQs 0 0.67 0.67 2
2%2;‘;;:21? 048 | 031 | 029 91
against the age 0.51 0.18 0.41 70
against the
supporters ofa | |57 0.24 146
particular
political party
Average 0.68 0.65 0.76 3071

40| A, Aotsh= Model-32] H4f fl-score= 0.76
o2H tE T 7 mde| fl-score(Model-1: 0.68,
Model-2: 0.65)°] H]8] ] 3 55 448 Hojgle).
Bt fl-scorets 7k FEof FFshz HAE A0 5

S asto] FeiF7] 2o HAEAE S 7HE 7t

=

Be el Ao 2] fl-score?h A 9] Btel JaFE
wol w7 Elof glck. 7214 Model-19] 5§ B89
S84, QEA, AgA AR, B3 Aol o]

fl-score”} 0¢1H| = B35} 7 F8] &F-2of| A 9] fl-score
7} 3=7] wj Fo] Model-2 .t} =2 557 Zho] Aoj ).
AR G 2 2 A o2 B4 tho] 2l 1w}y
7Folth ol E S0l FaL A ek A2 A9 Ak
A dolup Rk 53, &4 Fo] SoUA gt W
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