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= linguistic features: =0, 80|, At &
= syntactic features: =& 2| 40|, A& THO12| V==, E 7|2 AL 3l

= lexicons: =8 /5 ™ (sentiment), &7 (affect)

= Chen’s et al.[4], Nobata at el.[5], Lee et al. [7], Martens et al. [8],
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3,604 1,396

Dictionary-based Profanity

In [23]: | pl = pd.read_csv('./sampling_utf8.csv')

In [24] : | pl
Out [24]
Unnamed: 0 NA. chat z_sum3  or
0 4215 148402 SCHM H YoM HACEE UM MoZ?2a3aaaaaaaaaa= 1 1.0
1 9973 381318 Yo0| T & ACH 5 1.0
2 13092 555776 MN1¥g aaasas 2 1.0
3 19752 961806 Al'g 2 10
4 3681 131233 EOHpHA Of 1 1.0
5 5939 221143 OF E4Lt g714l A7 110
6 7967 288677 OIE| Yl §|K L7 100
7 1576 46590 cafe.naver.com/a2f2 1 00
8 5986 222932 FetX|X|Of 1 1.0
9 9698 368283 M4 QFO}X| AY 3| 7} 1 10
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In [23]: |p! = pd.read_csv("'./samp|ing_utf8.csv')

In [24] : pl
Out [24] : a
Unnamed: 0 NA. chat z_sum3 or
0 4215 148402 CIOiA AYLM SHAC2S A MoZ?2s33aaaasaaaas 1 1.0
1 9973 381318 Zof0| X =AUt 5 1.0
2 13092 555776 IEEEEEE] 2 1.0
3 19752 961806 NE 2 10
4 3681 131233 Z0r5HA O 1 10
5 5939 221143 O Z1Lt €714 A& 110
6 7967 288677 OlE Yl L7t 1 0.0
7 1576 46590 cafe.naver.com/a2f2 1 0.0
8 5986 222932 T2tk X| Ot 1 1.0

9 9698 368283 W QFOFX| A4 5| 7} 1 10
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~'v one-hot encoding

1000, 0100, 0010, 0001

V‘v Word2Vec

(0.8 0),(0.1 0.8), (0.2 0.3), (0 0.3)
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®© CNN

Input Channel &

(0.80000),(0.10000.8) O| & A|
=Xt o M 5k}

Convolution layer Convolution layer Convolution layer

Embedding
A
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8 20 0 7 42
12|19 17
7176 42 52
68 | 99 88 35‘
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Max Pooling with 2x2
| filters and stride 2

Max pooling Fully
connected

layer

4

20 | 42
99 | 88

max pooling

Dropout

-

connected

profinaty

normal
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Laver (tvpe) Output Shape  Param #
erbedding | (Embedding)  (Nome, 469, 64) 12800
convid_1 (ConviD) (None, 469, 16) 3088
batch_normalization_1 (Batch (None, 469, 16) 64
convid_2 (ConviD) (None, 469, 16) 784
batch_normalization_2 (Batch (None, 469, 16) 64
convid_3 (ConviD)  (Nome, 469, 80 392
max_poolingld_I (MaxPoolingl (None, 234, 8) o
flatten_| (Flatten) (None, 1872 o
dense_1 (Dense) (None, 8) 14984
dropout_1 (Dropout) (None, 8) - 0

dense_2 (Dense) (None, 2) - 18
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Precision
Recall

F1 measure
Accuracy

® QI-Ihial

[ R — LN

Precision
Recall
F1 measure

Accuracy

Profane class Normal class

90.93%
94.25%
92.56%

83.39%

75.43%

79.21%
89.04%

Profane class Normal class

92.22%
93.14%
92.68%

81.60%

79.48%

80.53%
89.36%

® KtAEZ2| +SPACEM A

Profane class Normal class

Precision 89.56% 81.79%
Recall 93.92% 71.39%
F1 measure 91.68% 76.23%
Accuracy 87.68%
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CNN structure
Conv+Conv+Pool+Dropout+FC

Conv+Pool+Dropout+FC

Conv+Conv+Conv+Pool+FC+Dropout+FC
Conv+globalpool+FC+Dropout+FC

Conv+Conv-+globalpool+FC+Dropout+FC
Conv+Pool+Conv+Pool+FC

Conv+Pool+Conv+Pool+Conv+Pool+FC

Accuracy
86.88%

85.6%

89.04%

90.4%

90.08%
86.4%

85.7%






