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: The advancement of digital technology has brought a

universal and ubiquitous circumstance in which online
social networks have greatly extended the interactions
among people. Many messages have been dramatically spread
without verification and influence people’ s life in terms
of the perspective of gender bias. Following by the
amplification resulted from social networks, how to
suppress the spread of gender prejudice and negative
emotions 1n online social networks has promptly become more
and more important to people. Therefore, in this study we
propose a sentiment analysis and intelligent alert system
for gender discrimination. The system is able to perform
semantic sentiment analysis on traditional-Chinese-based
texts through automated procedures, and to detect whether
the text violates gender equality standards as well. Then,
the system give reminders and warnings to users with highly
negative emotion or with gender bias. The gender awareness
has thus been enhanced. The validity of the proposed system
is confirmed through existing texts with gender bias. The
experimental results show that the proposed system can
effectively judge the emotional category of the text and
whether it violates the criteria of gender discrimination.

: Gender Discrimination, Natural Language Processing,

Bidirectional Encoder Representations from Transformers
(BERT), Sentiment Analysis
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Abstract

The advancement of digital technology has brought a universal and ubiquitous
circumstance in which online social networks have greatly extended the interactions among
people. Many messages have been dramatically spread without verification and influence
people’s life in terms of the perspective of gender bias. Following by the amplification
resulted from social networks, how to suppress the spread of gender prejudice and negative
emotions in online social networks has promptly become more and more important to
people. Therefore, in this study we propose a sentiment analysis and intelligent alert system
for gender discrimination. The system is able to perform semantic sentiment analysis on
traditional-Chinese-based texts through automated procedures, and to detect whether the
text violates gender equality standards as well. Then, the system give reminders and
warnings to users with highly negative emotion or with gender bias. The gender awareness
has thus been enhanced. The validity of the proposed system is confirmed through existing
texts with gender bias. The experimental results show that the proposed system can
effectively judge the emotional category of the text and whether it violates the criteria of

gender discrimination.

Keywords: Gender Discrimination, Natural Language Processing, Bidirectional

Encoder  Representations  from  Transformers (BERT), Sentiment  Analysis
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Multilayer perceptron (MLP) 89.38 67.54
Bidirectional Encoder Representations from 81.32 63.31
Transformers(BERT)

Support Vector Machine(SVM) 67.67 70.71
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1. BERT(Bidirectional Encoder Representations from Transformers)

kAR kx5 @& 5lch BERT %48 - BERT 2 ¢ % (Bidirectional
Encoder Representations from Transformers) » 2018 & ¢ Google # 4! - .4 % B
Transformer ¥ encoder 3% 4 3 fp @ = e%E f;é » & & Transformer £ encoder 32 &
e g A BImA o - B p LR 4 K (self-attention layer)fr— i w 4 & (feed-forward
layer) » @ P % § & 87 Fr 1 BERT #£7]:BERT-base {= BERT-large » 4= -
® BERT-Base : 12-layer, 768-hidden, 12-heads, 110M parameters -
® BERT-Large : 24-layer, 1024-hidden, 16-heads, 340M parameters o

m BERTHAZITAE Rh- B aZ 75333 BART - BRA:
v i * ji_BooksCorpus (8 f&F ) f- Wikipedia (25 g5 ) © & P-ehk ko iy
BEFFFPR ¥ - BRETFS BERT 72 848 25|+ » » KL D 2 KEFE P H
YRL A eRBIT2AEDEPNL I B A LHEFZ Fam;;u%\» o

BERT ﬁvﬁg?]»?u S-BaABOI o F o oA - iwg?]/\éﬁﬁx%a % 512
BF RESL2BFopLieiilfl o & BERT? is ¢ i&%] el F R BE S D
F k4t 2] > f1% WordPieces #-3 2 h3ta £ X3 0 ¢ 2 A £ A F
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R HE P F 4 B e 4~ (Token Embeddings) ~ £ 5% 4% ~ (Segment

-~ \»\

Embeddings)fr = ¥ q“,é » (Position Embeddings) » £ #-= B e £4c iz kg - |

s £ 4~ 4 BERT 739 e 785 > 4ol

ke s 4 x A R 4 [SEP]
(Tokenggrf\b}e\ddings) - - - - - - - -
(Segmes Embeddings) - - - - - - - -
(Posion Embeddings & (o] (6] (6] Do [ [ Do)

B - -~ BERT mﬁg?] »
(F° 4+ % R Bert: Pre-training of deep bidirectional transformers for language understanding)[27]
F-ZMe s BERT ¢ ff Lehw G (M- 93 ~ S 03 s H-

PRnfet § ik o {17 BERT# Aig 7 & M oAb (B2 & et ulpt -

4.4

¢ #AB-[CLS]iz B Token chig it 5 A #fenit & » F #[CLS]ehR F1 L F) 5 frv & ¢

chil @ Ffpt - By PHEF L Token § { T ehg &~ &7 L B anE

'i 2n ¥
$8 50 4% 8
= =
T[CLS] T, o Ty T[SEP] T e Ty
BERT

E[CLS] E, o Ex E[SEP] E’, e E'ym

— & & & o 5
[CLS] #1(Tok) | ... #3N(Toky, [SEP] 36’ 1(Tok’)) | --- |38’ M(Tok’y,)

\ | | |
| |
& Fl1 8] F2

B = ~ BERT # & e B iz 52(1):
71 =+ ¥4 5§ iZ 53(Sentence Pair Classification Tasks): MPRC ~ SWAG

(F 4+ % iR Bert: Pre-training of deep bidirectional transformers for language understanding)[27]
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$A A% 5K

BB
Tiers T, T, Ty
BERT
E[CLS] E, E, Ey
1 5 B - 5B
[CLS] | #1(Tok,) | 382(Tok,) 3N(Toky)
| |
|
g—4-F

B = ~ BERT % 2 ¢ B =ix(2):

H - o3 & 3 = 5%(Single Sentence Classification Tasks): STT-2 ~ CoLA

(F 4 % & Bert: Pre-training of deep bidirectional transformers for language understanding)[27]

Start/End Span

4T A e
Tiery T, Ty Tisery T, T
BERT
Ercs) E, Ex E(sep E*, E’y
1B 5B B B 1 B L E B
[CLS] | | #1(Tok,) #IN(Toky)| | [SEP] | |3°L(Tok’p)| - [31"M(Tok’y)

|
SE:

B = -~ BERT # & e B iz 72(3):

¥ % iz 7+(Question Answering Tasks): SQUAD v1.1

(3 #L %k Bert: Pre-training of deep bidirectional transformers for language understanding)[27]
P 9
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B i N g B L
Tiers) T, T, . Tx
BERT
Ercrsy E, E, e Ey
" " o 2 »
[CLS] Tok, Tok, ... Toky
| |
|
B4 F

B 7 -~ BERT % & e B i 5%(4):
H - &3 432 = 5%(Single Sentence Tagging Tasks): CoONLL-2003 NER
(F # % & Bert: Pre-training of deep bidirectional transformers for language understanding)[27]
2. BUBRFLAVEFEGRE ki
Bl RS0 g e AR v AR R A S
%O 4 B A BERT ZEH(2] 5] % A8 B) ol T 25L& L 118

HT g & R o
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} HPFLRAR
A B RS b MR CLESTT D
TEIL 31
(R @b 7 A LR A) | &

FIEf X 5) #A 5]
(positive, slightly negative, BRI HPFER [T

negative, strongly negative)

q hok st S (H £:0.2

U RS S positive ~ slightly negative 7 Au##)

(positive -1, slightly negative 0.3,

negative (.8, strongly negative 1) e

FEHENERE RH—
REZ A @E4(PIEES)
R R FH

LEEREEEEG!
(=& B AT 69 1 &5l A0 & @ b5 4 4%))
7 HPRR

_____________________________________________________________________________

B = BT LA R E
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,Z‘s.?fw’“rﬁ%]» e AL EAEY 2 e AT G 4o
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AF7 4“4t % e BERT-Base-Chinese #-3] » 1% BERT 2] %]t » ¥ & e

BsE ] o 4o 3-1 & 97 4 2 eh BERT % Lehw & E4% > % 9@ * v BERT ¥
- DI S ER AL - R R AL B Y A~ BERT
EH1S € A9 WordPieces #-¢ 2 ¥ A & F AR{UEHE B F pGFH 0 T EE

@GP E S BERT HOAI ¥~ A2 (SRR s ena 37 0 3 SRR ~ hY A B 2 B

/\‘

]»idz;{k\;,v_,‘ \2“ m’b&_ﬁ ’ ‘P ﬁ_\@#l\g"ﬁﬁ_& _E": 7 ‘;’f"ﬁéﬁrﬁa‘ll’\;k% < d\‘;’f"']%"%jiﬁ%]ﬂz °
® T IRpR

BRI AR > BT M RGE D IRBFER DY AR SE T
BB M T g F il R o

BT F - R AT B $F 0 MRE T Al R R

F_‘-

7l g R A R K N (] den - 2 (happy) is B 5F 5] € 42 4 53 & G (positive))
FoHBAEFY A e B E o & By m/’a\ﬁzi’m A DTG
(positive)de 1 4 - 33 § & (slightly negative)4c 0.3 » it B %7 S| i % 12 (7 4c o
@ § o (negative)4r 0.8~ ~ % § o (strongly negative)*r 14~ - & F{E € % 5 0.2
BEBRFLHELF RS €2 F e (P4 RS 5§ 5 (negative) B ¥
- X4 084 A B gl LA ) F R EE R HACBFEES A ¢
Bl AR pRR Y F AR RIE TR B E oD Bl e e
B g IR e AT R G R et g ok
R m_”w; gL FaEF BT > XA &L PR LA Sl
Fogzrpdl o r b TEr > RALR Y o KEF TR R

=

>z

T

2 8

v

¥ BERT §5 1E Rl A2 fHassgnlis o € PB4 w ¢ ST 5 enih i 7 o) i
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{. # (negative) 4 § (angry)
# 1 (irony)
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>R R AR ESE

ARAEERT PR HFEELFHE > 2 RFHE T 2 Rindcig® > §

Yok @IS B L - R R EE RRY VTR

7 e o
I RHERLTSRE
T A A 4 B B L
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SAIERRE 22
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> k2 g pges &3
Lo R AEHET T ERARREIEROPEE S pFiE o BT H R ¢
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EE - BB TR

"?‘x

NoE 5
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REKET AT E S @ M40 %

L REBFREA%

Bl Lo~ sz BRI E
2. RERER
o HEEE

+

Z= AT AREBRERS Y g AR

% - ~HHEB L

T % % 5 (0S) Windows 10 64-Bit
J 22 % (Processor) RTX 3060 Ti /AMD-5600x
2z 518 (Memory) Ram 32gb

FoAF T kB BIRB AR 0 & 7 Python ~ Tensorflow ~ BERT ~ BOT

ST H MR A o

20N BOHIRE A

Python 3.8
Tensorflow 1.11.0
BERT BERT-Base, Chinese
(12-layer,768-hidden,12-heads,110M parameters)
BOT LINE BOT
3 SRR
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