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2.School of Information Scien

Abstract: Aimi problem of vague sentiment orientation in financial texts, this paper proposes to design a

financial text sentiment aft@lysis model based on BERT (Bidirectional Encoder Representations from Transformers) and
Bi-LSTM(Bidirectional Long Short-Term Memory Network) is designed. The BERT model is used to construct word
vectors, and the whole word masking method is employed to better express semantic information. To construct a
financial text dataset, a theme crawler based on a deep learning model is proposed, which uses BERT +Bi-GRU (dual
Gate Recurrent Unit) to determine the topic relevance of text within a webpage, and calculates the topic relevance of
the webpage based on the text classification results. The experimental results show that the proposed sentiment analysis
model achieves an accuracy of 87.1% when performing sentiment analysis tasks, and can effectively analyze text
sentiment orientation.

Key words: sentiment analysis; theme crawler; long short-term memory networks; pre-training language model
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Wit EL I D AR A AR B & AT R R B0 T LA i
P 245 WG 4 4 A EEL I 5 B, T A M ATl sh i AT SR 5. 2
WG F I, 2% BRI (5 8T LA SE i 5 B WA B8 0% 3 1 B A T
A T X BT P2 A B RTTT  9 4% SCAS B 1 M s L
it R AL G BT 2F 7 1 ME DL VE R 325 300 SCAS b B0t 09 15 &L
PR M2 5 AT T s TR B 2 =) B R R i 40

ASCHE TR 2 > 2 E L, A 4 Rl SO A 1 b 1 B
A5 TR T 2470 4 Rl SCAS I SRR T B 4 1 25 15 >R A H AT SC
AT AT FH AR i i 69 BERT B8, IF 454 Bi-LSTM #%
R, F 5 T IR A S O IR & R 5 .
1 #HX%FZE (Related research)
1.1 FaEeHh

FE RN R — R AR IR SR W 25 TC 1, B BT bR gt — WR TR
E N 4F (Uniform Resource Location, URL) 4 5w X F
A AR S LT, 3 BUIE B DA X 6 Fh - URL JF 4R, 4347 0L
TAJFPE I 3 R OC B S B 3 B i — M9 URL £ 4
TR S BE TR FEUE R A AZ OB B T e AR
WEAR G- R B T2 AR 5 9 I T R 5 3 TG O A R T,
BT, EEUCHE H AU TR 20 AW T
DU HEe 235 P 45 2R SR WS R 3 N 51 48 O s

T ity A AR I T I I s o5 ) — R URL 7RSSR F1iF X
FRAE_L B AR , B3 T — AT URL B4R 1) 2 RC H L B
A T T I 2 BRI AR DG . T ARET 455 6 PageRank
BIEN T EE R T — R EE R E, FEEEN

HEHE G . 2 W T 180 5T 0E S 1 2 5 5 e e
0%,

I T HEE BT I8 AR R 2K URL E@ﬁ]ﬁii&ﬁi%

TG T A B EAY 19 38 2R R (7 1) 450 g == 1)
TN AZ S 38 2 X >4 i U B T X S P 25 | (OB 45 4y
BEAT AT A I 25 I TR 7 5 A OHANES %+
SR B 5 Sk A R TR o Bk P e MR [y 2
FHIRH) Web , {7 & i 38T 5 i1 5% £ R P 1) 2 1)
RN SORLLE R R AR 25 R R OCETHA
B, VAR L B TR 27 ~) 7 Seg - 1 5 R 1 45 26 B0 ok 2

AR A AT R B TR SCAR A 2 ) L 8 B B R TS T
EH R R, Word2Vec, BERT 45 37 4 1% £ R } TextCNN,
LSTM %545 2 1) 42 H R & B Al R b 2 78 17 43 28 1 o 1 36
HUAN 2505 R0 I 13 2 ) BTG5 5 L 32080 7 20 2K i e
Pk,

AR SO T2 B s Y 3 A 6 ) L 1R 2 — A SCAR 43
253, 1 SE A T A 56 1 SCA BN 4 IR I A A, LR A
PEBLAL 3 R BT H SCAS 9 3 BEAE 56 L T R BT 3 A
K.

1.2 XKRBERSDH

T 35 U0 00 SCAS I S8R 43 BT 7 95 RT 43 oA 35 15 ] L L
A TR S =2,

ST A L ik R AL G B B AT O % A A R
T MR R R T AR BRI R I B [ AR A U

#BERT (4 i fiff te 1 3 ol 7 353 ) 2L
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PRAGM R T R D SO R B, R ST L 43T 7
WS B (FL VB R A AR AR T A AT A ) L R
I LA ] M B B0 B A1 L 9 (3 I i

g,
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) 8B A gy e s
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2 FBH LT (Design of theme crawler)
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Tab.1 Corpus sample

i Frid
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Tab.2 Sample of original text data
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Tab.3 Pretreatment results
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Fig. 1 Model structure
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3.2.1 BERT Ml ZER KB IR B ERT

AR M RET AL K2« i GEF AN B BCA L5
5 R ATH SO 2R S R BERT-wwm-ext 4F 9 Fill Zr
A1, MILJRLG BERT #RL, BEHLAE 35 1520 M F 34T B F 3
i, BERT-wwm-ext 5 A1 % F§ WWM (Whole Word Masking)
T5 % A4 Al — 18] i AN AR a5 DA T T 00 A3, 38—
He bR T RIXE R SCHYBR AR AE ) RN U B X
D1 Y i SCIRYI G  rh i S 38 B 1 7 s L B Sl A i S
ANE ST HTAT 55 B A4 i (3 UM BAR B Rk e T .
3.2.2 Bi-LSTM 2 EU4H1E

RNN # H TR 27 511 22 18] (19 4081 56 2R , 38 2 4% 1 — 4> b
LT AR R IR — A 2T S AR T 90 18] 04 Bl A B
SR AR 3t e vl R 8503k A2 5 S006 18 T 2 Bl 32 43 AR ()
B, TR AN, LSTM i it ke, & — R4 ik iy
RNN, BAMARR T T L. 4 LSTM 4Gl & =4 17]
A—ANCAZ T, LSTM 4R 25 e 2 fiw, LSTM AT LA
ARCAL BT SN N AR SRR RSP R B 1,

B2 LSTM @afnsH

BN E T tanh J2BEFT AR, IEH5 T R H 1T A H AR
e , T ZAMHCIRZAS AL A5 2 1 1T S B 40 A 2R (6)
v
o,=c(W, * [h,—1,x,]1+0b,) (5)
h, =0, ®tanh(C,) (6)
55 SR 43 BT RS SR JH L] 1749 LSTM R 4 , 55 45 77 16] 4% 4% 1
R I AGREAS 2 0] &, R AR R 1T S0 UE B AR
o, il BERT X745 547 2 1, O K S Hh e AR W 4y
Bi-LSTM W% A . Bi-LSTM 78R [ )7 1 iy B2 Bt friT &
LGP TT [0 BT 45 SR B R
3.2.3 BRItE
T /6K Br LSTM i ) 04 47 AF ] 24 2 — >4 3% 42 = (0
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4 SRIGEER 44T (Analysis of experimental results)
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Tab.4 Dataset distribution results
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Fig. 2 Cell structure of LSTM &
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AT TR . EI RS % C, EHHR C,.
BHRKIRE C, o 5 f, TR EEE T f, BiE N E RS
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4.1.2 iFHHERR
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Tab.5 Model parameter

S8 Bl
i) i) A A 768
Bi-LSTM 4 i 768
Learning_rate 2e—5
dropout 0.5
batch_size 32
epochs 10

4.1.4 GRDW
A6 UEAR SCHIT 6 A T 91| A AR 5 o A i BB AR 1) 7 5K
P A SCE T 2 4] TSR T, X EE R AN R 6 TR .
Fz6 LIEFTLLLER

Tab.6 Comparison test results

Jitk MBI/ % KR/ % HARE/% F1{E/%
Word2Vee+Bi-LSTM ~ 82.4 80. 9 84.9 82.8
BERT+LSTM 83.9 82.5 86.0 84.2
BERT-+Bi-GRU 86. 1 84.5 88.6 86.5
BERT+Bi-LSTM 87.1 85.1 90.0 87.5

H SC B 25 BT 1, BERT+Bi- LSTM #B S T 87. 1% 1Y
WERRZRAN 87. 5% (9 F1 {8, A Eb Word2Vec—+ Bi- LSTM & 1,
TERfREET T 4. 720 KE0fREET T 4. 2%, B IKIERH . BERT-
wwm-ext B RE A RO SCAR S B AL i Rik . M H
BERT+ LSTM # #!, BERT + Bi-LSTM % i i 2% 42 F}

3. 2%, LB LSTM REME 5 4 b $2 B SCAR A,

Lt
Bi- LSTM F1 Bi-GRU 78 (g 2% 5 6] %41 . )R 4% GRU 4 U% .
B AT B8R P EA —E2M# Bl ??ﬁnﬁ%ﬂﬁ
Y 4

RIS T
4.2 FHERARXWERSH
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SCAHAE T TN ZR1 I B 7, — g HEPNII) 32N
I AESCAS R T S 2 1) T S
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500 MBI 5 000 4854 . 9 T 3P4l FERRIE de rhSeA A
AH G BRI WA (M R  ASBIF SR R Y 2R L A 0l 3 RS B R LA
BB 100 255040 i AU B AR R PPN 867 . BERT+Bi-LSTM
F1 BERT+B-GRU (L Ia 4551 03k 7 iR,

®7 KEILER

Tab.7 Comparison test results

iR HEBIR/ % KR/ % AR/ % PR/
BERT+B-LSTM  87.3 86. 1 87.9 L9
BERT+B-GRU  86.5 86.1 86. 6 1.3

Z3t %) R, R4 BERTHBi-LSTM B #ERAI 2 [, BERTH
Bi-GRU & 0. 8% 0T 5 A 4% 3CA Y #1531 if [H] Lt BERT + Bi-
GRU BT 0.6 s, 3% F4 F K SCAEUR 1) I TUR L, A
R BE R, R, 76 328U H iy SCA HH 36 1 0 W7 o,
BERT-+Bi-GRU # A GEAE A5 B AT ORI .
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Fig. 3 MarKet sefitiment visualization application
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