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Abstract
Internet financial news has become the primary source for stock market investors to obtain stock-

EF|I M R, DR BT V-A 5 B SR BT AT R D). 4R, 2021, 11(6): 535-546.
DOI: 10.12677/fin.2021.116058


http://www.hanspub.org/journal/fin
https://doi.org/10.12677/fin.2021.116058
https://doi.org/10.12677/fin.2021.116058
http://www.hanspub.org

A

Bl

’ %

&

related information. Investors’ sentiment fluctuations triggered by financial news will inevitably
affect the stock market. Fully mining the potential sentiment information of financial news can
provide better insights into stock market trends. However, prior financial news sentiment analy-
sis methods often consider single-dimensional sentiment, ignore the diversity of news sentiment
information, and cannot quantify the complex sentiment, resulting in a lack of sentiment informa-
tion. Therefore, this article aims to use the V-A multi-dimensional sentiment divergence of the fi-
nancial news sector to study the stock market and improve the accuracy of stock sector price fore-
casts. The CNN-LSTM combined model is used to extract the local and semantic features of the text,
and the continuous-dimensional V-A sentiment computing model of financial news is constructed,
which quantifies complex sentiment from continuous multi-dimensional and expresses sentiment
information more comprehensively, so as to accurately compute the sentiment divergence of fi-
nancial news. After combining sentiment divergence and stock prices, the stock sector price pre-
diction model is constructed, and GridSearchCV is used to optimize the parameters of the SVR
prediction model. The accuracy of model prediction is further improved. Among them, the average
absolute error of the manufacturing sector is 0.2030, which proves that the V-A continuous com-
puting sentiment model to measure news sentiment can effectively improve the accuracy of stock
prediction.
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SR . Jheng-Long %5 A [3170) FH I 5115 R R0 e S Ae 3, R IO0He T 22 38 I 17 SR v A I B B AR 4 N T
DUREAE, o] DASR s 0 A A 52 . Bollen S5 [91 M\ 6 A4 FE XS K & (1) Twitter ¥ S EAT 15 B b, @it [ =]
VETASER A3 22 D9 8% SO T B S Fe B A . AT, BESE B FEIRNITER N, KB T 3B ELAH P & (R 45 2R
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Figure 1. Framework for stock forecasting based on sentiment divergence of financial news
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Figure 2. Frame of VA sentiment intensity measurement based on CNN-LSTM model
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b v A AR B 4 BT i S BRI I K A8 4K [21], Siganos S IR A B 5 e B S IEMISE, (H
RN B S A U AR i 155 1 S B AR AT BT 9T o AR SCUABSUEL T 08 7% 3 T 175 080 M S5 AR A A 4 5
R S 5 ) A DR R 3 A A SR TR 1 I S M. VP2 2% KL SVR BRI TN SR i R 22 5
AN, RIS, SVR AT DR peft G 28 [ 4R P 28 560 DA e MU I 2 BUR I S5 (0 B0, AEARZRME . /IMEAS
RISt AR AL 3 [22] o 25 & BUA SO TR R S N B AR R MR SR AE, IR SVR M2 i S 73
TR, S L R 1 R B S BRI R R DR R
12 HE 20 58 A8 BAEAN SR 1 9 24 AR EE AN A% o RIS Jheng-Long 45 A [31K BRI 23 1 175 /8%
TEARAB SR AR AR NTIUARFAE, 7T DASR e T HERB L o DRIk, R A — DA 22 T A A5 1k 7 B2 DOS, 5
JBE SR PLAN #% Stock, 1F MR AEAN N BB R I 25 . I ZRAE A KIRFAE N X, = DOS;, Stock; » i Hi 42 &
y, =(Price,) . SVR THIMBIALEIL AL EBST x — (), HFARLRME I RAEA L ac BERE 3 70 HERSE 2 17 A
NENERF, JaAE FERAE A RIEAT SRR, o ERFAIE 2 (] (R 2R PR O
f(x)=we(x)+b U]

o(X) NARLAEBRES, w B, b ABIME. SVR TR BT I I A A A R 8 1 1A i 22
B/, AT BLA R AL ) AL

1 m
min 2wl + CX . (F(x)- %)

sty (WTqa(xi)+b)21,i =12,---,m
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B 2E 2016 4 1 H $1] 2016 4F 4 H 100 208 [ 38 VR i 708 I, 3] B0 23 3 42 Hh B
AITERIEAE, it 4820 4004 203 1H 508 -

V-A YR RO I BB R BT R K E RS T A B S 5 A rh ST 4 R AR RGE R
(Chinese Valence-Arousal Words, CVAW), FH 37 [ A1) 7 3CA 3L T 1509 4%
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¥ 7 B TR FU O

(2) et TiabEt
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i P Ao SE R jieba 3] FRURE B AR 2R — FR A o SCR) 11 3 el i A . L oad ug s e, AR
AT A A R e T R e, BAETC R SGRNE . RRRAFS 4, St 1928 ANl

(3) W& E AR bR %

ATV R 3R Pkt 5 Bt B R i B R 3R 2 —, AT AR R B B AR KRR FE e I AT ML ) XU [ 2]
JE S T A AR R B R 5 3 [ R IR ) 6 R AR i o DRI, AR S DA e A 7 6 BBRT i S A B e 51y
BEAT TN . 308 FHPS ORI LTP i 44 SEAR UM BOAR R R A R 48K, 2 43 AR bR 2E . il A m] 448K
o3 G5 FORE R, g e SO TRTRR SRR IV o 7] A BRIE AT 73 i) o LTP S iy 42 SR SR Ny
N4 (Nh). #44 (Ns) LA 44 (Ni)o BEXF “ NI S 1 BRIk — 2 iR, MRS IRVE A B, & sk v a]a] |
SEAA G AR 2 BB SRS BRI 4, TR T [ 2 7 A4 R TR E AR PR %S . b ATk gy
N I 423 1) 5 e SR B R 93 D9 19 MR

4.2. MEFE V-A BRI EERLER

(1) V-A TE AR 545 R

N CNN-LSTM #4524 78 234230 8 15 SCAS Sy 304 1E S il A 2., 3795 Valence. Arousal %4 4
THEE, R V. A PIANGERE I 45 R G, 130T SCARIE BROREE, Hor 45 Rk 1 s,

(2) HrEIEEy BT H LR

SORAS I 220 [ SRR R, T8 U — A B R R (R IR AR AR S Y A R BB VSR, 1]
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Table 1. V-A Sentiment intensity computing results of financial news
=1 MEHE V-A BREBEETEER

NewsCode News Valence Arousal Senti
K==, PHRARRIERAEE,
1 N S 4.4163 4.3249 6.1894
XM R IR T TR e
R KR e EAREAA,
2 . — . 4.4094 4.2809 6.1582
FIRMR R A 15 3R H B S AR A e -
THTE S VRIRAS BN, Hik R 20 67%%
3 200064} P |- 142 4.3905 4.3333 6.1799
FRE o R S5 B L 2
4 v s v e 3.9712 4.3633 5.9120
CRFHE— DGR 5 45 Bt -
2015 4F, WARMIHN L],
5 N N IR 4.4683 4.3448 6.2435
TS HEAKRFFEEME, Sa. Pl E--
Table 2. Sentiment divergence of financial news
2. BRMEFTERSE R B
PlateCode PlateName Date Senti_Div
il ik 2016/1/4 1.2310
C il ik 2016/1/5 0.1074
C fillbea4 2016/1/6 1.7674
c il ik 2016/1/7 1.3598
C illig b 2016/1/8 2.2841

4.3. MEFEBRERS BRI RFEH RTINS R

JE SRR LTI R R A, W 17— SO A 220 0 [ A 15 I 4 03 5 T — B I AR A A AR B R N,
FH GridSearchCV #fi € . SVR #AI (1) 24 C 5 gamma, LA iZ I A SEARCERTRIIANAS o % 43T 54 0t
R ZE(MAE) R 77 1% 25 (MSE) iy 2 TR Y A4 R o bl TV 0 30 P o A2 A SRR TR, 7R mT AR B 14
I, 5 RE 0 TR BT I8 A SRR RS S o S A B S T 1 S i, W IR

SIEBG DA C AR R 1] 32 Ml Sy 5] T e SEAR B A%, X 2016 4F 1 H B 3 F BT I K K SEAE
4R, 2016 4 4 HIEIE NS . SVR TONBAY @ Mg R TS5 G3 0, [JRRNSHAE
{C:1.0,gamma:0.1} . J34h, NIRUEA SO 285 I 5 B Y A Rk, S BE AR A e T Bl . 4nk 3.

Table 3. Comparison of the Prediction Results of Plate C
@ 3. IR C REME TN LERXTEE

e S TR o A\ MSE MAE
_ Train 0.5085 0.5161
BRI B + BRERSBA o)
Test 0.2030 0.3829
\ o Train 0.4272 0.4906
TR + RIS e
Test 0.3344 0.3849
o B Train 0.6521 0.5573
HAR S A + 2246 b rens)
Test 0.2425 0.3832

i
;é

DOI: 10.12677/fin.2021.116058 543


https://doi.org/10.12677/fin.2021.116058

*
G
n

Continued
\ Train 1.7220 1.0417
TRy B
Test 2.9512 1.6322
B Train 0.6649 0.5651
s =g
Test 0.2515 0.3703

[EDSTAF AT V-A 175 B R TS0 I 4> SO IS 43 080, 4 2 P e S T A 284 , 4R /1) MSE . MAE
79 0.2030+ 0.3829, X bt FCAR T 75 i A B AH KT 4 &1 : [ES]A Jheng-Long [3] T 2012 454 48 i (1) ik
TR SR TS, A SCK V-A S B AVE NSRS HOIN LA [TEDS] S R 1 A A i Ja 2 75 w] LA
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