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Forecast of stock opening price based on fusion of convolution
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[ Abstract] This paper proposes a research method for stock opening price prediction with stock price and related news data based
on convolution and recurrent neural network model fusion. In view of the issue of stock opening price prediction, after taking into
account the timing of stock-related information and the persistence of news influence, the news data is first converted into a vector
using vector representation, and then the convolutional neural network model is used to extract stock—related characteristics of the
news text, and at the same time use neural network model to train the stock price data, and finally combine the news feature vector
and the vector obtained after the price training recurrent toger the low—dimensional vector representation of the stock information and
input it into the deep neural network, using the deep neural network forecast the opening price of the stock. The data used in this
experiment is the US stock Dow Jones index and related news. The experimental results show that the method proposed in this paper

has obvious superiority in the forecast of stock opening price.
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Fig. 1 CBOW and Skip—Gram model structure
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Fig. 2 LSTM network structure

B TR AR S Z 5 BT LA T )
@E’Jfr’ﬁ,/\—tﬁﬂ?.

0, =c(W,* [h,_,,X,]+5b), (5)

h, =0, #tan h (C,). (6)

Hr, w, W, W, W, &4 A ARFEAE, 7 i
ZIF, f, Fommial ], BRI - 1 BRI 0RE
BRI 20 i, FoRBAT T 2
BAEE, HA X, B ARRIE, 0, #nfti],

AR T 2 A M, C #a
RSB b, Fn i tHRFAE b, RS HT— I %]
FUZ A AL, @ DL RIS, LSTM 55 R 5t
T AT SR P A 8 Rk T] e 500 R R o H HAT R
WHCIZH e

2 tREIE

ARSI BB AL JLF CNN A LSTM 1 fil
G, AR DT A o m B R AT, 2R
T [ 50 5B , T A S X B S A A ) 5 i
HAFEM:, 428 % B LA AR SCR A CNN Al
LSTM A Il 26 4 i B BEAE R B RUAE SR 4 ] 3
B .

AR LSTM  REEFRECAHT AR ZREMG 4551

WHETR
o i

CNN

& HHTIH
Kt

B3 ETERMBRGENENREFENFNER
Fig. 3 Stock opening price prediction model based on convolution

and recurrent neural networks
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Tab. 1 Experimental related parameter settings
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Fig. 4 Single stock price data experiment results

M 4 528 JEn] DL A H L AR B T {8 A
FAAAFAE— R (2200, 3R 153 BRAR, TR0 (535 3k
T HSH;

(2) FLUCH R AR ST 3 14 73 < R R A
& FIRR ST T B | 6 T TR B 2 >0 9 I S O A Tl
W, AR SE5 F 2R PR AU AR BT H A B T,
LSTM A5 %) F5000 175 150 S 75 D0 5 — 114 i A L
ARG RmE 5 iR,

18 000
17 500

17 000

Price

16 500

16 000 Ground Turth
Prediction

0 50 100 150 200 250 300 350 400

RMSE: 240.19255639947514, MAE:198.33494858238635,
MAPE:1.1384400051927723

Es5 EFERMHEMEZENBENREFENTNEELER
Fig. 5 Experimental results of stock opening price prediction based

on convolution neural network model fusion
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