W34 Hmo
2020 4£9

HHIER SRR

COMPUTER TECHNOLOGY AND DEVELOPMENT Sep. 2020

Vol 30 No.9

0 51 &

CStock : —H 45 & #1E) 5 B 4 Y BR R £ T FUl 4= 2

Ff?‘-ﬂ-“‘-:fg: m'l
(Fird K& it EMFR, 5 §F 210023)

B SRR A MR AR BN P S T T DR S A 2R S O R g SR R T
B0 I B RY CStock . 55T 00 IR 578 Ak 34 T 0 E 2R A L CStook ASE 7065 2 7 ) 00 JEE 4 5B Sl 47 I, AN T
e S AT g o (7l 5 B o () e R 0 425 L R s R T ST e (G B . CStock HETY 9y BILSTM #0 CLSTM iR
Rt BILSTM PREER I 52 = B BCHE (4 DG A0 CLSTM 0 387 6] £ 65 S50 FiE b AT o 5 0 b B, g 20 000 3o 4 6 5 V2 S o L0
o FEsEEURL b, S N S S A A AT S e G B A 2 A IS LT i R R S T RO M. SRR R R
O TR B R - L R I A A R SRR AT O R RN SRR W, CSiock BERIYE - SEREAE bR A8 HE AT 0
Aof I S e A T T

SSRRIR]: [ SR R 2] LSTM G BILSTM  CLSTM
FE S HS TP9I ICHRFRIRED - A
doi 10,3968 /). issn. 1673-629X, 2020, 09, 004

MEHRS 1673-629X (2020) 09-0018-05

Cstock: A Stock Trend Forecasting Model Combining News and
Stock Price
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Abstract: Stock iz a high-risk. high-yield common financial product. In order to better conduct stock investment analysis and obtain an
effective stock selection |'rlun.h'r' propose a model CStock for !Jl‘rt|'l|'[il'|g the stock trend. Cumput‘tﬁl with the r:\isl]'ng atock trend forecasz—
tiu;: mondel, the CStock model combines news and stoek pri[:t: trend o |m.1|1'|'l_ It not mah' makes use of 1ml|i|1;: data in the stock market,
bt alse takes into aceount the influence of financial and ]m|i1i(:u| news an the stock market. The CStock model is m.'lin|!' constructed |1_\'
mixing BiLSTM and CLSTM. BiLSTM extracts the relevant characteristics of stock trading data, CLETM integrates and processes the
eontextual features of news, and [inul]}' oulpuls the ||rm|1'|'lml resulls Ihmugh the E|J|]_r connectd ]u:(l.-r_ In the l-.xpt'n'ml-.nlu] maodel . the
stock trend 15 tested ]l_v a classification method , which is classified as the pmhull[]il_v of stock rise and the |1mhuhi]|'|5 of stock decline. The
US stock data is used as a data set in the experiment, The prediction resulis are evaluated by the accuracy rate and the rate of return, The
mel'n'mlmt shows that the CStock maodel can H.t:t'umllrh—' and l'ffr:t-lirl']! Em't]'u-l the stock trend W a cerain extent.
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