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Stock Information Mining and LSTM Prediction
CHEN Weibin', LIN Yizhen®, WANG Zongyue®

(1. Informatization Center, Jimei University, Xiamen 361021, China;

2. School of Computer Engineering, Jimei University, Xiamen 361021, China)

Abstract: Predicting the dynamic stock price is a challenging task under the influence of economic envi-
ronment, political policies, market news and other factors. This paper focuses on three ways to predict the stock
market, and gradually increases the input dimension of the model for analysis. First, It was considered that sin-
gle dimension input( closing price) and adopt five optimized forecasting models, autoregressive moving average
(ARMA) based on time series, grey prediction (GM(1, 1)), back-propagation neural network( BPNN) , support
vector regression ( SVR) based on improved grid search optimization algorithm, and long short-time memory
(LSTM) based on Tensorflow. It is found that the Tensorflow based LSTM is significantly better than other tra-
ditional machine learning algorithms. Then, the input dimension of the model is added to study, namely, 13 in-
dexes affecting stock price are used as input of LSTM model to predict stock price, and the mean square error
of the model on the training set is 0. 1438. Finally, the input dimension of the model is further increased. 14

features extracted by news mining and 13 stock price indexes are combined (27 dimensions) as input of LSTM
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model to predict stock price, and the mean square error of the model on the training set is 0. 1045. It is conclu-
ded that the 27-dimensions model is more robust than that of 13 dimensions.

Keywords: stock prediction; long short-term memory neural network( LSTM) ; regression analysis
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AV AE 2003 4R B TEEH R ik P T TR AR AL ARMA ([ [BJPEERR) o 4RI, ARMA BB
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ik, BEEDLARF TR, BRI AS T ARG N TR M2 BAT RAFRPERE, AT LA SR T 4
AR A, A S A AG IR M4 (BPNN) 2 | Fefi ik pRBep e i 255 45 Qiu 251 AL 5k
N TN AR | T H A BT e BUAs L 0], Kumar 557 838 B B0/ N AR S0 4 ml i ) 7751 43-f
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Hi Google JF & HYFFi N T4 BEJE Tensorflow 2k | — N RIRHL s 2% > 045 O AP Tix S6 53 1k
PR IR . AR RGEFIH] LSTM 255 TensorFlow IR =] | MMEGE AR Hr b i 5L m LAkt . A F
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s SerE

1) fefbeds £ 1 FEKABLREEEREHEA

FHIREARE RN BE ) kB iR B2 > I 2k Tab.1 Time consumption and average
PRI O SRR PEREIEA T B, B 245 0 0 3% cost of diferent opfimizers
1, TESSERFFEH, Adam PRACRSAACIEEE RN gy FOBIUNIZRTSINI P22 1
B HADR A TRBEHOPERE, TELZEUNEE om0 e
LR Zr R I T B IOPERE, #1356  aqam 031 0910
KW, kBRI, RMEH— CPU  Adadela 0.336 1.187
4T TensorFlow Y25 RATFE 0.3 s (AELFEH] RMSProp 0.331 0.945
G Ak Bt RSS2 st E) ), (A GPU gt —  Momentum 0.316 1.010

SBRRFHEIE , Adam FO FE RO, TCEZIBEILRIE TR, 1 T 22 1 220 4 1 9
RIS, T Adam HEACRT, JEAATRBRE NS, BB TR, N
AN, UG 3 1 Adam (LRI TN BRS A MA T, HILRHIA5E . X T AR
B, Adam 1 BLAT RS R R 25 ) LA
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RO AEICEIEIRY ML, 51, — /NI I 360 e 2 FBOR SRR R M. 2 SR T Tensor-
Flow S Adam (AR 2R 25 R OSSR ™ . T AT BEFE 25 0. 001 51 0. 005 2 i o
SRS R LA BT, L, ST 300 0,001, PN ERG L ISR ARIE,

http : /xuebaobangong. jmu. edu. cn/zkb



55 1] PrRfbul, 25 B EIZH8S LSTM it - 387 -

3) LSTM B&JZ%
Wit BINZ)E LSTM, $2BUE 2 LSTM BRI A S B, 153524
PGB, BUS T RGARCR, SCias L0, H)2 LSTM AR ) %

x2 FIRREBXMALLE

Tab.2 Comparison of learning
efficiency and cost

PRI 0.6, 2 7 LSTM BUR I REA IR 5Bk 078, fH2, 9% o PRI
T tan h BORLR, LSTM BURER 5 B2 R EIHELIIE X0
PRI, QNSRMEARZ S, AR P AR T A R S, b T 3RS 0.000 05 0.91
THERA A T ZE SR, A DA T B2 32 B B TS B N 45 A TR R, BE 0.000 1 0.89
PEEAIE S 2 A0 LSTM B8, R, ASCRA 2 2 W& E LSTM 0.000 5 0.89
*ﬁﬂo 0.001 1.05
0. 005 1.63
. 0.01 2.05
2 KBREFEBEIKRE 0.05 2.21

2.1 SmARME 13 NMERETE
RS CRARE, TEHL 2015 4F 1 H 2 2019 48 5 A & SO H A H  aCH . misc g
B s, dEA . TR SRR . A HRERA . BT E . W E. A dmiETiE. A di

W TE_PIT, T35 13 SR B RFE bR 8, sk 3 s,

F3 MBI 13 N IEFRELE (000001 )
Tab.3 13 indicators of affecting stock price (000001 )

391 WACH/E RAH/ R RAERE it WERPE dngges  BIEER

Date Volume/Share  Turnover/Yuan NST CP/Yuan (TTM) (LF) cqﬁity /Share
2019 -05 -17 96 500 085 1208 569 909. 00 48 837 12.44 8.3213 0.9399 17 170 411 366
2019 -05-16 63 490 143 816 740 932.00 32 403 12.85 8.5956 0.970 9 17 170 411 366
2019 -05-15 110 398 851 1417 050 112.00 48 666 12.92 8.642 4 0.976 2 17 170 411 366
2019 -05 - 14 118 259 819 1 477 008 362. 00 58 647 12.49 8.354 8 0.9437 17 170 411 366
2019 -05-13 74 191 779 916 213 719.00 40 192 12.30 8.2277 0.9293 17 170 411 366
2019 -05-10 119 239 908 1 489 975 624.00 63 150 12.68 8.4819 0.958 0 17 170 411 366
2019 -05 -09 155 715 161 1 904 905 488.00 70 453 12.16 8.134 0 0.918 7 17 170 411 366
2019 -05 -08 97 545 081 1236 655 982.00 51207 12.60 8.4283 0.9520 17 170 411 366
2019 -05 -07 107 265 841 1386 247 078.00 50312 12.95 8.602 5 0.978 4 17 170 411 366
2019 -05 -06 210 866 784 2742 409 411.00 90 280 12.87 8.609 0 1.046 4 17 170 411 366
2015 -01-07 170 012 067 2 634 796 408. 80 72 692 10. 18 9.197 4 1.3955 11 424 894 7787
2015 -01 -06 216 642 140 3453 446 167.70 80 109 10.38 9.37517 1.4225 11 424 894 787
2015 -01 -05 286 043 643 4 565 387 846.40 92 327 10. 54 9.5183 1.444 2 11 424 894 787

A AdERA/ AWt VOBWE/OE  AMETE/ T A m (P PR

Date FFE/Share MC/Yuan CMV FCMV FCMV_PIT/ 7Tt TR
2019 -05-17 7220 554 960 213599917 393.04 213 599 917 393. 04 89 823 703 702.40 89 823 703 702.40 0.562 0
2019 -05 -16 7220 554 960 220 639 786 053.10 220 639 786 053. 10 92 784 131 236.00 92 784 131 236.00 0.369 8
2019 -05-15 7220 554 960 221 841714 848.72 221 841 714 848.72 93 289 570 083.20 93 289 570 083.20 0.6430
2019 -05 - 14 7220 554 960 214 458 437 961.34 214 458 437 961.34 90 184 731 450.40 90 184 731 450. 40 0.688 7
2019 -05-13 7220 554 960 211 196 059 801.80 211 196 059 801.80 88 812 826 008. 00 88 812 826 008. 00 0.432 1
2019 -05-10 7220 554 960 217 720 816 120.88 217 720 816 120.88 91 556 636 892. 80 91 556 636 892. 80 0.694 5
2019 -05 -09 7 220 554 960 208 792 202 210.56 208 792 202 210.56 87 801 948 313. 60 87 801 948 313. 60 0.906 9
2019 -05 -08 7220 554 960 216 347 183 211.60 216 347 183 211.60 90 978 992 496. 00 90 978 992 496. 00 0.568 1
2019 -05 -07 7220 554 960 222 356 827 189.70 222 356 827 189.70 93 506 186 732.00 93 506 186 732.00 0.624 7
2019 -05 -06 7220 554 960 220 983 194 280.42 220 983 194 280. 42 92 928 542 335.20 92 928 542 335.20 1.228 1
2015 -01 -07 4961 088 120 176 857 371 302.76 176 857 371 302.76 76 797 644 097. 60 72 607 982 500. 08 1.728 3
2015 -01 -06 4961 088 120 180 284 839 738.86 180 284 839 738.86 78 285 970 533. 60 74 015 113 943.88 2.202 4
2015 -01 -05 4961 088 120 183 026 814 487.74 183 026 814 487.74 79 476 631 682.40 75 140 819 098. 92 2.9079
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W—RINEAEE, ATERIBUE PLT 14 /NRHE

“day_sum’ . YRGBT 1 X7 PREURIAFER 2 x0T AR A ER 3 x T AnAE SR 1y
IESCRUFRG " 2y IESCRIZSEG "3y IESCP MR week” o JEl—ZJH H ;7 good” : X SCBEEE YK
P 85 1 SOR 8 G bad ™ 33X SRS 24 K bRl 5 1E SCH) 23587 ) S8 ° middle” : 3X TGRSR
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3 XWERELH
3.1 LSTM 5E bt 8 F 57kt
TERE T BT e e S B0 B R, @57 ARMA(1,1) ( GM(1,1) . BPNN, SVR, LSTM
B, B PRICHR 2015 4F 1 H 2 2019 48 5 A MBdR#1T 75046 Fiafk, Bl 5T kE, RH
I\ B TR 2 N GR AR R AR | o B — A B IS T A A S TR 7Y | ARGy L A e TN 4 A
£, BT SLIRIUE, A BN SR SN TE AR AnER 4 PR,
*4 BEBTLE R

Tab.4 Comparison of forecast results of each model

ML ARMA_RMS GM_GOF BP_RMS SVR_RMS LSTM_RMS

Stock code - - - T -
000001 0.117 0. 600 0.79%4 0.342 0.014
000002 0.729 0. 666 0. 822 1.227 0.023
000004 1.906 0. 866 0.796 1.753 0.028
000006 0.070 0. 800 0. 843 0.499 0.036
000007 0.075 0.633 0.819 0.748 0.019
000008 0.138 0.433 0.883 0. 626 0.027
000011 0.167 0.900 0. 800 0.676 0.063
000012 0.054 0. 666 0.877 0.392 0.021
000014 0.073 0. 800 0. 849 1. 065 0.037
000016 0.070 0.533 0.817 0.341 0.022
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Fig.1 The result of data stabilization
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Fig.2 Loss function of training set and Fig.3 Comparison of the stock price forecast value and
validation set(13 dimensions) real value of the training set(13 dimensions)
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5) AT
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Fig.5 Loss function of training set and Fig.6 Comparison of the stock price forecast value and
validation set(27 dimensions) real value of the training set(27 dimensions)
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