Finance 4:fili, 2020, 10(4), 366-373 Hans i
Published Online July 2020 in Hans. http://www.hanspub.org/journal/fin
https://doi.org/10.12677/fin.2020.104037

LSTM Based Quantitative
Stock Forecasting

Jianqun Zhao, Qi Zhang, Yue Wang

The College of Economics and Business Administration, Guangdong Polytechnic of Science and Trade,
Guangzhou Guangdong
Email: 576261250@qqg.com

Received: Jun. 25", 2020; accepted: Jul. 9™, 2020; published: Jul. 16", 2020

Abstract

The features of stock are usually mixed with many noise data, and noisy data will affect the pre-
diction accuracy of stock prediction model. In this paper, a quantitative coding method for stock
data features is proposed, and a prediction model is constructed by using short and long term
memory network to predict the quantified data. The data set uses the Shanghai and Shenzhen 300
component stocks, after the stock data quantification carries on the 3 classification rise and fall
forecast. The experimental results show that the prediction effect is better than that of the original
data after the stock feature is processed by quantitative coding.
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Table 1. Overview of stock data sets

= 1. REBESEHR

B I 6] 25 AT RE(R) A (H) & S ACTISS
IR 300 2013~2017 1215 160 194,400

R 2013~2016 971 160 155,360

LR 2017 244 160 39,040

2.2. REMFHEEWL

FEVIZRI P05 2 AR B AENT, thT#% RUBER 2 B ia) . 2 "l UREE R R K m,  HL
SRR ZRIBOR, X BUR R ME DL SRR BR B (A s Rk 2z Ah, SRS 5 52 S A AN
RN, AT IE K BR A SR IR DL, S BN TR B A 1 PRS2 R AR 3R vy e o S P e o A
TSR0 5 [F) T M 5 R, SR PR 2 ST R o RIMEAS SCTE A A B R e SR SR I, g St 4 R
SRR AR VL AT SR, SRR R SR R BRI M S

FERALZ AT, ARS8 73 JBe S5 0 I il R SRR A AT S e . 3R7e T SO R R R Bt | — 5
Z H BRSO SH e R e o X REAERE RIS I () 4R BE b m] AGRKFEE —

BRI, R URCSRR 5 4R EAE OB A B ME Z 181173 4 AN XA, AR B = MR s o
1~4o SRJEALIEAENRFALAE BT RO DX 8], R g i DA otet I F S30fE

% 2 RJFURRIIR > B SRR e R, 4 3 MR AR BRI VAT AR T )5 AR IE R . 0 AT AR
H, fELdELATE, ER-IEBLE, bR E SR FE NI Z RO 7o R, X [E
— RS, HKBME R BT R, BB U, AR T L e S A .

BRIbZAh, BRI A R BRI 4 B8 AR, ERAERERAEBRIZER, TR
P R fe AR A — AR BT, Rk B, ORISR g bR, IXREEE A
EREE S Ul/E R R iDL (S L

Table 2. Partial stock characteristic data

® 2. B IREFHERE

391 T R e AL IR Bk kR
2017/7/24 10.82 11.06 10.95 10.73 1,692,664 0.55
2017/7/25 10.98 11.27 11.0 10.95 1,954,768 0.46
2017/7/26 10.92 1118 10.74 10.66 1,697,412 -2.36

Table 3. Some stock characteristic data after quantification

3. BEUERE S IREHERE

H 9 FHAEA ey e iy AR AL Bk ke
2017/7/24 1 1 1 1 1 0.55
2017/7/25 1 2 2 1 3 0.46
2017/7/26 1 1 1 1 2 -2.36
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Figure 1. LSTM unit structure
& 1. LSTM #4549
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Figure 2. The rise and fall range distribution of the data set
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Figure 4. Stock forecasting model
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Figure 5. Model 1 loss function variation
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Figure 6. Model 2 loss function change
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Table 4. Performance of different models in test set

4. FRIERANREHRT

AL R A= K H [l 2 F1
A 1 0.56 0.58 0.49 0.55
A 2 0.53 0.52 0.41 0.46

N7 DAL B B SRR, ASSCN AR R AR LA 1 3 AN, 20 AP _E At
DRSS -

Table 5. Performance of single stock on Model 1

5. BAREAER 1 LrRI

JB SR % K FERCIES F1

THRERAT 0.60 0.72 0.49 0.56
FE IS 0.57 0.39 0.35 0.36
HHE TR 0.56 0.41 0.33 0.34
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Table 6. Performance of single stock on model 2
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