Computer Science and Application HE Rl 5MH, 2023, 13(8), 1603-1612 Hans )0
Published Online August 2023 in Hans. https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2023.138159

ETLSTMEZESER R HERN
iES Y T

3t
ZHITE A RSO b, S R

WekE HiA: 202347 H22H; FHEM: 20234F8H22H; KA HH: 20234F8H29H

R

BEMKKERTN —ERLSMIIBRERNESAZ —. FANKERN T EEE KB TREE. +F4&
L, AMIUKEAFZ T ES IR — RN R BI R E AR RN RRE. AT #E—PRI R
EME BN REER T EE, ACRBT —METKEMNIZIZWE N (Long Short-Term Memory
Networks, LSTM) ) i Z 44 BRI R . 3853 LSTMELYE AL 2 B e 2538 IR S PR B T O R 48 K
MIEREER R, BWBRELEMEEEHRBERBEIER, RN TSR A SRR A4 T %7
MBI, S, NE—PRRERMEESEE, A CIPFRBIT2019951H £12A HFFEHM A
R BRI REA BTS20 . SRIR S R H, E T LSTME IR EM S FNER R 1578.2%; 5 &K
B I BORSE, BTN ERS.

KA

FRRT, BETN, KERCIZAEM L% (LSTM), &M%

Stock Price Prediction Based on LSTM
Algorithm with Historical Stock Data

Peiying Guo

Yunnan Institute of Discipline Inspection and Supervision, Yunnan Normal University, Kunming Yunnan

Received: Jul. 22", 2023; accepted: Aug. 22", 2023; published: Aug. 29", 2023

Abstract

Accurate prediction of stock prices has always been a focal point in the financial sector. Traditional
stock prediction methods often rely on techniques such as k-line charts and crosshairs. However,
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relying solely on these traditional methods to analyze the previous day’s price for predicting the di-
rection of a stock is subject to significant limitations. To enhance the accuracy and reliability of stock
price prediction, this study puts forth a model based on Long Short-Term Memory Networks (LSTM).
By leveraging the capabilities of the LSTM algorithm for processing time-series data and capturing
complex patterns and nonlinear relationships in price data, this study uncovers hidden fluctuation
information in historical stock price data, offering novel insights and methodologies for research
and practice in the field of stock price prediction. Additionally, to determine the optimal number of
model parameters, this study utilizes the opening and closing price data of Ping An Bank for the pe-
riod between January and December 2019 as experimental samples. The experimental results dem-
onstrate that the LSTM algorithm achieves a stock price prediction accuracy of 78.2%. Moreover, the
model exhibits the highest precision when utilizing 5 historical stock price sequences.
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Figure 1. Structure of LSTM network
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Figure 2. LSTM stock price prediction flowchart
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Figure 3. Stock price forecasting model
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Table 1. Experimental environment configuration
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Table 2. Performance parameters of the prediction model with input of different amount of historical data (m)
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m MSE MAE MSLE Accuracy
1 0.0073 0.067 0.0048 0.54
3 0.0077 0.07 0.0041 0.67
5 0.0083 0.0643 0.0038 0.7532
7 0.0039 0.0435 0.0039 0.6481
10 0.0034 0.039 0.0011 0.5739
30 0.0032 0.0469 0.0018 0.6311
50 0.002 0.0339 0.0012 0.6243
70 0.0024 0.0394 0.001 0.5706
100 0.0015 0.0291 0.0026 0.5714
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Figure 4. Results of stock price prediction using different amount of historical data (m)
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Table 3. Model performance parameters using different number of neuron modules (n)
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128 0.0026 0.0352 0.0024 0.7817
256 0.0034 0.0503 0.0021 0.5404
512 0.0036 0.0543 0.0024 0.4340
Stock prediction Stock prediction Stock prediction
:é ® :é 13 :é 13
n=16 n=32 n=64
Stock prediction Stock prediction Stock prediction
n=128 n=256 n=512

Figure 5. Stock price prediction results using different number of neuron modules (n)
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