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Abstract

The financial sector has always been highly regarded, and stock prices are influenced by various
factors, making their predictions somewhat challenging. To accurately predict stock prices and
provide useful decision support for investors and traders, this study aims to propose a stock price
prediction model based on multi-step decomposition. Firstly, the original sequence is decomposed
using Variational Mode Decomposition (VMD) and the high complexity components are recon-
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structed. Then, robust Local Mean Decomposition (RLMD) is applied for secondary decomposition,
and finally, the PSO-LSTM model is used for prediction. To verify the effectiveness of the proposed
model, the stock data was decomposed by VMD-MFE-RLMD and compared with non-decomposition,
only VMD decomposition, and traditional models such as CNN, SVR, and GRU. The results on the
Shanghai and Shenzhen 300 Index dataset showed that the prediction errors MAE, MSE, RMSE, and
MAPE of stock data decomposed by VMD-MFE-RLMD were smaller than those without decomposi-
tion and only VMD decomposition, and lower than those of traditional prediction models, improv-
ing prediction accuracy. Finally, applying this model to the Shanghai Stock Exchange 50 Index da-
taset also achieved good prediction results, once again proving that the proposed model has high-
er prediction accuracy in stock price prediction.
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Figure 1. LSTM neuron structure diagram
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Figure 2. A framework for stock price prediction based on multi-step decomposition
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Table 1. Raw data of the Shanghai and Shenzhen 300 index
= 1. PR 300 R A EiE

H 3 FAAN(TT) WA () (o) wALA () BAE = (%) A (TT)
2018-01-12 4205.14 4225.00 4227.39 4199.03 111,354,793 157,606,000,000
2018-01-15 4229.84 422524 4262.93 4216.36 170,907,896 234,987,000,000
2018-01-16 4215.62 4258.47 4260.21 4213.13 161,494,963 228,271,000,000
2024-01-10 3281.67 3277.13 3312.92 3268.25 94,199,366 159,778,000,000
2024-01-11 3275.31 3295.67 3311.11 3266.79 108,789,735 180,979,000,000
2024-01-12 3284.36 3292.89 3310.47 3279.70 68,159,762 110,710,000,000
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Figure 3. Trend chart of the closing price of the Shanghai and Shenz-
hen 300 index
3. JPIR 300 SEBUE M AVE T E
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Table 2. Descriptive statistics on the closing price of the Shanghai and Shenzhen 300 index
= 2. PR 300 SRBUAEMN IR MG
XA % /ME LA e i T 353
5807.7200 2964.8400 3983.375 4129.8831 593.8921 0.4878 -0.5331
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Figure 4. Dataset construction
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Figure 5. VMD decomposition chart of the closing price of the CSI 300 index
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Table 3. Fuzzy entropy values of each component

* 3 BNERMGE
T IMF1 IMF2 IMF3 IMF4 IMF5 IMF6 IMF7 IMF8 Res

TR (A 3.0036 2.9757 2.6617 2.6482 2.5812 2.3503 2.1019 25311 1.9408

Multi-scale Fuzzy Entropy for IMF Components
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Figure 6. Line chart of fuzzy entropy values for each component

6. BN EEMEERTZE

£ 5000
2 4000

3000 T T T T
0 200 400 600 800 1000 1200 1400

5000

& 4000 A

0 200 400 600 800 1000 1200 1400

250
& 0
&
=250

0 200 400 600 800 1000 1200 1400

p WW\/\MVV\/\/\M\H\/\AM/\N\

0 200 400 600 800 1000 1200 1400

PF3
o

Figure 7. RLMD decomposition diagram of high complexity data
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Figure 8. Trend chart of PSO-LSTM prediction without decomposition
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Figure 9. Trend chart of PSO-LSTM prediction under one decomposition
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Figure 10. Trend chart of PSO-LSTM prediction under quadratic decomposition
B 10. Z)R4 8T PSO-LSTM Fi#a % &l

DOI: 10.12677/aam.2024.137334 3497 I3RS


https://doi.org/10.12677/aam.2024.137334

it
3h

ROMBRTS . — IR IR . ZIRDFRIRAS T PSO-LSTM Tl &5 B ks B an 1% 8~10 P, MK
HHR] LA 4 R A 3 R TR 45 S (KA 34 R b — YR RN AR oy R () Fa A R BB 5 JR AR IR R 2 1), B
RENS 78 43 Hb St B ZE A0 A% RO AR b B AR IR S

Table 4. Evaluation results of predictive indicators for different decomposition times of the closing price of the Shanghai
and Shenzhen 300 index

R 4. PR 300 FEHWEN TR S R TUNERIFN SR

Name of the model MAE MSE RMSE MAPE (%)
LSTM 73.225 6718.6057 81.9671 1.9098
PSO-LSTM 40.187 2284.4309 47.7957 1.0489
VMD-PSO-LSTM 14.9198 324.7969 18.0221 0.386
VMD-MFE-RLMD-PSO-LSTM 13.8424 301.1527 17.3538 0.3596

PSO-LSTM M&AUAE IRl — RO RO RSFAT N IR WK 4, BRI R 46 7 41 ok
2R L1 PSO AL 5 i LSTM BEAT T, H: MAE .MSE.RMSE.MAPE 4} %l 40.1870%. 2284.4309%.
47.7957%- 1.0489%; J5 /7 5114 VMD — IR 43t Je B\ PSO AR ALJG 11 LSTM #%, . MAE. MSE. RMSE.
MAPE A 14.9198%. 324.7969%. 18.0221%. 0.3860%, KT JE4f A4 BT PSO-LSTM Tl 145
R 514 VMD-MFE-RLMD k4 i#f5, H MAE. MSE. RMSE. MAPE A 13.8424%. 301.1527%.
17.3538%-. 0.3596%, Tk R (e bR VAT 35 bk B 823E4T PSO-LSTM Tl 34T VMD 43 fifk f5 T 1 45
AR — IR RRAHE T R4 f#, MAE. MSE. RMSE. MAPE R[4 T 0.687%. 0.8578%. 0.629%. 0.6320%;
TR A RS, MAE. MSE. RMSE. MAPE FF& 7 0.0722%, 0.0728%, 0.0371%, 0.0684%,
RIS SCHE R IR G A B S AN A OO AR A T — IR o R AN A 23 il SEORE Hff 000 T B 1y

4.5. FAMREIRIEE
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Figure 11. Comparison of Shanghai and Shenzhen 300 index prediction models
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Table 5. Evaluation results of closing price prediction indicators for the Shanghai and Shenzhen 300 index
2 5. PR 300 B AN TUNEFRITAN AR

Name of the model MAE MSE RMSE MAPE (%)
CNN 61.8241 5645.5208 75.1367 1.5762
SVR 36.4257 2215.2301 47.0662 0.9365
GRU 39.8883 2272.3678 47.6694 1.0367
LSTM 73.225 6718.6057 81.9671 1.9098
PSO-LSTM 40.187 2284.4309 47.7957 1.0489
VMD-PSO-LSTM 14.9198 324.7969 18.0221 0.386
VMD-MFE-RLMD-PSO-LSTM 13.8424 301.1527 17.3538 0.3596

ASCHEH A VMD-MFE-RLMD-PSO-LSTM S5 & G RUAHEL, Tillli% % MAE. MSE. RMSE.
MAPE 3% 4% S8 TR A G BT R AIC . Bk id, AHECT CNN. SVR Al GRU %!, MAE. MSE. RMSE.
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Figure 12. Comparison of Shanghai stock exchange 50 index prediction models
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Table 6. Evaluation results of Shanghai Stock Exchange 50 index closing price prediction indicators
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Name of the model MAE MSE RMSE MAPE (%)
CNN 24.7766 964.8563 31.0621 0.9686
SVR 33.9531 1925.6568 43.8823 1.3363
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Bk
GRU 31.5788 1533.4463 39.1592 1.223
LSTM 39.3423 2017.5263 44.9169 1.5231
PSO-LSTM 25.2109 1063.7934 32.6158 0.9723
VMD-PSO-LSTM 14.2038 283.4887 16.8371 0.5578
VMD-MFE-RLMD-PSO-LSTM 9.1034 130.4607 11.4219 0.3505
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