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Abstract

Stock price prediction has always been a challenging field for researchers. However, existing deep
learning based prediction methods cannot achieve uniform and excellent results in predicting
stock indices of different countries. Therefore, this article proposes a new model called CEEMDAN-
PSO-LSTM to predict the closing prices of stock indices in multiple countries. Firstly, we use the
complete ensemble empirical mode decomposition of adaptive noise (CEEMDAN) method to de-
compose the original stock index closing price sequence into multiple intrinsic mode functions
(IMF). Then, the obtained IMF models are predicted by using the particle swarm optimization
(PSO) algorithm to optimize the hyperparameters of the Long Short-Term Memory Network (LSTM).
Finally, the prediction results of each IMF are summed to obtain the prediction results of the orig-
inal closing price series. To verify the feasibility of the proposed method, we compared it with four
models: LSTM, PSO-LSTM, EMD-LSTM, and CEEMDAN-LSTM, and selected five representative stock
indices from different countries as the dataset. The experiments of each model on various datasets
show that the proposed method performs better than the other four models, indicating that the
proposed method has excellent feasibility and universality.
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Figure 1. Price of the stock prediction process of CEEMDAN-PSO-LSTM combined model
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Table 1. The region and period of the dataset
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Figure 2. MAPE of different look_back for different datasets
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Table 2. The parameters settings of PSO algorithms
= 2. PSO HEMBHIRE

ZH Hfy
w 0.8
. 0.3
r 0.2
Cy 2
[ 2
d 3
N 2
batch_size [0, 50]
learning_rate [0.001, 0.01]
neurons [30, 300]
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CEEMDAN-PSO-LSTM #6% , ASCJE 2250 #7E 7% 3 S E T 5E ko

Table 3. The value of parameters of each method
= 3. TRIAZENSHIE

Jii: RS BIERE ¥2FE Dropout  MZ . RN MRALE BRI
LSTM 200 6 0.01 0.1 150 16 Adam MSE
EMD-LSTM 200 15 0.001 0.1 200 15 Adam MSE
CEEMDAN-LSTM 200 10 0.001 0.2 150 22 Adam MSE
PSO-LSTM 200 6 0.00448 0.1 213 18 Adam MSE
Proposed 200 6 0.00448 0.1 213 18 Adam MSE
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Table 4. Prediction results of all comparison methods for five stock indices
4. ARG AN I X RERBMNTUNLER

EiE T3 RMSE MAE MAPE R? CPU_TIME
LSTM 49.42934 35.31324 0.011873 0.96442 23.1411
EMD-LSTM 23.95438 18.13328 0.005658 0.99013 223.3267
SSEC CEEMDAN-LSTM 22.28871 17.04217 0.005321 0.99117 251.4321
PSO-LSTM 37.32633 28.67844 0.008327 0.98231 87.2213
Proposed 19.8797 15.97543 0.004864 0.99265 312.2543
LSTM 81.26213 61.74108 0.016926 0.98123 24.8193
EMD-LSTM 42.55853 36.1823 0.009753 0.98923 210.2357
S&P500  CEEMDAN-LSTM 38.19496 30.15249 0.008044 0.99133 224.3283
PSO-LSTM 56.5458 43.5343 0.011476 0.98332 86.2342
Proposed 29.68454 23.67231 0.005786 0.99469 340.2357
LSTM 104.35234 69.87963 0.010234 0.96587 29.5431
EMD-LSTM 57.52134 45.23177 0.006992 0.98942 221.8734
FTSE CEEMDAN-LSTM 52.41531 38.58732 0.005913 0.99123 241.3278
PSO-LSTM 85.87344 56.34467 0.008754 0.98153 92.2211
Proposed 46.6532 32.53211 0.004776 0.99321 322.3211
LSTM 490..01216 357.3127 0.014324 0.97535 30.4321
EMD-LSTM 24163233 186.28561 0.007233 0.99113 287.3124
N225 CEEMDAN-LSTM 188.62348 147.78641 0.005864 0.99225 333.7655
PSO-LSTM 348.58122 269.38194 0.010947 0.98543 93.3532
Proposed 167.06532 131.31241 0.004611 0.99523 418.7983
LSTM 232.01216 165.22418 0.012901 0.97533 30.6483
EMD-LSTM 152.60336 126.33213 0.009394 0.98978 221.2357
DAX CEEMDAN-LSTM 124.58732 91.52134 0.006912 0.99134 236.6912
PSO-LSTM 197.34513 135.26432 0.010557 0.98175 86.2312
Proposed 101.54321 79.89764 0.005321 0.99404 347.1238
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Figure 3. The close price and prediction of SSEC of proposed algorithm
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Figure 4. The close price and prediction of S&P500 of proposed algorithm
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Figure 5. Radar chart of R? in this experiment
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