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Research on Stock Price Prediction Based on PCA-GARCH-LSTM Model

JIANG Min, ZHANG Chuyi, SUN Deshan
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Abstract: The {luctuations in the stock market have increasingly become a focal topic in society , making the efficient and accurate prediction
of stock prices a popular research area among scholars. To reduce computational load and improve work efficiency, dimensionality reduction
techniques are applied to stock data prior to forecasting, while also considering stock volatility. This article combines three models: Principal
Component Analysis (PCA), Generalized Autoregressive Conditional Heteroskedasticity (GARCH) , and Long Short-Term Memory (LSTM )
networks to construct a composite model for stock price prediction. To test the predictive performance of the model, this study takes the Shang-
hai Composite Index and the CSI 500 Index as examples to predict closing prices. Through comparative experiments, the RMSE, MAE, and
MAPE values of the proposed PCA-GARCH-LSTM composite model are all lower than those of other models, indicating the effectiveness of
the proposed model in prediction.
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Fig.2 Flow of the PCA-GARCH-LSTM combination model
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Fig. 3 Eigenvalues of the Shanghai composite index dataset
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Table 1 Contribution degree of corresponding eigenvalues of indica-

tors in the Shanghai composite index dataset

R1 _EIEEHER ISR X R A E STk

EEL) TIRREE Ft sz
1 0.577 44 0.577 44
2 0.201 06 0.778 50
3 0.125 46 0.903 96
4 0.090 54 0.994 50
5 0.002 54 0.997 36
6 0.000 06 0.999 90
7 0.000 02 0.999 96
8 0.000 01 0.999 98
9 0.000 01 0.999 99
10 0.000 01 1.000 00
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Fig.4 Daily return and stock volatility of the Shanghai composite in-
dex dataset
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Table 2 Prediction error values of different models and intervals in

the Shanghai composite index test set

®2 HiFEHMNKERRER AR X EHNREE

A RMSE MAE MAPE
PCA-GARCH-LSTM #7 11.10 7.10 0.24
PCA-LSTM #75 16.60 10.98 0.35
LSTM i 74 10.68 10.31 0.38
ARIMA 75 33.75 25.16 0.76
REATLAR AR AT 05 27.23 22.59 0.68
CNN 575 8.86 8.76 0.26
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Fig.5 Comparison between the true and predicted values of the
Shanghai composite index test set
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Table 3 Contribution degree of corresponding eigenvalues of CSI 500

index dataset indicators

R3 HES00 S5 EREIRIRXT R AFIEE ST

b TR FtvimkE
1 0.613 59 0.613 59
2 0.200 58 0.814 17
3 0.108 40 0.922 57
4 0.065 69 0.988 26
5 0.006 90 0.995 16
6 0.004 77 0.999 93
7 0.000 03 0.999 96
8 0.000 02 0.999 98
9 0.000 01 0.999 99
10 0.000 01 1.000 00
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Fig. 7 Daily return and stock volatility of the CSI 500 index dataset
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Table 4 Prediction error values of different models and intervals in
the CSI 500 index test set
F4 HIES00FEHNIK ERRRE AR E X B HiliREE

Ty RMSE MAE MAPE
PCA-GARCH-LSTM i1 29.57 20.42 0.40
PCA-LSTM Y 34.81 23.20 0.49
LSTM #5754 32.06 27.88 0.52
ARIMA F 71 80.00 60.14 0.94
BEATLAR AR AT )5 154.46 130.39 1.96
CNN 75 31.42 31.26 0.48
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Fig. 8 Comparison between the true and predicted value of the CSI
500 index test set
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