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Stock price prediction based on hybrid preprocessing neural network model

Ll Jianlei, SHI Weikang

School of Mathematics and Statistics, North China University of Water Resources and Electric Power,
Zhengzhou 450046, China

Abstract: In the field of stock price prediction, there often exists complex interrelationships among
multiple variables in multivariate time series, simultaneously influenced by various factors, which
increases the difficulty of accurate prediction. To address this challenge, we propose an innovative
hybrid preprocessing technique. Firstly, we utilize Empirical Wavelet Transform (EWT) to
simultaneously extract the low-frequency and high-frequency components of time series.
Subsequently, we introduce Dynamic Time Warping (DTW ) and Differential Dynamic Time Warping
(DDTW) to measure the similarity between different components, effectively identifying correlated
patterns and similarities in stock price time series. In further analysis, we employ a sliding window
approach for high-frequency components and conduct Principal Component Analysis (PCA) , while
directly applying PCA to low-frequency components. Finally, we apply these methods to multiple
neural network prediction models and observe significant improvements in model performance and
prediction accuracy.
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