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An improved IPSO-BP neural network in stock market index forecasting
— A case study of Shanghai Composite Index
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Abstract: For the stock data has the characteristics of large scale, complex structure, multi-noise and highly
fuzzy nonlinearity, resulting in the forecast for the stock index has been a difficult problem. This paper uses an
Back Propagation Neural Network Optimized by an Improved Particle Swarm algorithm (Dynamic the Fixed
Inertia Factor) to establishe a forecasting model based on the historical closing price, the lowest price, the
highest price, the trading volume, the turnover, the rising price as the input variable and the daily opening
price as the output variable. Using MATLAB software to predict the Shanghai Composite Index (opening
price) from Jan. 4, 2007 to Aug. 31, 2015, and the results of BP Neural Network Optimized before and after
was compared and analyzed in terms of absolute error and relative error. It is concluded that the BP Neural
Network Optimized by the IPSO algorithm has a better effect on the future stock price trend judgment and in-
dex forecasting.
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