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Time Series Forecast of Stock Price Based on the PSO-LSSVM Predict Model

WANG Guo-jun
(Business School, University of Shanghai for Science and Technology,Shanghai 200093, China)

Abstract: Because of the nonlinear and uncertain characteristics of the financial time series, it is difficult to obtain satisfactory results by using tra-

ditional forecasting methods. This investigation proposes a method to predict the stock price time series based on the LSSVM model which uses

PSO algorithm to optimize its parameters. The PSO algorithm is used to optimize the penalty factor and kernel function parameter of LSSVM with

fast convergence speed and global convergence ability. This proposed model can improve the prediction accuracy of financial time series and has bet-

ter generalization ability when using it to predict time series of stock price in financial market compared with the traditional methods.

Key words: time series forecasting;least squares support vector machine;arima model;cross validation;particle swarm optimization
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