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NASDAQ Composite Index Prediction Based on Fourier Transform and ARMA Model

WANG Wen-ying, LI Xing-ye
(Business School, University of Shanghai for Science and Technology,Shanghai 200093, China)

Abstract: Because of the non—linearity and strong stochastic volatility of financial time series, the interval forecasting method which combines
Fourier transform with ARMA model is proposed. Through the distribution of spectral density, signal —noise ratio (SNR) and variance, the multi
—cycle trend of time series is achieved. The research indicates that the residual series of this kind trend is suitable for ARMA model. The forecas-
ting method is applied to the daily close data of NASDAQ Composite Index during from 28" November, 2012 to 21™ July, 2015, and the result
shows that the best trend of the series is added by two periodic series. The ideal result of interval forecast is achieved by applying ARMA model to
the residual series.

Key words: Fourier transform; ARMA model; SNR; period extension
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Financial Asset Pricing Model Based on Psychological Deviation

LI Fei-fei

(Economy and Management Department, Yuncheng College, Yuncheng Shanxi 044000, China)

Abstract ; The pricing of financial assets has always been the focus of finance. The traditional asset pricing model is based on the analysis of the in-
fluence factors of the basic economic level, without considering the psychological factors of the investors. In recent years, more and more attention
has been paid to behavioral finance, more and more researchers will pay attention to the investors psychological investment. In view of this, this
article from the investor psychology point of view, The influence of the deviation of cognitive, emotional and volitional process on asset pricing in
the process of investment, and constructs the theoretical model of financial asset pricing based on psychological deviation.

Key words: cognitive bias;emotional bias;will bias;asset pricing
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