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1
Table 1 The statistics of single stock and two portfolios logarithmic yield sequences
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MV SV
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3.2.2 SV MCMC
3 Sv MCMC
Table 3 MCMC Bayesian estimation of SV model for each asset
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4 10
4 sV MCMC
Table 4 Comparison of MCMC Bayesian estimation results of SV model in different number portfolios
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Fig. 3 Comparison of distribution of risk contribution rate for “10 stocks” portfolio ( based on multiple repeated sampling)
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Fig. 4 Comparison of effective entropy NENB for “10 stocks” portfolio ( based on multiple repeated sampling) : sorting ( left) and descending order ( right)
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Fig .5 Comparison of distribution of risk contribution rate for “15 stocks” portfolio ( based on multiple repeated sampling)
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Fig. 6 Comparison of effective entropy NENB for “15 stocks” portfolio ( based on multiple repeated sampling) : Sorting ( left) and descending order ( right)
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Fig. 7 Comparison of distribution of risk contribution rate for “20 stocks” portfolio ( based on multiple repeated sampling)
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Fig .8 Comparison of effective entropy NENB for “20 stocks” portfolio ( based on multiple repeated sampling) : Sorting ( left) and descending order ( right)
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Optimal portfolio and diversification based on persistent volatility

LIU Haiei LI Xin-dan™ BAI Wei ZHOU Mingie
School of Management and Engineering Nanjing University Nanjing 210093 China

Abstract: Building an appropriate portfolio to reduce risk is an important goal of portfolio theory. Since the
volatility of financial time series tends to be persistent this characteristic affects the risk of a portfolio” s future
returns. This paper constructs an optimal portfolio model with persistent financial asset volatility to reduce the
future fluctuation of portfolio returns. By studying the diversification level the effectiveness of this way of con—
structing investment portfolio is investigated. Compared with the mean variance model our optimal portfolio
model of the sequence persistence is better in risk diversification. This study has more important theoretical
and practical values in asset portfolio selection.

Key words: SV model; MCMC estimation; persistence portfolio; risk diversification



