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Investment portfolio management based on the two-step kernel estimator
of CVaR

HUANG Jin-bo' LI Zhongfei> YAO Hai=iang’

1. School of Finance Guangdong University of Finance & Economics Guangzhou 510320 China;
2. Sun Yat-Sen Business School Sun Yat-Sen Universtiy Guangzhou 510275 China;

3. School of Finance Guangdong University of Foreign Studies Guangzhou 510006 China

Abstract: The paper first applies nonparametric kernel estimation method to estimating CVaR which is cur-
rently a popular risk measurement tool then derives a two-step kernel estimator of CVaR with distribution-free
specification. Next a two-step kernel estimator of CVaR is embed into the mean-CVaR portfolio optimization
models to derive financial risk estimation and portfolio optimization at the same time. A simple iterative algo—
rithm is designed to solve these models. Monte Carlo simulation result shows that the portfolio optimization
models and the algorithm based on the two-step kernel estimator of CVaR is feasible and effective and that the
estimated error of portfolio frontier is very small. The models and algorithm above apply to a riskfree security.

Finally an empirical analysis of daily return data from Chinese A-stock market is presented to illustrate the
application of this research.

Key words: mean-CVaR model; two-step kernel estimator; portfolio frontier; Chinese A-stock market
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Cashflownews cashflow risk and pricing of stock returns

SU Chengian' *

1. School of Finance of Guizhou University of Finance and Economics Guiyang 550025 China
2. Department of Finance jincheng College of Sichuan University Chengdu 611731 China;

Abstract: The paper derives and tests the relationship between current-period unexpected returns and unex—
pected earnings that incorporates cashflow news and cashflow risk. A new multi-~variable model based on a
three variable model is established to explain the unexpected individual stock returns. The paper estimates the
model using data for individual stocks in China’s market from 2002 to 2011. The main findings are: (i) The
result of the cashflow news derived by revisions in forecasts of future earnings is an important determinant of
cross-sectional unexpected stock returns and realized stock returns and excess stock returns; ( i) The cash—
flow risk thus derived to reflect systematic risk can explain expected stock returns; ( iji) The new multi-varia—
ble model based on the three—variable of model and considering cashflow news and cashflow risk dominates the
multi-variable model based based on the threefactor model Fama—rench and considering cashflow news and
cashflow risk in explaining excess stock returns.

Key words: expected stock returns; unexpected stock returns; cashflow news; cashflow risk



